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Abstract

This thesis presents three studies in Credit Risk Modelling. The first two studies are
exploratory in nature. They investigate whether structural models can be used to price
sovereign debt and obtain a creditworthiness variable for countries. In the first study, we test
the ability of an extended structural model proposed by Cathead and El-Jahel (2003) to
capture the dynamics of the Mexican Brady Par. Using market prices and a Kalman Filter
methodology, we estimate the model and obtain the distance-to-default, which is an implicit
variable that drives the country’s creditworthiness. The model is slightly superior to one
which assumes that the distance-to-default follows a random walk. We find that
approximately 80% of the distance-to-default can be explained by just a few economic
factors. When this variable is approximated from these factors and substituted back into the
models, the Cathead and El-Jahel model still pedorms better than the naive model both in

sample and out-of sample, albeit only by a small margin.

The second study extends the above analysis and investigates the dynamics and co-
movements of the distance-to-default across different countries, specifically: Argentina,
Brazil, Mexico and Venezuela. We find that a few country fundamental variables, and
external variables, including a variable that measures market sentiment, are able to explain
up to approximately 80% of the distance-to-default of each country. Although country-
specific factors are statistically significant in explaining the distance-to-default, external
factors (such as the US stock market index, interest rates and market interdependence

across countries) are much more impodant in explaining the dynamics of this variable.

The last study makes a comparison between two Credit Podfolio Risk Models: CreditMetrics
versus CreditRisk+. The paper builds on work done by Koyluoglu and Hickman (1998), but
we make a significant extension by assessing the impact of migration risk on credit-risk. We
make a very careful comparison of Credit-Value-at-Risk for the two models using Monte
Carlo techniques on standardised podfolios of bonds. The conclusion is that for regulators,
which model is used matters very little. This is because regulators are concerned with
extreme values, and loss distributions of both models capture information about defaults at
very high confidence levels. However, for internal purposes, where rating migrations matter

more than default, CreditMetrics can generate higher estimates of risk.



Chapter 1.

General Introduction

Abstract of Chapter 1

This chapter sits the context of the research by discussing briefly the importance
of research on Credit Risk Modelling. We then present the objectives and the

main contributions of the whole thesis.



CHAPTER I GENERAL INTRORDLCTIONW

1.1. Risk Management

The importance of Risk Managemen! has become increasingly evident withim the
context of evolution and globalisation of financial markets, With mare open and
deregulated markels, new products and services have been developed. Competition
amory inlermediaries has ncreased and mora inveslors have access to markets. All
thesa changes in the industry have generated new lypes of risks and stimulated tha

devalopment of naw ways 1o manags risks.

In racent histary, aconomic and financial erises have cost billions of dollars to both
governments and the privale sector. Examples of such crises are the Great
Deprasgion in the sarly 308, the crash of the stock markets n the BO0's, tha
disntegration of the European Monetary System in the eady 9 5, the Asian crisis af
1597 and the Ruasian crsis of 1993, During these crises, investors experienced
ingreasing wolatilily in economic and financial variables. They suffered dramatic
lnsses due 1o adverse changes in exchange rates, stock and bond prices. One lesson
of all these crises has been that market paricipants shoukd be equipped with the

proper tools for measuring and managing rlsks.

For a practiticnsr the concapd of Rk Management should be undarstood as a
process or 28 ol aclivikas whose main obj@ctive 15 e mMeasurg risks in ordar o
moniler and control them [Bessis, 1928). The risk management process should be

Laan a8 an integral procass hal considers saweral activilias:

1) The identiflcation of reks. For exampls, a partfelio cormpasad of corporabe bonds

can be exposed to changaes in the rsksfrea Inlarest rale or changaes in tha
horrower's credit quality.

2) The pricing of securitieg, that takes account of the fact that their value Is affected

by changes in the identified risk faciors,

3) The measurerment of risk or quantification of ksses due to changes in risk factars,
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4% The godministration of risks, which consists of menitoring and coniralling risks thatl
could potentially cause losses, For example, to reduce the interest rate risk in a
portiallo, rlsk managers may deckde either to hedge the pedfalio by using short
positions In bonds or derlvatives, or simply 10 reduce thelr exposure to specific

Gaclritioes,

In Ikis thasis wa are paiculardly inberastad in pricing and measuring risks 0 sacuritles
subpact to cradil risk. Efficiant risk managemsnt can give compalifive advanlagas to
the firm or bank, by improving its decision-making procass and oplimising capital
allocation. This is because risk managemant can provide a global overview of

poientizl loseas and aliow cormective maasuras to be taken in order to diminish tham,

1.2. The Importance of Credit Risk Modelling

In the analyais of financial risks, we can convenfionally identify three major groups;
markat risk, credit gk and liquidity risk. Most fiterature has been focused on the first
two types ol risks, with liguidity risk becoming & topic of more active research only
recently. Tradiionally, research on these types of risks has been camed out
separately: although they seem o be very closely rolated, their joint modalling still

represents a major academic challenge.,

Credit risk has npically been defined as the risk that a borower, [sswar ar
counterparty might default on its promised cbligations . Sonsequantly, many credit
sk modcls consider detaulf nsk as the only credi nisk factor thal can cause kbosses.
However, the defintion of credit risk has long been a matter under discussion. A widar
aefintion considers that credit risk s the risk that the security halder will mol realise
the expected value of the security owing to & deterioration in the credit guallty of the

borrowear, issuar or counterparly (Caguette, et al, 1998). In this case, “deteroration

Vin thie Risk Managarmenl lilemature, counterparties in a contract, loan borroware or laswera of zecuniles
ara named "obligars”. Hara, we will rafer io them s borrowears, whilch 1& Ehe rost comern b,
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does not necessarnly imply default, bu! any increasa in tha bormowesrs dafaull
probakbility, This type of credit risk is known as migration risk and tha probabilitiss
associaied with changes from one credit quality to another are called fransition

probabilities or migration rates,

Cradit risk is cne of the most important gquantifiable risks to which fimancial instiutions
ane exposed. In practce, any transaction in the market involves credit rsk, Any
sacurity not isued by the government has delault risk”. Alse, any transaction carried
oul in OTC markets, such as transactions with swaps or forwards, invelves cradit risk.
Only in markets swuch as fulures or oplions can credit risk be eliminated, through the
intervention of agents called "Clearinghouses®™. These act as ithe inwvestors'

counterparties ard have rero defalt risk.

Credit derivatives hawve been infroduced in the marke! to reduce or transfar credit
risks. This market is growing rapidly and the growih is expected 1o continue, These
instruments have become very popular because they prowvide & unigue and effectve
ol for hedging and controlling credil dsk, Consequently, credt risk maodeling and the
pricing of not just credit derivatives bl alse other simpler securities such as corporate
bords and swaps, has bacoma an area of intonsa research. 115 increasing importancs
for belh academics and praclilioness may ba atlribuled not only e tha succass of

cradit derivatives, but alsa to the valatility and complexity of the financial markets.

Financial Authorifies have also boosted research an credit risk modelling. In 1985,
The Besle Committes™ agreed to establish similar supervisory regulations govemning
tha capial adaguacy of international banke. This put in place the firsl Quidslines to
datermine regulalony capifal in lems of banking credit exposures. Subsequantly, "Tha
1926 Amendmeant” sxlsndad the rules to include marked risks. Tha Basle regulations

ware widely criticlsed by the banking industry. One of the main criticisms was that

“ In practice, many govemments are considersd non-default free,
! The Basle Commitiea is an entity formed by eemwor officials from Central Benks of 10 developed
coUneries.
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they did nat account for diversificalion effacts in the calculation of risk exposuras. This
silvation motivated banks to leok for effective ways of estimating risk exposures and

calculating regulatory capitals,

In January 1958, “The 1996 Amendment” was formallsed. Regulalors realised that
many banks had developed sophisiicated risk management systems and were
implamanting mora complex sk moasurement modals 1o estimate market risk,
Rogulators caclared Valus-at-Risk (VaR} Lo be the ollicial methodology for assessing
markal risk exposures in banks. They also allowed banks 1o mplament thair own

irlarnal markeal WaR melhodologies, subjsdcl lo propar Suparvissan,

in addition, avihorities have put pressure an banks to measure cradit risks and o
keep risk exposures al an acceptable leval. Consequently, banks have developed
geveral tools for measuring and controlling credit risk. For example, in 1997, JP
Morgan released Credibdetics, the first publicly available model for measuring and
managing parifclio default risk. Finally, the Mew Basle Accord released recently will
allew banks fo implement their own credit methedologies subject 1o supervisory

review, This will encourage further research in the area.

1.3. Research Objectives and

Contribution of the Thesis

This research has two main objectves: firsthy, to investigate the applicaton o
structural models to price sovereign debt and anabyse the determinants of the
dislanca-io-default for countries; and secandly, to understand the differences between
he performancs of two cradit portfalio madels in measuring Valug-at-Risk n portfolios

subjetl 1o cradit risk.
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In oroar 1o (il hase objeclives, the cora of 1ha research consisls ol hree sludias.
Each of them can be sesn as an indepencant paper, although they are closely

related.

The cbjectives of the lirst sludy are threafold. Firstly, we examine § prices using an
extended struciural model, suitably adapied, are consistent with market prices of the
Mexican Brady Bond over a seven-year period. We use the model proposed by
Cathcart and El-Jakel (2003), which incorporates both & hazard rate and conventional
structural festures. Secondly, we compare the in-sample performance of this modal
with & Mave Struciural Medel that assumes that the probablity of defauit i any future
period is constart, conditional on no default having cocurred vat, Thirdly, we axplore
the economic determinants of the distance-to-default of the counfry implied by the
medels and 1est their ability to Bl marked prices in-sample and forecast prices out-of-

sarmple.

We beligve that this chapter coniributes io the current literature in aeveral ways.
Firatly, most of the litarature on testing structural or reduced form models is focused
an high-grade bards with investment rafings, Also, very little work has been done on
Iha uza of structural medels to price sovereign bonds, Hare we make an exparimanial
analysis to tesl the performance of a structural model to price non-invastment grada
sovaraign debt, Secondly, a8 far as we are aware, the Cathcan and El-Jahal (2003)
madal has not bean tesied empincally before, either for companies of countrias. One
of the major problems in using structural medels 1 price socveraign dabt i@ the
definition of both the solvency variable and the barrer beyond which default wil
pocur. In this siudy, we eatimale them as & “latent varable”™ This & our third
contribution, using =even year of market bond prices and a Kalman Filter
methodalegy we are able to exfract & latent wariable wheh orives tha counleys
creditwonhiness and can be interpreted as the disterce-to-defaolt, Finally, we arne

able to kenlily a set of economic and financial fundamentals that determing the



CHAPTER I GENERAL INTRODUCTION

dynamics of the distance-to-dafaull. TRerefors wa show 1hal struciural modaels can

hielp ws 1o undarsiand e dedarminanis of cradi risk Tor eountriss.

Iri thia study we find that tha Cathcart snd El-dahal maodel sseme ta fit the data slightly
bedier than tha Maive Model, though the hezard rate feaiure in the model makes na
cantribution o explaining the bond pricea, The distance-to-default iz closely related to
& set of geconomic variables, including the Mexican stock-market level, exchange rate
and the level and slope of the risk-free term struciure, We also find that an increase In
nterest rates causes spreads 1o fall, conslstent with the literalure on corporate bonds.
Driving the mocdkel forward with these economic variabdes, the CEJ model performe
slightly betler out-cf-sample than he Maive Modal. This suggests thal struciural
modas can explain prices (and spreads) for sovereign bands, although it remaing o
ba zean whelher the sama economic variables as in Mexico determine the distance-

to=default in athar counlriss.

The pravious analysis is extanded in the second study of the thesis. Here we explore
the detarminants of tha distance-to-default for g set of emerging countrices, axplicith:
Argantina, Erazil, Mexico and Venezuela, In paticular, cur cbjective is o irvesligale
the extert 1o which variations in the distance-to-defaull can be attributed o Shanges
in commaon factors across countries, leading 1o contagion ellects. Meer studies have
anablysed confagion using credit spreads o bond returns. Hare we sxplore cradit co-
movements ysing the distance-ic-cefault of countries. We are able 1o explain up to
approximately 0% of the varance of the distance-1o-defaull of each country, using 8
gmall se1 of country fundamontal variables and external factors, including 8 variable
that measures market sertiment. We find thal whereas country spacific factors are
statistically significant in explaning the distance-to-default, global factors {such as tha
US stock market, interest ratea and marke! interdependence across countrias) ara

mweh more important inaxplaining the dynamics of this varable,
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The analysis of the joint behaviour of sovereign credit rsk is vital for pricing and
portfalio vaeluation. n the one hand we find that aysiematic faciors play a wery
important role in determining the distarce-to-default of these counires. Existing
pricing models, specifically structural models, predict thal firm-specific or couniry-
specific factors should play more mporiant rele than systematic factors, Theredore gur
results seam to highlight the importance of further research on pricing models that
acknowladges the empincal fact, On the othaer hard. the 1act that credit risks in bond
markeis have an important non-diversifiable component has important im plications for

the nsk management of portlolios and the regulation of financial institulions.

in the above two studies, we have oblained and investigated the content of a
measura of credilworthiness implicit in the market prices of sovergign bonds, the
distanca-to-dedzult. This approach has been discussed by Clagsaens ard Penacchi
118996y and Gumby and Evans {1995], Arderson and Renzuit (1999}, They froatod
creditworthiness as an unobservable vanable that fellows a specific process. in the
context of structural models this variable can be considered as a tunction of the firm's
assat value. In the ca3e of A country, this can be any set ol economic and financial
varighles driving it credit behaviour. There ame Iwo main advanlages of frying to
idanfity the content of the distance-to-defaull as 4 measure of creditworthiness over
trying 1o explain credit ratings or credit spreads. Firstly, such a measure car ba sesn
a8 8 credit rating index in cortinueus time. Secomndly, thera s a podaniial application of
such a measurg within the confext of structural models. Follewing Hull and White
[2001) and Avellaneda (2001}, default correlation can be modalled by corralating the
distances-to-default for different companies or eouniries. Furthermars, knowing the
components of the distance-to-default may help 10 eslimale the degree of such

corelations. This i relevant for portollo credi! risk and pricing of cradil darivatives.

The abjaciive of the third and final study is 1o compane two cradit portlolio moedeals. We
investigate the differences between two popular credit risk managemeant modals! JP

Morgan's “CreditMelrics™ versus "CreditRisk+" of Credil Suisse Financial Products. at
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firsl sighl, the models appear vary diffarant, as they raly on diferent dedinitions of
credit nsk. CredilRisk+ assumes thal only borrowers’ defacll can causs losses,
wherepa Creditdeinics inpludes any detericratian in cradit ratings of borrawars. Qther
studies have compared both models by fecusing on the risk of defeult, whereas our
comparigon incorporates both the risk af defsutt and the risk which arisea from

changes in credit ratings.

In this study we build on work done by Kovluoglu and Hickman [1928] and make a
sysiematic companson of Credit-Value-at-Risk {CVaR) for the two models. We saet up
a commaon mathematical framework 1o compare the kss distributions and uses Monts
Cano techniques 1o implement both medels in bwo simulaled band pertfolios. One with
Righ-credit quality and the other with low-credit quality. We then examing the
sansilivily of CvaR to changes in paramatars. The analyvsis is restricled 1o 8 ana-year

time horizaon.

This chapter contributes to the existing literature in fwo respects. Firstly, we explore
the similarities and differences between wo classical models in the lilerature, which
arg based on different definitions of credit risk, In other words, we compare a Default
Model ve & Credit Rating Model, Secondly, we investigate the implications on sk
managemert and capital adequacy requirements when these models are used 1o
cakzulate CVaR. In particular, we assess the mpact of migration sk an CVaR and
igentify portfolios for which migratlon risk is relevant, in order to determine the

differences of CVaH balwaan the models.,

We fird that for both types of porifolio (fow- and high-qualily} most of the differsnces
in CvaR between the models are due 1 the undarlying assumplions of the
distribution of delault. Howewer, for high-quality poriiollos and low confidance intarnals
of G¥af, the omission ol migration rigk is also significant im explaining the differences
betwean the modsls. These results have important implications for the calculation of

capital requirgmanis, since choosing belween CreditMetrice and CrediRisk+ zeems
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to be irrelavant. Al tha axlrems lails of e loss distribulion, infarrmalion aboul dafaull
is captured by either of 1he two modsls. Howsaver, for infernal purpossas, such as tha
patimation of reserves, where rating migralions matter more  than  default,

Credithtetrics may be a better approach.

We believe that the resulta of all three papers will give a better understanding of the
performance of some credit pricing models and portfolio models, Futhermore, we
believe that the results could have important implicatons for pricing, hedging and risk

managemeni.

1.4. Organisation of the Thesis

The rest of the thesls s organlsed as follows: The second chapler presents a general
averylew of the theoratical and empirical literalure o Credit Risk Modelling. Tha mors
specitic iteratura ralalsd o aach of the three studiss considared in the thesis will be
discussed saparalaly in e fallowing chapters. Tha third chapter invastigates whether
siructural rmodals can price sovereign debt, and the determinanis of the distance-to-
dedaull for eouniries. The fourth chapter studies credit co-movaments across a
sample of countries. The fifth chepter presents a comparison between two credit
portlolic models: CreditMetrics versus CraditRisk+. Conclusions and further reseanch

ragarding each study are glsg discussed separately in each o the above chapters,

10



Chapter 2.

A Survey on Credit Risk Modelling

Abstract of Chapter 2

This chapter presents an overview of the literature on Credit Risk Modelling.
Literature which is specific to each of the three studies in chapter 3 to 5 will be
covered in greater detail there. Research in this area has been developed in

two broad streams: Pricing and Risk Management.

The first stream is purely focused on the pricing of individual securities subject
to default risk. Within this stream models are classified into two major types of
approaches: the Structural Approach and the Reduced Form Approach. Here,

we summarise both theoretical and empirical research in this area.

The second stream of research is focused on risk management and its main
objective is to determine the potential losses of a portfolio subject to changes
in credit risk factors. These models are known as Portfolio Models and are
based on a Value-at-Risk framework.

We conclude this survey with a brief discussion of directions for future

research.
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2.1. Introduction

In the last cecade, credit risk modeling has become one of the major research fieids in
financial econcmics, Research in this area has been developed across two seoarate
streams. The first stream Is focused on credit pricing madels or the pricing of individual
socurilies subject to cefaull risk. The second siream is focused on credid risk
manzgamant modals. Resaarch in this stream ries 1o answer questions such as: What
is tha dedaull prabability af the borrowar? What is the pretahbility thal the bosrowwar will
default in a specific period? How much is a portfalia *likely” 10 loose when credil rigk
factors move adversely? The importance of these madels lies in their application 1o the
calculation of hedging, assessing petential lnsses in a portfalio and quantihing capital

adequacy requirements,

In the first stream, Credit Pricing Madels have been developed along two major linos:

the Structural Approach and the Aeduced Form Acoroach. Undear Strectural Modeks

there is a latent variable which captures the firm's fundamenials and consagquearndy
drives the cefault behaviour of the firm. This approach has ils origing in Merton{1974)'s
corporate dedt prcing mosal. He inlroduced a conlinganl-claim approach to valuing
corporata debt using aption pricing theary. His anabysis has baen astendad in several
wiays, by relaxing assumplons or adding more featurea 1o his simple fremework, The

Baducad Farm Abprosach asswemes ihat default is driven by an exogenous variahle and

ooours as a surprisa. Though initially maodels from this epproach leck any economic
link with the firm's fundementals, they ofler the advantage of being mathematically
more ractable and lesa restrictive than Structural Models, From the thegretical point of
g, Saweral medals have bean daveloped to price corporata debt. Howewer, iram the
omplrical side, lithe work has been dona an filting, tesfing and comparing auch models,
Amang the reasons for this are the complexity of Ihae modals and the lack of sulliciant

data 1o estimate the parameters.

12
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Within the sacond stream of research, Credit Risk Management Macels, we will briefly
discuss an “old generalion” of modals which are mamly fecused on the qualitative
assessment of credil risk. Sauwnders (1393) calls them Traditional Modeks. These
mpdels wse qualilative and statistical techniques io datermine the credil qualilty of

norrowers or their probability of defaul:. & popular modal of this ganeration ia tha Z-

Score of Altman et al. (1977]. A new generation of models comprizes Portfolio Models
which can be sean &z an epplication of pricing models, which are focused on the
quantifization af fak in credit porfolios, They are based an the concept of Value-at-
Risk (VaR). Their cbjective is o estimate the potential losses in a porficlio due to credit
events, such as defaull or rating changes. A kev feature of these models is the way
defsult correlation is modelled, so the poetfolio's distribution of losses can be

ganarated.

This chapter |5 arganisad as tollows. Seclion 2.2 dgiscussas he lileralure ralated o
cradit pricing models. The Siructural Approach and Reduced Form Approach are
disoussed. Secliorn 2.3 prasents the risk management framawork to eslimale credit
rigk. Traditional Medele and the Porfolio Models are reviewed briglly. Seclion 2.4

presents the conclusiona and further ressarch.

2.2. Credit Pricing Models

For pricing risky dabl, thres variables are central in ihe construction of models: 1) the
prabability fhal the issuer will default, 2) the risk-free interest rate, and 3) the recovery
rale. Ir general, each of these variables can be modelled az a detemministic varighle ar

a5 a diffusion process.

The maln focuz of the models s he detamilnation of the probability of detault and the
conditions under which it occurs. In this sense, two differsnt approachas have been
developed: The Structural Approach and the Reduced Form Aporoach. Regarding the

rick-iree interest raie, this can be assumed detarministic of stochastic. The macovary

13
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rate is usually considered deterministic and is modelled as a fraction of the debt's face
valuo or of the market value of & default-free security, This variable can be the most
difficult 1o maookel duo e lack of theoratical and empirical research. For exampla, undar
fimamcial disress, the firm can awoid bankrupley by implementincg a financial
restructuring. In addition, bonds isswad by the sama or similar borrowears can have a
different recovary rata. Empirical literature on this issue is still sparse: see for axample

Altran and Kishore {1988), and Carly and Lisharman {1985).

2.2.1. Structural Approach

This approach has its oflgin In the option pricing theary of Black and Scholas {1973).
Marton (197 4) uses thal theory o value a risky band. The key point of thoae papers iz
thal equity and debl can be sean a5 denvatives an the firn's ss3st valye. The fim's
assal valug is the variable driving all the dynamica of securities prices issued by the

lirrn, including defaui.

It Maran’s simple framework, default can be friggered onfy at maturity and whan the
firm's assats fall balow the value of the delt, Let Wity be the value of tha lirm's assets
at tima 1. The debt of the firm consists of a single-zero cowpon bond kal pays an
amount B at maturity. The dynamics of the fimn value V depends on its growth rate,
volalility and future payouts. Specifically the value of the firm follows the process:

dy = p\Vdt + oVdz 2.1}
whera:

L dertdes the instantaneous expected rate of retum of the fim's assets par uAll time

and @° is the instantanecus varance of the raturn on tha firm's assels and dz is &

YWianer process,

It iz agsumed that, at malurily, tha valua of the debt iz the minimum between the face

value of the debt B and the marke! valoe af fha firm.  the pasets’ value of the firm iz

14
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largar than ils liabilities, than bondholders get back the face value of the et
Cherwise the firm is unabda to meet its fiabilities and the bondholders take over the
firm. Hence, the payoff 1o debit-halders can be writter as:
Di{T) = min(8, vi1)]
B max[o.B vt i2.2)
According to the second eguation, the value of the firm's debt eguals the face value o
the debt less a Eurcpean put option on the value of the fim's assats, with axarcise

price equal 1o the face value of the debt.

Azsuming no arbitrage opporiunities, Merton gets tha iollowing pertial differential
afuatian for any sacurity F whoss market valea depends on the value of the firm and

tirme:
0= W —+——(F {2.3)

With the appropriate boundary conditions’, Merten shows that the value of the firm's
cebt at fime 1 is:

E, [e-ffr-ll min|:"."l.E|:|J= Be T - P, v,.B) (2.4)
whara P(LV,, B} is tha value at time t of & put aptian an the fim’s assets and strike

price B, and r is the risk fres rate. Equation (2.4) can be scived by applying the Blacks
Scholes formuka in the caleulation of the put price, Thus the value of the debt at time t

is axpressad as follows:

o1, v,.B) = BT p-d, ) - V) (2.5)
whers

logiV, /By +(r+0% /20T 1)

d,
ay T -1

o dg=dy -y Tt and @ is tho cumulative

asrandard normal distribution,
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Using the identity thai 1the debt value of the firm equals tha market valua of the assats
less the market value of equity, Merton also derives the equity value of the firm a3 a
call option an the value of the firm with sirike price equal to the face value B, This is
one of the main features of Merlon's model, i.e., debt and equity are madelled within a

consistent framayeark,

Cne direct appbeatlon o a pelcing madal s the darivation aof the torm structure for
credit spreads. Assuming thal the risk-free rata is stalic, from equation {2.5] the spread

on corporata dabd is:

1 B 1
AT 1) -r = —ﬁlng{m[-ngj -Em[-u.] {2.6)

whare R(T=t) Is tha yleld o maturity on the risky debt provided that the firm does nat

defaul; and d=Bo ™ /W is inerpreted as the keverage of the firm. This function & &
decreasng function of maturity for borrowers whe are largely leveraged. For low-
quality borrowers, credit spreads decrease with maturity, This s because the value of
bonds Issued by the lirm already have low values, capped by zero; thaerelong, In the
future, enly improvements in the credit qualily of the firm can be expected, wihich
would reduce the slze of the credit spreads. For bormowers with low leverage, the

function is humped of upward-sloping.

Thawgh this approach sesams wary intuitive, it imposes imporant restrictions: 1) Firms
can orly Esus one byps of debt. 2) Firms can dedzull only at the matunity of their debt.
In reality. firms usuwally have maora than one class of dabt in their capital structure and
they can default on any of the intermediate payments. 3) The absolute-priority rule
hols; howaver in practice this is usually violated®. 4) Seewrities trading takes place

continucusly; however, most firme’ debts are thinly Iraded or nod traded at all. ) The

' The boundary conditicns can b written as follows: &) Flit) =0, Le. the debt value can only 1ake
nor-negalive values; b} FiV, 1) < YW and ¢} the initial conddion for the deod 8t == 0 l&F(V ) = minkW, B .
het the absolute-pricsdiy rule hokds means that in case of defaull, asscts are allogabed armang
clairmants accarding bo e senidly of e bonds, Howevar, amgincal svidanes shows that this sduation
is rarghy hald in distressed firms. Financial distress is costly, 80 lenders end Eorrowars usually iy bo
obiain soma agreament o reduce the cost of bankmuplcies, Up o now, weny Bew theofies have ad L
agsesd the irmpect of this on nsky Bond prices o an eradil spreads. Sea Franks and Torows {19494],

G
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risk-free term structure is static and flat, &) Finally, though Merton claims that 1he final
pricing formula is & function of abservable variables, in reality tha estimation of tha

firmn's value (and in partgular its volatilty) are difficult 1o estimate.

2.2.1.1. Extensions to the Merton Model

BMarlon’s approach s interesting because 15 structure based on the fundamenials of
tha firm is wary suilable for pricing securities that maintain & close ralation with tha
valoa of the firm, for example callabk bonds or convarlible bonds. Also, i1 allows tha

analysis of important guestions such as aptimal capital structure.

Qther modets hawve tried to improve Meron’s model by making more realistic
assumplions, For example, Geske {19771 makes a more realistic treaiment of coupons
by using compound options. Equity holdors must decicde whether to pay the coupon or
defaull. Black and Cox (1976} introduce an absorbing barrier to allow for default
occurring before maturity. Thus the problem I solved by using a first-passage-tima
approach, and determining the first time the flm's asset value crosses a celaul

barrler,

Other modals have ralaxed the assumption 1hatl ke risk-frag inlerest rata s
daterminislic. Shimko, Tejima, and Devenlar (1983) prasent a wo-factor modal whara
tha intarast rate follows a Wasicek's process (ees Vasicak, 1977]. Howsver the
cormelation belwesn bath processes (the assat value procasse and the mterest rale) is
assumad zero. This reduces to a great estert the complexity of the problam, thawgh it
rmay e unrealistic, Longstaff and Schwarz (1985) akso propoee 8 two-factor model
that results In a semi-closed fonm saluiian“‘. Thay assume a roh-2erd corralation
between the assel value and the interest rate, which akso follows a Vasicek's process.

Here default can accur at any time when the firm valuo crosses a constant boundary

: Feagers (2000) paints aul thal the dersation of this solution <ontains a law. He argues that Longstal
and Schwartz use the theory of lirst-passage distibutions of diffusions processes to aclve & process

17
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K. Kim. Bamaswamy and Sundarasan {1983) assums a Gox, Ingersoll and Foss
(18985} procaes for the inferesl rale and cash flows tor tha driving varizbla of dafauli.
Under this contexl, dafault ocecurs when cash flows are wnable 1o cover coupons and
dividends. Othar more complicated models that pssuma that default can acour prior fio
maturity are Ericsson and Ranaby (1995, Brys and de Verenne [1957), Callin-
Dufreane and Goldstein (20018). Unforunately these models are oven mose difficult to

implemeant since they increase the number of parameters to be estimated.

Leland {1294), Leland and Tolt (1998), Anderson and Sundarasan {12968) and Mella-
Barrel and Perraudin (1957} develsp andther lype of modal charactersed by
endegenous capital struecture and default barrler. Thase modals delsrmine the optimal
asget value ar which a firm should declara itsalf bankrupt. Leland and Toft {19096)
canclude that debt structure = a trade-0ff belwaan tax advaniages, bankrupicy coais
and agency costs. Though hey relax significantly Maron's original framework, they
add some other assumptions which are questionable. For example, thoy implicitly
assume that 1he firm can ssue new debt all the time at the same cost, which is not

vary realistic. In acdilion, irlarset refles ara kept deterministic,

Structural models have also been criticised for their inabliity 1o explain the observed
Larmm structure of credit spreads. In particular, they prodiuce vary low spreads thal ga o
zara as maturity appreaches. Intuitively, this s becadse tha firm's value procesa
tallows a diffugion process, which is a “smcoth” contmuous path that cannct jump. If
the value process of the firm is far away from the boundary cendition and maturity ig
chise o zero, then it B very unlikely that the firm will suddenly jump to reach the
ooundary. This phanomeanan ie gheerved in all the modes based on a first hitting-time
diffusion process, in which default can never oocur by surprise. In reality. investors
think thatl a sudden default still can ocour even when the debt Is close to maluring.
This happens lof exampl in unexpected develuations, or sudden catastrophes.

Theretore, emplrically credit spreads do not decresse to zero 53 maturty decreases o

which is nol a diflusion, Thersfors, the modal is slill unaalved, teugh it s considerad one of the pillars

18
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Zere, £hou (1997 and Schéunbucher (1996) present ore solufion to this problem by
allowing a jump process that creales discontindities in the firm value process. Another
solution is thal the medels ignore liquidily risk, which should also be aslimaled [sea

Ericgsan and Renaull, 2001).

2.2.1.2. Testing Structural Models

Thera iz a aparse literature on comparing structural medels and on their perfformance
in predicting prices or spreads. Jones, Magson and Rosenfeld {1884) apply Merton's
madel to & sample of firns with simple capital structures and their bond prices during
the 1977-1981 period, The paper concludes that Meron's model produces credit
spreads significartly lower than aciual credit spreads. Jones & al. also find Nilile
gvidence that Meron's modal parforms beltler than a naive modal (which does nat
congider defaulty for nor-invesiment bords. Sanig and Warga (1939) confirm thai the
prmpirlcal shapa of e ferm struciures s consistant with that implied by Marion {1874).
Howaver, Iheir analysis is simple and does naot use rigorous statistical technigues, so

their conclusions are Aol sutheiantly strong.

Wai and Wong (1887 cempare Merton {1874) with Longstelf and Schwartz {1995) and
coreluds hal tha first autperforms the lattar, Unforiunately their results are reatricted
to a small sample [covering ondy the Eurodollar market in 1992), Anderson and
sundaresan (2000} also mplement Merton's madel and three strateglc defaull modols
[Laland (1994), Andersaon and Sundaresan (19%8) and Mella-Barral and Parraudin
(19971} wsing aggregated data on corporate bonds. They conclude thal models fit
reasonably well and delault probabilities are consistent with the historkcal recoed of

Maoty's.

More recantly Eom, Helwege and Huang (2002) 1est five structural models: Merton

{1974), Geske (1877} Leland and Toft {1886), Longstaff and Schwarz (1985), and

of the Siruciural Appreach.

149



CHAPTER 2: A SURVEY OF CREDIT RISK WODELLING

Colir-Dufresne and Goldstein [(2007b), and conclude thal conlrary 10 pravious
rasgarch, structural models do not systematically underpredic? credit spreads. This
dapands on the modal and the level of riskiness of the bornd. Meverheless, models

face problems in inving 1o predict accurately credit spreads on corporate bonds.

An additional drawback of structural models s that they cannct cope with the pricing of
certain Cradil Darivalives, as they do nol model changes in credit ratings. Adding mare
complicated featuras makas models vary difficdlt o sohe. In contrast, the Reduced

Form framawork allows for mare complesx siructuras at low mathematical cost.

2.2.2. Reduced Form Approach

In this approach, default is drivan by an exogenous varable and not by a fim's
lundementals, so default is more unpredictabla than in siructural models. Thesa
miodels aeliminate the nead for any aconomic varable explaining defaull. This s their
main weaknesa, but also iheir main strength since this assumplion allows thea
mipdelling of mere complex features wilhout increesing the mathemalical costs. For
example, hguidity and the recovary rate are medelled by adding op furlher diffusion
processes, withou! having fo look for a structural inlerpretation. Howewar, since tha
Tt of these models relies on the quality of data on credit spreads, parametars are
lkehy to e unstable but still uselul for anahysing securities for shart pericds of time.
MNeverthaless, they are mone likely to I a particular data set betier than stnactural

rmiedals and price mons Complex ingtruments,

The event of default or {default time) is wsually modelled a3 a Poisson process with
parameter A , known as itha intensity or hazard rate. This represants the probability
thiat he firrr will dedaull over a seall time interval. 11 can bo constant, tme dependent
or driven by exegenous or endogencus vanables, such as interest rates. These types
aof medels, only concemed with the medelling of the default time, are referred 19 as the

Intensity-Based Models, Maodels within this framework include those of Jasrow and
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Turnbull (19958}, Duffee {1999), Lando {1998), Madan and Unal (1998], The default
procass can also bo modelled a8 a Markoy chain, which incorporates the credit ratings
o dafaull tirming. This class of modals ara called Cradit-Mgration Models, Somea such
models ara Das and Tufano (1896), Jarrow, Lando and Turnbull (1297), Belecki and

Rutkowski (2000},

Im zantras! with strogdural medels, reducad form modals assumaea that tha initial risk-frae
{erm struciure and tha credit spreads term structura are known. Hisk-free prices are

faken as inpuis of the models, whereas credit spreads are used 10 calibrate the

models,
2.2.2.1 The Application of the Poisson Process

Schonbucher (2000} llustrates how to incorporale 2 Poisson process o price default.
Consider a simple 2ero-coupon bond B, with zero recovery rate and defaull triggered

by the first jump of a Polsson process M owith intensity 4. Exlending Id's lemma to

include a jump process, wa gat the following representation of & defaultable bond B,

0B 1 9°B oB
dBit.r,N) Tiﬁfm'i lﬂll—idr—EdN (2.7

-

A jump dM=1 in gquation (2,7} would mean that dB = -B [the other terms are of kower
oroary, and therefore ke band price would jump to zero. Under the absence of

arkilrage and using E_-EN]= Adt, tha pricing equation becomes;

AB 1 4B A8 ;
b= - b -B{h 1) 28
% 27 g B (2.8}

This aguation resembles the typical pricing equation for a risk-free security, The only
drifferance iz the addition of A in e final discourting ferm. Thereiore, the price of a

zero-coupan bond thal matures al timea T (s

BiL.r) = Pit,rpa =T {2.9)

21



CIFAPTER 2; A SURVEY OF CREINT RISK MODELLING

whara PiLr) is {he prica of a risk-Iree bond. This is one of the main atiractions of this
appraach, that the prica of a risky bond can be calculatad using tha marked risk-frea

e Struciure,

Finally, from the sbowve aquation, the cradit spread is easily darvead:

' (P —B) = (2.10)

R-r=
T

For this simple specification, the cradil spraad is jusl agual to the constant inlensily
parametar A, Most exlensions o reduced-form  modals locus on o different
charactensations af this hazard rate. While a constant Intensity parameter implies that
default is a Poisson arrival process, and makes the model easker (o estimate, this is an
urrealistie assumption. Firms ans lkely o change their dofaull inlensiles depanding on
e tima Rorizon baing considerad. Modals alse make diffarant assumplions aboot tha

resovery rala and tha risk-frea rate.

2.2.2.2 Modelling Default

Jarrowe and Turnbull (12895} produce one of the most representative models of the
Reduced Form Approach, where the hazard rate is constant, Jarrow, Lando and
Turnbul [1957], make & notable exiension by ncorporating credit ratings, Defaull time
follows & Markow process and it occurs as the first fime the Markov chain hits the
absorbing state. For instance, i B(L,T) dangtes the value of a risky zero-coupon bond
af a firm fhal currently has credit eating " (for example, A&A) &l fime 1, then the price

of the bond can be exprassed as 1ollows,
Bt Ty = Pyt T) - PCL TAl(L - B it T (2.11)

whete LJLTh is the probability Thal a bond with eurrent credit rating '7 delauliz and &

is the recovery rate. The above formula indicates that the lower the probability of
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default A;(t, T}, the higher the price of the bond and in conseguence th lower the

credit spread will De,

Thoughn the mode seems realistic, its disadvantage s in 113 estimation. Tha Markay
chain increases dgramatically the number of parameters o estimata. Jarrow at al.
sugges! the use of historical Transitiocn matrices isswad by raling agencies. Howaver,
the rediabifity ol transilion maltricas s slifl an issus, Nickell, Parauding and Varotio
12000 tind hal transilion malncas should be differentiated by sector and business
cycle. In addition, Altman and Kag {1992) find thal actual rating transitions are likely (o

ke non-stationary; however, Jarrgw et al. agsume that they are Markovian.

Dultie and Singlelon (1829) assume that the inlensity parameter & depends on the
level of interest rates across lime. Given that upon default the borrower recovars @
fractton & of the value of the bond, they find that the discountad rate of a rsky bond
(A} can be decomposead inte bwo compenesnts: defauit and recovery,
R=r+A{1-0) {2.12)

whare the interest rate process r, and the defaul process A are dotermined by an
equara root slochastic process. Thus the prices of a riaky bond can be seen as the
gama as for a risk-free bord, except that the discounted rate r s adjusted by the

axpacted loss rale:

T
B(t, T) = E;| exp —Hru +7;u(1—6)}1u (2.13)
t

where )., is the infensity rate under the equivalent martingale measure.

Duffie and Lando (19289) by o inlegrate the intensity-besed spproach into the
structural approach. They assurne that the assets of tha firm cannat be ohserved
directly by owsiders, but they may partially sodva this information gap by looking &t the
accounting irformation releases, This leads 1o jJumps In asset values sinca they have

to edjust their expectations,
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In summary, this approach has three major advantages: a) The mahematics of the
modals is more tractable, 50 varlods funciional forms can be Implemented, Most
varighles can be assumed slochastic and the model still gets clogad form solulions. )
Models usa only abservaeble variables as inputs, so risky prices can ba calculated by
using risk-free prices. ¢} They can price a wider variely of aseels such as credit

derivatives,

The mast important criticisms o this approach are: 1) The delaull event does not keep
any relation with the fundamentals of the firm. Therefore, It 15 nat possible 1o interpret
the default event in 1erms of the structure or variables of the firm. 2] The assumption
tnat risk-fren assets and cebt assels are widely fraded 5 not realistic. 3) Parameters

pslimated in these madals are vary unstable.

2.2.2.3 Testing Reduced Form Models

Thara iz Itle evidence about the performance of reduced form modeks 1o cxplain
prices and 1he evolution of credit spreads, The perfarmance o thesoe maokls deponcs
to & large extent an the accuracy of the data about credit risk, recovery rates and
liquidity. Duffie and Singleton {(1997) 1est their model using swap ylelds. The discount
rale is driven by fwo square-roct diffusicns, one representing credit risk and the ofhar
iquidity rigk, Their model fits the swap rates reasonably well, apart from e shorl-and

af the term stracture.

Dufes {1959) firds that mooels based on Duflie ard Smglelon (1897 show instahilily
n the parameters. The parameters of the modal charge dramatically when it is
calibrated with firms which have dilferent credit ratings. This suggests that a credit
pricing maodel, such as that of Jarrow, Lando and Tumbull (1997}, may be a balter

chinice,

Ponkkomen {1993) compares aix varations of reduced form models, using Jarow and

Tumbull {1835) aa the benchmark model, The akbemative models either alow tha
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default probability te depend cn the defaull-iras spol rate or the recoveary rate 1o bs
slochastlc or both. Results are wvery similar across shorl-maturity bonds  but
discrepancles ara dramalic for long-maturity bonds. He alsa find that for investment-
grade bonds, the results are not sensilive to the specification of the relationship

batweesn dafault, recovery rate and the risk-frea rate.

2.3. Credit Risk Management Models

The aim of models for credt risk management is to quantity credit risk in ndividual
sacurilies or porfolios. Several measures 1o quantidy credit risk have been gevelopad
across lima. Far a long tme gradit ratings were the only measure to characierize credit
rick. Later, numerical scores &nd more sophisticated statistical medels were
developed. Saunders (1999) dstnguishes two generalions of maodels: *Traditional
Madels" and & *Bew Generation of Models®. The first vpa of madal is characterised by
three featuras:1) the use of gqualitatlive analysis and very few statistical mathods rather
than elaporated guantitative metheds: 2) models are focused on measuring the credt
rigk of individyal securties rather than portiolios; and 3) final outputs are simple risk
measures, such as cradit ratings or eradit scores. Within this cateqory we find Expert

Svatems, Rating Sysiems, and Cradit-Scaring Sysilems.

The "New Genaratlon of Modals” slarted in the mid 90°s. These models axtend tha
comcept of Value-al-Risk (VaR), widely used to quantify market rsks. 1o tha
guantilication of credit risk or Gredit-Valug-at-Risk. These models are focusad on the
astimation of the logs distribution and the modelling of its parameters. kMadsalling the
loss distribufion is particulary difficult, since changes In the value of the portfolio due 1o
cradit evants such as defaults are not normally-disiributed, Also, the estimation of
some parametars, such as default cormelationsg, represents important complicatons te

ke cvarcome,
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2.3.1 Traditional Approaches to Measure Credit Risk

For 8 long fime, banking experts determined the crediil risk in individual securities
using 2 subjsctive analysis. Thia method of es=sessing credit risk is called Exper
Svalema. Expert analyats or officers used 1o base their decisions on the analyais of
faciors such Bs; &) the reputation of the bormrower and it3 repayment hisicry; ) the
financial situation of the firm, or its capital siructure; ¢} the capacity o repay or the
volatility of their eamings, d) the valug of the collateral, and @) the economic
conditions, such as interest rales levals or business cycles. The disadvaniages of tis
method are the lack of anakwsis aboul the common factors affecling borrowers in a
portfelio and the subjectivity of weighing and combining all the factors to produce tha

final dacisgomn,

Al he and of the 70's, statistical tools such as discriminant analyais and logit and
prabil moadals thal astimate the probability of borrowers’ defaut were commonly used,

Alfrman (19880 develops a Credil Scoring Syslem, called "Z-Score”. Tha model uses a

firm’s accounting ratios and discriminant analyais o identify which ratios aifect the
performanca of the credit. Some of the disadvantagea of this model are that the
relationship between performance and accounting ratics is not recessarily linear, and

the eligible varables are in general only accounting ratios.

Rating Systems were developed later to provide a more fomal procedure 1o Lake
decisions. Loans are classified into different credit calagaories, implicilly assoeiated wilh
& default probability. The classification combines a subjeciive valuation of the quality of

iha barrowar with 8 quantitative agore.

Croatas and Fant [1933) implement Meural Networks and ook for more comgles
relalionships among variables, Unfortunetsly the interpretation of these relationships

may be very difflcult and models may suffer by being cvarfilied.
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2.3.2. Credit Portfolio Models

Traditional aparoaches are often grificised for their individual assessment of credit nsk
and the use of accounting data rather then market variables. Maodem research on risk
managemesn! has been focused on the design of models that aggregate individual
exposures in a pontfalio, The ideas in pricing models developed above have boen usad
oy several risk management models and extended 10 Include the concept of Credit-

Value-at-Risk {CVaR).

CVaR iz delined as the maximurm less in a porffolic, due fo credit events, within a
Enown conlkdenca interval over a spacific perod (Wilson, 1897a]. 1 is also interpreted
2% Tha additional economic capilal that is needed to cover the unexpected credit losses

of 2 portfalio subjscl 1o credit risk.

In ordar to compuie CVaR, & ime horzon” ard the “level of conlidence” nead to ba
specified apart from the parameters involved in the model idself. In general, risk
managers st up corfidence levals of 5% or 8% and time horizens of ana-year, The
long time horizon 8 becavse changos in credit risk laciors oo nat oocur as often as
changes in market risk factors and because it is thought that one year is enough time

o take precaltionary measurss 1o redocs the credil risk of 1he porifolio,

Models usually work in a two-step framework o calculate CWaR. In the fist step,
models estimata the credit exposure of individual eecurties in the portfolio. In the
second slep, thiy estimale the distribution of losses ganerated by the whole porfolio
at the end af & tme horizon, To do this, models estimate the coralation of default
batween borrowers in oroer 1o put togather the individual losses of each ascurity in 1he
porliclic, Once the loss distribution s generaled, CvaR is cakulated as the difference
betwean the urexpected losses and the expecied losses of the porifolio, wheras

unexpeclad losses represent a high-quantile in the distibution [uswally 85% or 99%).
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Within this generation of panfolio models, the financial industry has sponsored hres
imporiant models: CreditMeirics by JP Morgan (1997), Creditor Monitor Mods| by KRY

Comporation and CreditRisk+ by Credit Suisse Financial Senices (1997,

2.3.2.1. CreditMetrics

The fundamenial idea of CreditMetrikcs (JP Morgan, 1587) is an application of the
Structural Approach propesed by Medorn (1974]. This wiew @5 exlendad In
CreditMatrics by assuming that a firm's assel valee detarmines nol only dedaull but

glao its credit quality. The basic asaumplons of the madal are:

1. Transition probabilitiss ara stationary and follow a Markaovian chain over time.

2. The rigk-ireg term structure and the term structure for esch rating class are static
and known at the beginning of the time harizon, 30 we can use forward rates o
discount cash flows.

3. Al bord issuers are credit-homogenous within the same rating class. Therelore
they hawve the same stafistical properies and share the same  Iransition
probabilies and credit spreads,

4. The recovery rate is known and deterministic®,

Tha valua of the assets |s transformrad Into redurns, which are assumsed normally
distributed. Aszel’s retums are comparad againsl thresholds, mapped fram transition
prababilities, in tha normal distibution e obdain e firm's cradil guality al the ard of
the period. Figure 2.7 shows the distribution of a lirm's final raling, which has bean
raled in class B at the beginning of the perod. For example, the firm has 2 probabil ity
of 9.82% {=2.76+7.068} of suflering deteroration In its croedit quality at the end of the

e Forizon.
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Firm is downgraded

to Caa Firm is upgraded

to Ba

Firm defaults

Firm remains B rated

Class Cetf Caa g Ba Baa A
Tranpilicn Preb T0E 278 227 &5 O.EE 0T
Threshowds -1 -1.3% 14 EE ER ] 33

Figure 2.1, Distribution of e Cradil Qualily of the Fim

The price of the bend is caloulated using forward rates to discount the remaining cash
fiows to time T (the end of the fime horizon}, Cheerve that because interest rates and
crodit spreads are assumed deterministic, no market risk tactors are affecting the

value of the band.

Individual securities in the portfolkd ara aggregated by assuming that fims ang
caorralatad threugh Peir assal relumes. For sxampla, tha probability that lwo Borfoswars
ara assignad a spacific rating al tha end of the tima horizon can ba cakulabed as:

. . (i) Z(km)
Prob{z'H <R<Zl,zk_, <R'<z‘;n}= f J.cD(r,r’/E)drdr’ (2.14)
2l =11k, m -1,

where R and A" ara tha firma’ redums; E'j is the j-ih thrashald in the normal distribution

far a firm which has baan ratad class | a8t the beginning of the period; rand r are the

standardised asset relurns, & |3 the donsity function for a bivarato normal distibution

S

where o represents the cormelation coefficient betwean the assets of the firm,

with covariance mafrix . equal 1o

© CredilMelhics has edended The approsch 1o incude stechaslic moovary rales.
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valua of iha total liabkilities and tha facs value af shar-1erm liabilidias. Tha lalier need Lo
ba fully finzncad, atharwise the firm will not be abla e cperats, whereas tha tinancing

for the lang-term liabilities may temporarily remain negative.

KMV yges Merton’s madel as a sefiing to derive g creditwerthiness variable called the

Distance-10-Defaul defined as falkows:

Distars-to-Delaun =200 =4 2.15)

Oy
The aszel markel value V, and ile volalility o, are inferred from market-based

imformalion: the market capitalisatian of he firm and the volatility of its shares. Lel 5
be the observed walue of the fimn's marke! capitalisation. According to Merton, the
price of the eguily can be seen as a call opticn on the value of tha firm. Tharefora:
5 =CV,ayr, T.O) (2.16)
In addition, KMV usas the fallowing theorstical relafionahip between the wolatility of the
equity, which is ohservahle, and the volatility of the assets, which is unobsenable:
Sz = Ve G (2.17)
Futling equations 216 and 217 togedher, wa have only obsarvabla guantities on 1ha

left-hand side of the equalions and wa unknown variables 1o be found -V and a.p .

Tha Distance=to-Delaull is assumad to summarise all he relgvanl nformation about
cafault. This heoratical variabls s comparsd with ermpiricel distances-io-default, which
are associatad o dedaull probabilities. Ermpirical probabilities are estimated wsing a
large dalatase, which conlaing approximately 20,000 firms. Thus the meode! is able 1o
galirmals the default probability of individual firma. The estimated probability is called

the "Expected Defaull Frequency.

The mast importart acvantage of this model & thal §f incorporatas the latest
information aboul the firm to estimate default, since i relles on eguity market valuas.

Some of the disadventages of this approach are:

% Baoe Kealhoter {1995), MeChuown {1935} and Vasiosk [1587),
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In practics, CredilMatrics is implementad by using Monte Carle Simulation, which

simplitias amormously the computaticnal work,

2.3.2.1.1. Advantages and Disadvantages of the Model

LM has two main advamages: 1) The maodel is formulated under the fundameantals of
tha welue process of the lirm, which makes the model very intuilive. 2) Tha madal

calculates 8 porticlio's loases due to both default risk and mgration risk.

Qne of the main weaknesses of Credithatries is its assumplion that credit spreads and
interest rates are deterministic. This makes the valuation of instruments such as swaps
of futures difficull, since the cradit risk exposura of these aecuwrities is linked 1o market

varlables. Thar limiations of the model are the following:

1. GCredilMelrice assumes that transition matrices follow a stable Markov process.
Howavar, Atrman and Kaa (19921 find evidence of autocorrekation in he procass of
migration. If @ bond is daowngraded, then the probabillty that the bond will be
downgraded again in the next perigd is higher,

2. I ralies on transition maeiices calculaled by Aating Agencies, which do not
differentiale across bomawer types or across tinme.

<. The credit quality of the firm is complataly datarminad by tbe rating of the Senior
Unsecured debt, Howewver, altman (19859} finds that the age of the debt also

affects the probability of default.

2.3.2.2. KMV Model

This is probably the most popular commercial implementation of Meron'as aporoach,
developed by S. Kealhafer, M. McCQuown and O, Vasicak (KMV)®. They defing the

hrashald or barrier (d*) under which default oocurs as somowhore belwaen the face
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1. Moemality assumptiens any essentlal, as well sz an ad-hos liabiity struciure for the
firrm.

2. The medel can only ba applied 1o companiss listed in the stock market. For non
listed companies, accounting data must be considared t run tha model.

4. Wilkon (1298) argues that the medel avarrsacts to markat mowamants, retlacting
‘markat aentiment” insterd of market fundemantala.

4. {Zolleieral, covenania or convarlibility are not takan into accouni.

3. The model measures anly default risk and leaves out the effect of interest rates

6. Jarrow and Tumbull (1998} argue that the use of historical data fo estimate the
expected delaublt reguency implicitly assumes a stationarity behavicur in 1he

estimated paramaters.

2.3.2.3 CreditRisk+

CredilRisk+ can be seen as an applcation of the Reduced Form Approach, in which
defaull & driven by an exoganous varisble. Tha approach conaisia of modslling teea
sourcas of uncertainty: tha number of dafaulis in the portfolio, and the severity of tha
logses. Thase two pisces of mformation are then combinad to produpe the distributicn
of losses of the portiolio, dua to cafault avenig.

The simplest implementation of the medel assumes that the number of cefaults in the
partfolio follows 8 Feissgn process with 8 detemministic intensity parameter. Linder this
assumption, the model generales a distribution of losses with lower volatility than hal
cheerved ampirically. By making the inlensity parameter stochastic, the model is able
to produce digtributions with more fat-right tails and skewness, In particular, this

intansity parameter is assumad 1o be Gamma-distribuied.

In tha evanl of defaull, the countarparty incurs a loss equal to the amaount owned by
the borrower (or the mark-fe-market value of tha debt), less the recaovery rate.
Contrasting othar models, CradilAisk+ does nol modal 17e value of the exposure, and

this is considered an input in the model,



CHAPTER 1! A SURVEY OF CREIMT RISK MODELLING

Ta handla information in the porfolio, CreditRisk+ proposes reducing tha amounl of
defa by classifying axposures in bands according to thair gize. The size of @ach
exposure is adjusied, so each band ig characterised by a common exposura V. Alsg,
io make the model mathematically trectable, the estimation of the distribution of losses

is dane using Probability Generating Functions rather than Distribution Functions,

2.3.2.3.1 Derivation of the Distribution of Losses

Le? Gi{z) be the probability genersting function of band i; then the probability of lesing
V. ounits on a portfolio formed by ondy 1 borower, must be agqual 1o the probability that
the borrower defaulis:
Gz} =FR(Z%) = ip:nn.m detaultslz ¥ {2.18)
=
Each band s viewed as g portfolio of individual exposures, whose borrowers are
independent. Thergiore the probability generating lunclion for any band is by
definition:
- g Pign
Gyiz) = ¥ pindefautsiz™ = Y G.--nqﬂ 2™ (219}
n=0 =0 )

whers uls the expected number of defaults in band j. If the exposures in the portfalio

&re independent, then the probability gensrating function of the parifolic can o2 writen

&5 the product of the probability genarating functions of each band;

M
Giz) = [] Gz (2.20}

i=I
Fram the probahility genarating function, the loss distribulion can be derved as;

n
P{losses) = rl|| ﬂdgff) - forne=t,2,... {2.21)

Equetion 2.21 has a closed lorm exprassion. Once the distribution of losses has bean

eatimaled, expected bsses and CVaR can ba cakeulated.
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CreditRisk+ has been extended in two ways, firsl the model can be extanded 10 a
multi- period framework; second, it can be apnlied 1o poriolios where borrowers are |
correlated through a "background factor”, which represaents an economic variable or an
economice sector. Under a sector analysis, borrowers are divided inlp bands. The
borrowers' default probability In each band & affected by one specific backgrownd
factor, which follows a Gamma dislribution. Thus within 2ach band, borowers are

indepandent, sa the above derivation for the modal can be lallowed.

2.3.2.3.2 Advantages and Disadvantages of the Model.

The main advaniages of this modal is the simplicily in terms of assumpticns and
requirements of data, Also, the cloeed functional ferms of the final distributions malke

this model eagy 1o implermert,

There are two main critigisms 1o the model;
1. The model does not consider migration risk.
2. Inlerest rales are assumed deterministic; therelore the applicaton of this model to

rofi=linear products such as options and swaps s limied.

2.3.3 Other Streams in Credit Risk Management

The production of Credit Risk Models poses twe important questions; What is the
accuracy of these models? How different are they? Unfortunately, assessing the
accuracy of models s & difficult 1agk, To carry out back- tesfing analysis requires long
lime serigs of data, which are particularly gcarcs in credit risk. Lopez and Saidenbarg
(2000) suggest that panel data analysis might allow the validation af the madels i tha
abasnce af lorg tima saree. In addition, we would like to know how seansitive modals
are o chandges in the paramedars. This i an impariant quastion in eredil sk, as qualily

of dats is one of the main concams in the area. Mickal, 8 al. (2000} argua that
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transition matrices should differentiate borrowsrs by domiclle and industrial sectors

and taking into account buslness cycles.,

With respect to the comparson of models, Crouhy (2000} applies CraditMetrics,
CreditRisk+ and the KMY model to a large diversified benchmark. He finds differences
of up to 530% in the CVaR., Using 8 more structural framework and control of
parameters, Gordy (2000) and Koyviuoglu and Higkman (1998) find that CredithMetrics
and CrecitRisk+ yield similar results when they are parameterised in & consistent way.
However, bath papers only look &t the default part of credi risk, Therefore, the
relationghin betweer & credit defaull model, such as CreditRisk+, with a credit rating

madel, such as CreditMetrics, is still an open question.

MNickall, Perraudin and Varatto [1998) compara a modkal resambling CragthMatrics with
the BMY modal. They concluds that batk modals ara simifar whan they are applied 1o
well-diversified portfolios, bul thare are important differences when they are applied to

less wall-diversified and kow credit-quaelity portfolios,

Cvher prpers propoge improvements to curent models, such as Credithetrics. For
instanca, Kiesel, et al. (2000) alow for stochastic spread rsk, They find thal the
omission of this risk seriously understmates CVaR figures,

Though questians such 8s accuracy and peromance of modaels have not been widely
explored, research is looking ahead and addressing mcre complicated issues. Far
example, what is the relationship between markat risk 12ctors and cradit risk lactors?

Howe can market risk and credit risk bo Integraled o produce one unified measure?

come raceni papers have addressed the relationship betwesn market and cradit rlsk
factors. Kiasel, Perraudin and Tayvior {1999 analyvse the relationship betwesn interest
rales and raling fransitions. They find that negative interest rate changes are

associaled with fewer upgrades. When calculating CVaR using CredithMetrics and
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trangition matrices based on data from years in which intarast ratas fell, CVaR figures

wearg higher than the CVaR estimated with transition matrices from ather yearsa.

Jarrww and Turnbull (2000) argue that the kack of separability between market risk and
credis risk alfects the determination of economic capital. To soive this problem, they

propose using pricing medels in the estimation of credit risk In portiolios.

2.4 Conclusions and Further Research

In this chapter wi have prasented some resulls fram the litarature on Credil Pricing

and Risk Management.

With respsck io Cradil Pricing. we have presented some models that characterssa the

{wo main streams in this area: the Structural Approach and the Reduged Form

Aporoach.

Structural Models are asttractive becsuae Ihey are consigient with intuton, They ang
suitable 1or pricing securities asenciated wilh the value o the firm, such as callable and
comnvertible bonds. They are alse suitable o &nswer questions such as capital
structure. However, the intuitive framework of the Structural Appreach s offsel by i1s
imakiliy t3 §if credit spreads aocurately and price more complicated securitles, such as
credit derivatives, Also, these models seem very difficult 1o implement. They raguire
mary inputs which are dilficult to obsarve or astimate, for axampla, the assel value oi
the firm and itz wolaliiny: these bwo peces of Rformalion are particularly difficult to

estimate when firms are nof tradable or their assets anc intangibhke.

Feduced Form Modals try ta owarcama the fitting problem of Structural Models by
defining the probability of default in lerms of jump-processes, Thus, defaull can
suddanly occur aven whar malurity s closs. These models can reproduce mare

realistic credit spreads in the short run, but they lack financial atructura and infuition
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with ragard 1o tha detault procass. Reduced Farm Madals ara also atiractive bacauss
their mathematics is more tractable; therefora waricus functional forms can be
implemenied. Mast variables can be assumed stochastic and the model still gets
clesed-form golutions. Compared with Structural Medels, this approach uses only
ooeervable verianles as inputs and it can price a wider variety of assets including

credit derivatives,

summarising the scope of both streams, wa should say thal most pricing modals seam
1o consider default as the only credit risk factor and ignore other sources of credil risk,
which can also alfect the value of the assels, such as migralion risk or even liguidity
risk. Emplrical experence indicates thal liquidity drivas tha size of credit spreads on
corporala bomes in an imporant way {ses Ericsson and Renaull, 2007}, The above
indicates that furthar research needs to be dona with respect to madelling. The
speciiicaton of struclural modals could still be improved by coneidering siher varieblea

1hal alse seam 1o ba relevant in driving bond prices.

Im addition, the nature and importance of some variables and parameters need o be
investigatad empirically, in order fo make proper assumptions within the models. Far
aexample, the effect of fingncial disiress in companles, and he corrslalions Debwasn
variablea such as defaull, interest rates and recovery rates, need 0 be sxplored
turther. A relatively wide empirical lilerature on the relalionship kabwean credit risk and
interest rate rigk has been produced recent’y™; hawever, results are still inconclusive.

A new generglion of medels s seeking o overcome the disadvantages of both
approaches by combining thom within a single model. The distinguishing feature of
these neaw models ig that they combine the attractve charactaristcs o both
frameworks. For example 8 hazard rate may be given & meaningful siructurs in larre of
seondmic faciers or characteristics of the firn (Madan and Unal, 20003, Cathan and
El-Jahal {2003) assuma that default can accur sither when & latent varable crosses a

Darrier 2% in structural modals, or when 8 audden jump ogours, as in reduced fonm

* Ses for axample Duwdlie!1258), Maorris, e, al [1988) and Callin-Culrazne, o g, [20015)

ar
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rivCleds, e bedieva thal the davelopmant of 1his naw framework could improve current

mmiacels.

The basis of credit rigk pricing models is still largely theosetical. Empirical resulis,
comparison and testing of models remain scarce. The lack of data s 1he main
impediment to carrying out these analyses. There are few databases oh corporale
cabt available, and most of them are focused only an investment-grade bonds. Furlhar
empirical analysis involving non-investment bonds and clher ypes of bonds i5 neaded.
For example the modelling and appfication of madels o price scvaraign bands raibar
than corporate bonds |5 an area stil to be axplored’. Further empirical resulis will be

crucial 1o finding the right direction in the construction of new mpde!s.

With respect to Risk Managemen! Models we have presented some of the maodols
dedicated (o measuring credit sk in individual securities and portfolios. In the last tow
vaars, the conceat of Value-at-Riak has been extended to Credit Risk. The linancial
indusiry has sponsored imporant medels such as  CreditMetrics, KMy and

CreditPisk+.

Ora of the main criticisms of all these models is thal they fail to incorpoerale stochastic
movemenis in ihe irterest rate, This feature limits the scope of such modals in
parifoliocs auch as credit derivatives o other porffolios sensilive 1o inferesi rates.

Current research is focused on relaxing this important assumplion.

In the producton of models, wo guestions are fundamental: What is the peformance
o tha maoodals? Which model is superior? Testing and comparizon of mossls are major
coreerns of banking authorities, as they are paricularly interesied in applications to
detarmining capital adequacy reguirements. Though theso guestions seem to be

simple, the answsrs are naot straightforward. On the one hand, the lack of data has

T Only & few shedbes, such as Duflie, Pedersen and Singlston (2003), Keswanl (2000) and Pagns
12001 ) haws haon produced in this connection.
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rostricied the assessment of models, so lile research has been dome on this area®,
on the other hand, though some papers have analysed the differences between
maodels, they fail to set up a proper Tramework of comparison, where parameters of the

rodals ara conslstant,

Though the abcve issues have not been widehy addrassed, more complex questions
have alrsady been formulated. For example; How can market risk and credit risk ba
measurad in a unified way? How can one calculate the total risk of a porfolio affecied
by markat and credit rigk factors? How do market risk faciors affect the calculation of
cradi risk in portfoliosT The integration of credit risk and marked risk s a topke of greal
interest, Clearly there iz interdependence between the two tvoes of rlsks. Intuitively, i
market prices change suddenly affecting the markel price of a finn's assats, than tha
firn’s probakiity of detaull will also be affected, generating credil fsk. Likewisa,
changes in the firm's probability of default are likely to alfect the market value of the
firm, generating markel rigk {Jarrow and Turnbuli, 2000). Ore of the problems in
producing Integrated modsls is Ihal the relation balween market risk factors and credit
sk lactors iz atll net wall undarsiood. Thersfore, further research iz needed an the

relationskip betwean these variables.

Finally, il is impartant 1o keap in mind that lack of deta is the most important resiricton
in tha implementation of ary credit risk model, Therefore in the formulation of new and
more sophisticated modela, a trade-oft between simplicity and accuracy is always

viarth pursuing.

# Sae Gondy (3000} and Hickman and Kenluzgly (PR2E) for the companzon of some modals,
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Chapter 3.

Can Structural Models explain Prices
of Sovereign Bonds?

Abstract of Chapter 3

We test the ability of an extended structural model, originally proposed by Cathead
and El-Jahel (2003), to capture the dynamics of prices for Mexican Brady bonds. In
this framework, default is triggered either when a latent variable measuring financial
distress falls below a specific threshold (as in structural models), or when a hazard

rate causes an unexpected jump (as in reduced-form models).

Using market prices and a Kalman Filter methodology, we estimate the model and
extract the implicit "distance-to-default" over a seven-year period. The model is slightly
superior to one which assumes that distance-to-default follows a random walk.
However, the hazard-rate feature of the model makes no contribution to explaining the

dynamics of market prices.

We find that three economic factors explain approximately 80% of the variation in the
distance-to-default, namely: the level of the Mexican stock market, the exchange rate
and the risk-free term structure. When the distance-to-default is approximated from
these variables and substituted back into the models, the Cathcart and El-Jahel model
still performs better than the naive model, not only in-sample but out-of-sample as
well. The structural model is therefore supported over simpler alternatives, but only by

a small margin.
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3.1. Introduction

Within the continupus-time theory of credit prcing, twe diferent approaches hawae
been developed o price risky bonda: the Siructurel Approach and the Reduced Form
Approach. They differ in the way in which default is triggered. Under Structural Models
defauht is determined by the impossibility of making any paymenis due fo salvency
oroblerms, Hence default iz triggered when & solvency varable crosses a specific
threshold. Such a variabe has an economic ar financial maaning for the firm [2ea for
example, Meron {1274), Leland (1924), Longsiaff and Schwarnz (1933), Collin-
Gufresme and Galdstein (2001a)), but is much less well-cefined for 8 sowversign
borrower, These models have been widely criticised for their inability to produce the
appropriate slze of crecit spread near to maturity. One reason is that, close 1o maturity
and given that no default has occurned, the [atent varable charactersed by a diffuslon
process can anly move “smosthly®, therefore the probability of default s practically
zere. In order o ameliorate this problem, Jou (1957 models the asset value of the
firm as a jump diffusion process. Uniortunately this leads to & non-closad=form sobution
and the model becomes mathematically kess tractable. Alternatwely, Raduced Farm
Models freat default a3 an unpredictable event, which cecurs with a hazard rata bt
{see Jamrow, Lando and Tuwrnbel {1287), Lando (1895 and Duffle and Simghaton
{15971, These tvpes of models have successfully replicated the slze of credit spraads
in the short term and they are mathematcally more kactable. Howaver, e acvaniags
of Struciural Mooels ower Reduced Form Models (5 that they allow a beller
uncerstanding of the dynarmes of debl pricing, since cafaull is explained by firm-

specilic variables, and this may lad lo beller foracasting performance oul-of-sampde.

Thiz chapter investigates whether struciural models, suitably adapted, can provide
insight into the pricing of soversign debt, There are three specific aims of the study.
Firstly, we sxamine the axtent to which prices generated by an extenced structural
madal are consistart with market prices of the Mexican Par band cver a seven-year

period. The model which we use is thal of Cathcart and El-Jahel {2003) [GEJ), which
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incorporates both 8 hazard rate and conventional structaral fealures. This mode! kas
nat previously baen implemanted in any empirical study. Secondly, we compare the
in-gample performancs of iha mode! with an altamativa, tha Maiwe Structural Maodsal
MM}, Such 8 model assumes that the probability of dedault in any future perod ig
constant, condifional on no default having occurred wet, Thirdly, we explore the
importance of economic fundamentals in determining he distance-to-dedault of the
country implied by the modeis and 1est their ability to fit market prices in-sample and

forecast prces out-of-samiphe,

Several papers have sludied the ability of Structural Modeals to it spreads on corparate
bands, bul caly a sparsa lileralura axamirnes whathar Lthis approach can be sglandad
to sewaraign dabt. In principle, the peroeation of the repayment capacily of couniries
has e do el anly with thair ability 1o pay but also with thair willingress 1o pay. Undasr
lhe lack of a bankrupicy code for sovansign debt, a government’s willingness to pay
will b driven by reputation costa, political and aconomic sanctions, atc. Lenders and
borrowers may also negotiate, and final paymeants might depend on the bargaining
capacity of lenders’. In this chapter we are interested in Structural Maodels and in the
solvency varisbles that determine countries’ ability to pay. Thersfore, we will assume

that only these variables determine couninies' probability of default,

Orne af the major problems in using structural models o pice sovaralgn debt s the
definition of bath the selvency variable and the barries beyond which defaull will cocur,
as there Is no equivalent for countries of the insolvency which applies o companiss. I
I= necassary (o ostimate tha barrier as a “latent varabla”. Our mathodolegy consists of
using the CEJ modeal to recover the latent wariable from sewven years of market prices,
uging a kalmen Filter. We then investigate whether tha latent variable {interpreted as

the dislence-to-default) can be approximated gver time by & set of economic and

! Gibson and Sundarasen {2001) diecuea the bargaining game n case of default and rearganisation ar
countries. They polmd out that the absence of & bankrupley cade Tor eounlhes i sulficient to make 1the
optimal defaul? sieategies diflar signiicanty from those of companias.
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financial lTundameanials. We alse test the perfermance ¢ this prosy for the distance-to-
default (based on fundamentals) 1o lorecast prices both n-samale and cut-of-sampla.

We use Brady bonds in 1his siudy rather han comvenlional bonds, since they have
certain advantages. Firsily, ithey are ihe most activaly traded bonds fram emarging
markats, so there is no need to worry abowl astimating a liquidity premiem. Secondly,
they facilitate tha modelling of tha recovery rate, since scme of their cashflows are

guaraniesd by Treasury bonda.

Qur main results are a3 follows, We find that the siructural model of CEJ seems to fit
the data slightly better than the nalve random-walk model; however the dflerence &
not statistically significant. Having identified a series for the [atent “scivency” variable
oo the saven-yvear sample, we find that it is quite closely related to a sat of aconamic
variabes, including the stock-markel lovel, exchamge rale and the leval and slopa of
the risk-lree tarm structure. Wa also fing that an increase in interes rales causes
spreads o fall, consistent wilh the liberature on corporate bonds. Driving the model
forward with these economic variables, the CEJ model parforms slighily better oul-oi-
sampla ihan tha naiwe model. This suggesta that struciural modela can explain prices
tand spreads) for scwargign bonds, afthough it remaing to be seen whether the same
economic variables as in Mexico determine the sclvency in other countries, Finally,
the hazard rate in tha model makes ng contribution to explaining the bond prices,
which is rather surpriging but may be because (in the CEJ model) it is dependent on

the inlerest rate which is already an input 1o the structural component of the model.

Thiz chapter i3 organized as follows, In Section 3.2 we briedly discuss the underlying
literature on testing structural medels {or soversign debt. Section 3.3 presents a
description of the data. Section 3.4 presents a generic framework for the models. The
implemeniation of the models, estimation results, diagnostic checking and comparison
in-gampke are presenled in Section 3.5. In Section 2.6 we investigate whether the
distance-to-cefault implied by the medels can be approximated by a sst of economic

varables, We also test the parormance of the modals in-sample and out-of-sampla
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whan the latent vamable has beon substiuled by an approximation in terms of

furdamantals. Section 3.7 glves the conclusions and furher research.

3.2. Literature Review

In principke, credit risk models have been designed for pricing comporale debt and
there s only a small [terature on tha performance tor soversign debi. Varga [(1988)
applies a structural modsl (pased on Longstaft and Schwarz (1995) and Das {1995))
la price a Brazilan Brady Bond. He assumeas that the driving variable of default ia the
level of intemational reserves. Contrary fo what is usually expected from structural
models, his estimated credit spresds &re much higher than those observed
empirically. He argues that other variables such as emergency loans provided by the

[MF may alse be important for predicting default.

Claessens and Pennacchi (1996) proposc a continucus-time pricing model similar to
that of Longstaff and Schwartz (1935). Thay use this stroctural model and e Kalman
Filter 1o gonorale & lalent varable that delermines Maxica's repayment capacity.
Though the mocdel allows tor anticipated changes of credit spreads, it is very restrictive

lor descriving the dynamics of cradit quality.

Kaegwani {2000) implements both Longstaff and Schwartz {1995) and Duffes {1999)
rmadels (a structural model and a reduced form model respectively), o price Brady
Bonds from Mexico, Argenting and Yenezuela during the period 1983-19496. Using tha
Kalman Filter and the Longstaff and Schwartz (1925) model, he obaing an implicit
distance-to-default varable. However, he dogs not investigale whether thara is any sat
i etonarmie furdameniale that can determine this implicit variable, His conclusion is
that the struclural model performa better than the reduced form maodel anly in-sample,
for Mexico and Argantina and before the Maxican crigia. Using the reduced form
model, he also finds weak evidence of a8 commaon factor acroes emerging markets that

drives default and is therelore responsible for contagion eflects.
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Cuffie, Pedersen and Singleton (2003} extend their reduced form model {Duffie and
Singleion (1998 (o price Bussian sovergign debl This extension considers some
excgenous credit evenis such as restructuring, renegotiation and illiquidity. Their
model seems to At reasonably wall during the sampie pariod 1994-1998. Pages (2001)
axtancs the raduced form madal of Duffie and Singlelon (1999} o include liquidity for
ihd pricing of he Brazil discount Brady bond. Ha finds that, allowing far liquidity, tha
model ganerales negalive probabilities of dafault and s0 leads ocne to guestian tha

whole aporoach.

3.3. Data Description

We use end-of-manth prices of the Mexican Par a8z reported by Datasiream from
Dacembar 1893 through February 2002, The Mexican Brady Par iz a oollar-
derominated coupon bond issued in April 1990 with an original maturity o 30 vears.
The bond pays & semi-annual coupon of 6.25% and s maturity is 3181 Decamber

20149,

Figure 3.1 displays the prices of the Mexican Par Bond In the parod Decambar 1923-
February 2002, The dramaltlc effect of tha Maxican crisis can be ocbhserved batwean
the last quarber of 15994 and the firs? quarisr of 1985, Another important fall cocurs in
August 1998, reflecting the Russian defaull which eroded confidence in all emerging
markets, Meverlheless, the price of the Maxican Per riees on avarage batween 1594
and 2002, rellecling a decraase in interest rates and also a8 pozsible improvement in

the markel parcaplion of the probability of default during this period.

Takéa 8.1, gives deoscriptive stalistics for the Mexican Par prices and refurns. The
menihly prices and retums of the bond are guite wolatile. Prices flucluale in a range
between 47,250 and 96280 USD over the pericd, whereas retiens vary belwesn —
17.4% and 11.5%. Prices show a high persistence, according o the lirs! ordar

autocorrelation coefficient, suggeafing that they may be non-stationary.
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In croer to estimate the parameters of the sk free term stiructure and its discount
factors, we collected yields of siripped US govemment bonds from B maturibies from
Blosmbarg. The properties of tha vields belweesn December 18993 and February 2002
are summarsed in Table 3.2 According to tha firsl order serially correlated coefficiant,
ihara is parsisterce of alocormelalion in each series: all coefficients are sbowe 0.0
(monthly). Also the volalility decreases acrosas maturties and there i3 excess kurtosis,

particularly far short maturities.

3.4. Pricing Sovereign Bonds

In thig section, we first introduce a simple formula o price Brady Bonds, which is
based on a combination of risky and non-risky Zero coupon bonds. Then we discuss
ihe model proposed by Cathcart and El-Jahel (2003}, This approach prices a risky
Zero coupon bond assuming that default is driven by bolh a signalling process and a
hazard rate. In order 1o test this moded, we will compare its parfermance wilk 2 nava
mdel that assumes that defaull is driven by a randem walk process, The proparios of

this nalva maodel are algo discussed in this saction.

3.4.1. A Pricing Formula for Brady Bonds

A Brady Par bend is & bend dencminated in dellars, issued by a sovereign borrower
that wsually pays semi-annual coupons. The principal wvalwe s completsly
collateralised by 30-year US Treasury Zoro-coupon bonds. In addilion, Brady bonds
have up o 18 monthe of ralling guarantee, compased of securities with a crodit rating
of at least AA. Such securities are deposiled in an account at the Federal Resarva
Bank of Mew Yaork and the interest eamed on the funds accrues to the debior country

evary six monlhs, provided that tha countfry pays 1he corresponding coupen in ull.
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The value of 8 Brady bond B, at each point in tima f can be axpressad as tha sum of

three cempanents eccording to the following equation:

M
B, =F Ryir. T} +E-F§:F’t|:r'1.r|} ~CF ¥ (l-pdr —niPyin.g)  (31)

=1 gt

wherg F s the nominal value of the bond, C is the coupan rate, P(r, 1) & the price at
firme + of & dafaull free zero coupon bond that malures at time t), q is e number of
duaramntasd coupons, and |-y () is the survival probability (l.e., tha probability at

that no dafault has occurred priar ba © (T=1)].

The first term in the equation accounts for the receipt of tha face value F with malurity
T, which is fully collateralised, and so it is discoundad al tha risk-free rale. The sacond
ferm corresponcs lo he prasent valos of g guarantaed coupens, each with mafurity
. The Mexican Par has 18 months of guaranteed interest payments so that g=3
and they can alsc be discounted at the rsk free rate, The third component accounts
for the value of the risky coupons. These may e valued according 1o their expected
pavout, which takes account of dadaull. Followlng Kesweani (20004, il nis tha length al
the rolling interest guarantes then each coupon with malurity +, B paid i and anly if

default has mot occurred before 1;-n.

In the formula we 2esume that the recovery rale is zara for any ather caghflows not
includad in the rollower guarentee. This mesns that we may owerstate the frue
probability of detault, S0 resulls lof Bofd pricas shoold be corsidered as & lower

bound (as noted by Koswani, 2000].

In the next two sections we discuss a sophisticated and then a nalva modol, which

only differ in thea way ihe probability of dedault y,{t) ia constructad.
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3.4.2. An Extended Structural Model:
The Cathcart and El-Jahel Approach (CEJ)

The assumplions of the maodel are as follows;

Assumpllon 1: Markels are Trictionless and rading is carried out in continuous time,

Thera are no faxes, ransaction costs or informational asymmetries.

Assumplion 2 The risk-adjustad dyramics o e shorl-larm inlerest rate lollew the

Cox Ingersoll and Ross-CIR (1885} square root spacification:

oy = % (- 0 L1 ool dZ, (3.7}

whera wis the long-terrmn miean of the interast rale, x, & the speod oF adjustment of

r, toward the steady state mean, a, is the [constant) volatlity and 2, is a standard

Wiener process.

Assumpiion 3 There iz a "signaling variable", X, which summarizes the set of

faciora which reflect the creditworthiness of the country. Under the risk newtral

maasura this varizhle follows a Geomeiric Brownian Motion;

El.:':t = En'..:.'-(-ldl + I.Txx.tdz:.: [33:'

where «, and o, are conslants and Z, is a standard Wiener process. Default

occurs when X, hits a barrier X, for the first time, in line with structural modals.

Assumption 4 Defaull can akso oocour by surprise a5 a jump gvant {82 in reduced-
form mcdals). Tha hazard rate is an affine function of the shor-term interast rate:

h, =a, +b,r,where a, and b, are positive constants,
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Assumplion & |i. during the lile of the security, cither the signalling variable hits the

barrler X, of a default jump occurs, then the bondholder receives a proporion & aof

fha bond face-value, whera & is the racovery rale.

Finally, il ie importani to point out that in order to facilitate schving the model, CEJ
makes the assumplion that the correlation between the signalling process and the

imtarast rabe i5 Zero. In olfer words, the instantansous correlation balweean £, and Z,

15 Zefi.

Given the above assumplions, :aihcar and Ei-Janel shaw that the price of a risky

discount bond can be expresasd as;

Hixyg.fe, Th = Prirp. ) — Prirg, Tl = Flxq, T, TR = &) {3.4a]
whare
y 1 2'| Y - E-\.I 5 E-H_ -
y+[o SO -J o, -0 —','+|-::x——ﬁ,, T
. 1
(k.. T} - : e - ; - )
EF.:'\"I.' o, u‘_-.'r
! 5o
3.4k
y=In{xySxg) {3.4c)
giry. T = exp(Cl) + DiTir, | (3.4d)

and Clt] and Dit] are soltions to the lollewing syslam of ordinary differential

equations:
%EED[T:F + {u?ﬁm — ey :I:u:ﬂ —Dy (1) b, =0 (3.4e)

KDt -Cit) -8 =0

48



CHAPTER 3! CAN STRUCTURAL MODELS EXPLAIN PRICES
OF SOVERRIGN BONDSE

subjact to the inttial conditions C{0)=0 and Dj0)=0",

The function 1—fixg, 119(r, 7] can be intarpretad as the probability of defaull due
githar 1o the signalling process X, hilling the default barer X,, or 1o a sucden
mcvamani in the interest rate r. Hence, within the CEJ contest, the survival

probability can be expressed as follows:

1 = v{z) =H{x, Tlalr, ) (3.5)

and the price of & Bracdy Bond can be caloulated by plugging equation 3.5 into

equation 3.1,

3.4.3. Description of a Naive Model with Constant
Probability of Default (NM)

An alternative "naive” structural moded, used by practitioners, is as follows. Let us
aszume that there 15 & stochastc wariable that follows a random walk and drves
detaull or the craditworthiness of the country. IF the variabla falls balow zero lor tha
first U then the country defaults and ne othar payrments will e made apad from the

astablished guarantes,

As default occurs when the vanable X, becomas negative for the dirst time, this

varable can also be interpreted as the distance-te-defaull. This model s consistent
with the lact that there are no expectations of changes in the credit quality of the
bond's issuar (a3 the drift of 8 rendaom welk is zero), Consequently, the probahbility at

that dedaull will oceur at hovizon Ad conditional on no default oocurring price B fis &

explpzh- 1}
|:|_1

B{n= as defined in Fwe CIR mocel For B sk rge @ siruglue. See Appsncix A,
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constant, p, = rI-| 1,—_% . Thug the survival probabilty {or the probability thel no
oy A

J

default haa ocourred before time 5) cAN D8 expressed as;

1= sr = (1-p J° (-3.8)

The abowve formula implies thel, regardless of time harzon, the expectad probability of
detaull in gach pariod At is not expectad to increase or decreasse. In oiher words tha
perception of the market about the solvancy capacily of the country is a constant at

any point in time when looking fenvard®.

In this frarmework he price of a Brady Bond can ba eslimated by sobstituting the
survival probability from agquation 3.5 inte equation 3.1 abawve. [t is then elemantary to

calculate the probabilltles of default p; across tme, using the market prices of the

bords, Figuwre 3.2, displays the estimated annualised probability of detault al time t
during the period Decembar 1993-February 2002, caleulated this way. The effects of
tha Maxican and Russian crises ars highly swident: tha annoal probabilities of default
increased irom aboul 5% belore the crises, up to approximately 168% and 12%
respactively. Othar events such as the Asian crisis of 1997 were not A3 devastating.
WWa also nofice that the currant levels of the counings perceved credit quality are guite

sirmilar 1o thosa observed bafare tha crises.

3.5. Implementation of the Models and

the Kalman Filter

The vae of & Kalman Filter i & natural technique te estimato the mode! parameters.
This technique iz appropriate in the case of an evolving system of which only a par is

observable. Such i tha cage for pricing models, in which marke! bond prices can be

? Seme academic papers that make this assumption ara: Bierman and Haesa [18r5), Bhanot (1088),
and Cumby and Pasting [2001), Anderson and Fenauwd {193} Merrick {1923} investgaies the
raliability of this sssumption,
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obsarved directly bul The latent variabke of signalling process that drives default

cannot.

The fremewark of the Kal/man Filter is as follows. The dala consisls of obsaersations af

bond prices B, at times t,, to,...1,. The relation betwesn the observed varable B,

and the unobserved variable X, s explained by he Maasuramant Sguation
B, =B{L,r,X, X ¥ 1)-g, (3.7}

where,

¥, I3 an unobserved vanable that satisfies the dynamica of equation 3.3 in the case of
the CEJ macel, and follows a Random Walk in the case of the MM model. Tha
discretisation of this process is known a3 the Tranaition Eguakion;

* . Iz zerg in the N model and a positive constant in the CEJ madel;

" is tha sat of paramelers hal detarmine the movements of the rsk free term
structurs in the GEJ medel;

W s the set of risky parameters”.

We sssume that prices B, are measured with error g, which 15 known as the

Measuretnen! Error, and s assumed Gaussian-distribuled with mean zero and

varlance .. Thus the function B() in equation 3.7 is interpreted a3 the theoretical

price of a risky bond. The measurement error will also be an ndicalor of the adequacy
of the model, If the frue underlying process is not 83 in equation 3.3 for the CEJ
rracal, than eguation 3.7 will be misspeciiied and prices estimated thadsretically will

deviate systematically from the observed prices.

In oroer to produce an estirmate of the unobservable variable and the paramaters in

the vectar W, the economeatric estimation of the Kalman Filler is caried ouwt in two

T = K, LT, b I Sl of parameters of e GIR process in the CE.) nsoe,
= Pty 8, B o0 the CEJ model, whereas this set is simply o, for the MR maedel,

o
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sleps. In the first step, the lalent varlable X, Is fillered and a set of estimates X, is
abtained. The fitering algorthm Is constructed as follows: at time -F estimates of the
tent variable X, are known®, Thus the Kalman Filier farms an optimal predicier

5{|||-| oy using the disiribution of the unobsarved variable, conditional on the previous

estimated values ¥, 7. The filter allows the preccted estimates of the unoosernved

varable X, 1o be updaled once a new observation B, s avalable. In the second slep,

the orrors from the pradiction are usaed o construct the Maximum Likelifood fusction

and astimals 1he modal paramatess in the vactor ¥ .

Whan thara is a linear relationship betwaen the cbeerved and unchserved variables
iha astimation of the Kalman Filler guarantaes eflicient eatimates, However, eguation

3.7 Is not linear in X, and wa are obliged to apply an approximation method called
the Extended Kalman Filter that consists of linearising the function B wsing a first

ordar Taylor expansion. The agtimation iz then done viea Quasi-Maximumn Likelihood

ol [N

In order ta avoid the estimation of the barrier X, in the CEJ model, instead of fittering

the signalling procass X, ., wa will filter 1he varabla Y, =In(X, /X, ). This new variable

can be interpreted as the distance-lc-cefadll, as it measores how far the latant

varighla iz from the barrier of default, The definition of ), in terms of natural logs has

two acvamrages: Firstly, the error term of the new transition equation will be Gaussan,

g0 the Kalman Filtar can be applied. Secondly, tha linearisation af function B} above
i terms of ¥ s simplified enormously, raducing the computing work, Apolyving [t8's
Lemma and given aquation 3.3, the transdion ecguation o the new variable ¥, s given

by

¥ |pitial values for %, and il vahanen ased o be supplied.
" The variable X, 15 assurmen o lallow a Markowian process, of which tha dynamics are governed by
the trenedion denaiby |'.|I:}:1|Kl-| :r‘.‘[—':l
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Yoo = Yoo = + 0y 14121, (3.8)

where Y, =In{¥, / X,) and Elg,n,)=0.

Thig formulation describes the distance-fo-default of the CEJ model as a Brownian
Motion with & drift”, in which the lorecast of the next period s the current cbservation

plus the average increase over the sample poriod. Observa thal  sedling

-

o, . . ;
0, = ——would yield & pure random walk, resembling the transition equation of the
M macal.

To implement gquation 3.7 under Both the CEJ and the MM models, we reguire

astimates of the diseounl lactors PFiir,, 1}, In the CEJ model the risk-free term

Structure is modelled using a CIR specifization, whereas the maive model does noi
maka any assumplions aboul the dynamics of the risk-free rale, k is well known that
o risk-frae model is able 1o adjust the observed term structure adequatety. Hance it is
wery likely ihat filting errors calculated under the CEJ model will also rellect tha
imahility of the CIR model 10 explain property the rlsk-reo term structurs. Since we ara
imtereated in the performance of the models” default features rattes tban in their risk-
free features, we estimate the discount factors by fifling a cubic spline 10 the obeerved
yield curwa, However, in the case of the SEJ model, the estimation of the SIA model is
gtill important, singe its paramelers and the implicit driving facior of the risk-frea tam

slruclure are required lo caloulate the probability of default v i1).

The implementation of the CEJ model and the irferance of its parameters is caried
out in twa stages (Iollowing Duttea (1998} and Keswani (2000}). In the first stage we

astimate the parameters of the risk-ree process (one-facior IR model) using also 8
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Kalman Filter”. The advantage of using a Kalman Filter at this stage is twofold, On ane
hand, according to Geyer and Pitchler {1988) and Duan and Simmaonata (1995}, wa
can exploit 8l the information available, across fime and matuelties, abodt the
obsernyed term gtructure. On the other hand, we can axtract tha implicil facier thal
drives the dynamics of the risk term struclure. Such a factor in the CIR model 15
interpreted as the instantansous interest rate and is imporant for the dafault modal
singe this determines the dynamics of the hazard rate. In the second slags, we use
the resulling parameter estimates for the rsk free process and the estimated
instantaneous Interest rate to estimate the parameters of default, We again use a
Kalrran Filter to cblain estimates of the distance-to-default and estimate the

pararmaters of the hazard rate.

3.5.1. Estimation Results

We implement the model in the period December 1983 to Desember 2000™, saving a
final 14 months ower for ex-ante testing. Estimates of the parameters for the CEJ
model are given n Tatde 33", In order to simplify the estimation, data are
slandardized and o, is set equal to one. To test 1he significance of each pararmeter
we use 4 Log-Likelihood Rafio statistic '™ {LR}. This ratio is based on the comparison

of the restricted and urrestricted natural log of the Maximum Likelihood Funchion.

& Ta eshimals the paramabers oy Arvi 479N il i% eonenient o think of aquation 8 ag the epresentalion

of the dynermice of the distancae-to-default in the objeaclive measure, rather than in 1he nzk nsuiral
maasure, since paramelers will be estimaled using lime series.

Tha astimatcn of the parametars of the rsk-free tarm siruciure is not our main objeclive, 5o its
eefiration 18 discusaed in Appandis A,
W pre gagume that any atructural changes In the crediwerhingss of the country are sbeamad by tha
disiance-1o-default; tharalore we will astimate the mods considering one single poicd, Meverlhedess,
whan we split up this sampds in ordar b considar 8 poesible structural change around the Russian
crisis we faund very similar results.
n The: Aumeical aplimisalion rouling wsed o maximise the Maginum Likelinood Funclion is Powedl’'s
Mathod.
' Tha likelihood ratic stafistic (LA is defined as LA = -2{nLyq —InL ). where InL, e and InLg
gra tha kg likelinood furction of the unresifciad ard rastmcted modsls respectivsly. The LR slatshc
has an asymplotic distrbaion 3;2 with m dagraas ol freadom; whare m is the number ol esincions,
When testing the significance of G, mis sai egual to 1. To iest the significance of the paramsiers 8,

and B, we should netice (hat under Ho, we an resiicling e paramsdars 12 e on e boundarny of

&b
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The first foature (o observe from Talle 3.3, 8 thet the parameters 8, end b. of tha

hazard rate are both practically zere. According to the LA test (statistic is shown in
brackets) these coefficients are clearly not significant. Hence the hazard rate
expressad in lerms ol the instantanecus risk froo rale is imelevant n determining any
change in the credit quality of the country. In addition, «, is positive and significant

jequal to 03783 However tha dift of the delance-lo-defaull Y, = IR{X; %]

i 2
according to agualtion 3.8 is given by e difference) o, - 9x

, whiczh in this casa is

slightly negative as '-"’:12 = |. This result implies that the marketl anfigipated a slight

worsenirg  in the credit quality of the cowntry during the estimated periad.
Mevertheless when we test lor the significance of such a drifi, we find that the
hypathesia that this difference B equal o zero cannot be rejected. Thersfore the

distance-te-cefault implied by the CEJ model is very close 1o a random walk,

Figure 3.3 displays the distance-to-default exiracted from e Kalman Filter (they
correspend (o the updated estimates ¥,) tor the CEJ and the WM modela, The

varables resemble each ather quile closely. However, their levals are not directly
comparagle since they arise from adjusting different types of models. A 95%
confidence intarval for the Distence-to-Defaull of the CEJ i3 plotted in Figure 3.4,
There are two imporant fallz in the seres that correspond 10 the Mexican and Fussian
crises, Qbserve thal according to both models the Russian defaull had almost the
same dramalic and negative impact on the creditworthiness of the courtry as the
Mexican devaluation. This is guite a surprising result. We altribule this 10 a liguidity
effect surraunding the Russian crisis which dried up the markets, Realistically thoro

are athar lzctors apan from default driving market prices, so it iz very likehy that the

their paramelar space {i.e., The paremeters should be equal o Zero); Weetare, in his case, LA has he
felgming asymptalio dislbibuiion under Ho:

I 4 L 4
LR ~— s )+ 1
S+ 2
where the ;f:{[]] digibution is a degenerate disifbution wilh 3l ils mass a he origine See
Harveyw 1982, o, 238] Tor delails,
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galimation of the distance-to-default has capturad athar sffacts such as a liquidily

prerniumﬂ.
Figure 3.5, shows the goodness-of-fit of the CEJ model in terms of bond prices, The

predicted prices correspond ie fhe one-step-ahead fitted values B., . The plot also

shows an upper segusancs which indicates what tha bond prices would have basn i

they nad been risk-frae.

We check the adequacy of the models by performing dizgnostic tesis and goodness-
of-fit aceording 1o Harvey (1989, p. 236}, Appropriate tests are based on the

standardised residuals @, af the one-siep-ahead prediction emora v,

o=yl whers vo=By- By and ) = var(v]

Flgure 3.8, shows the one-step-ahead residuals v, In the estimated period for the

CEJ model. Apart from a few cutliers, the slze of the arrors s less than 5% across the
estiimated period. These reskduals are conditional on infermathen known at time -7, So
an analysis of theso shoukd show whather the distribution of pricas ab time L

conditional on the information about the latent variable at time 1-1 (B, (y,,_, 1} has the
same properties as the realised disribution of market prices B, A woll-zpecilied modal

requlres that the standardised reslduals ¥, be normal and identically distributed.

Looking at the descriptive statistics for the residuals In Panel A of Tabie 3.4, it 5 claar
that the assumption of nomality is rejected by both models, Indicating the inabilily o
both models to adjust correctly, This is because the serics exhioll negative skawmess
(-2.0480 for the CEJ model and —2.7811 for the MM model) and high kurtosis [9.6140

gnd 140038 recpactively). The lack of normalily i more prorounced for the

"' Bome authore heva explainad apisodes of market turdsdence In lerms of chenges in market
sentiment rether than lquidity svents. In an extension at this chapior we insestigala the effes on fhe
distanco-le-difault of the discount of clossd-end country funds {inwesting in Letin-America) aa a
measurs of market santimant. This waratée B found 1o be esgnificant. indicating that market sertirment

av
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standardised residuals of the MM maodel than for the CEJ model, according o the
Jarqua-Bara tast in Fanel 5. Though normalily is rejected for @, , there is no evidence
of autocarrelation and Relarcecadasticity, which may indicate that the mooels are well

specified as thara ia no evidence af 8 missing varieble in the residuals,

3.5.2. Goodness-of-Fit and Model Comparisons
In-Sample

I arder to detarmine which model performs best, in Tabie 3.5 we summarise some
measures of geadness-of-fit based on cne-step prediction errors. In Pangl A, the sums
of squared errors (SSE) for both mocels are quite small, thaugh this statistic for tha
wEJ model is marginally smaler (00885 ve 0.0920). This indicales that the CEJ
maodel i marginally more accurate, which Is consislenl with the coefficient of

cetermination F2,

Following Harvew(1385), goodness-al-fit esfimalss should be cakulated kesping in

mind that observed Brady prices have shown avidence of a unit rast'™. Thus the

coefficiant of determination R dofined in Table 3.5 is a beller measurs than RAE,

whan lime series ara nol stalionary (the larger and more positive Hé.. the better}. This

gtatistic i pesilive bul close to zere for the CEJ model [(00651), while this figure is
evan chaser to zero (0.0063) for the NM model, Hence there are some gains 1o be had
from implementing the CEJ model rather than a much simpler modeal, though 1hey

sgam (o be small.

The number of parameters invelved in the models also matiers. & fairer measure of
comparnson is therefore the Akaike Infermation Criterion {AIC), However, with respect

1o this criteran, bolk models are similar,

dlso drives gredd nsk. Tha discount may also contaln @ liquidity premium. This is becauses when
Tﬂrhﬂtn became illlgud e size of the dBoow] may inorease,

rapie 3.1 showed that Brady prices bhava a high Tirst order correlation cosficsend. In addition, when
besting for @ wnit rool using the Dickay Fuller teet, wa could not reject the hypothesis aof @ unil ool
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Wea also gquanlity the goocdrass-of-fil over the estimation parod by computing some
forecast avaluation measures. Parel B shows some statistics - the smaller the figures
the better. Theil's ineguality coefficient lies in the range [0.1], with @ indicating a
perfect it and 1 indicating & predictive performance as bad a8 It could pessibly be.
According 1o this measure, the two models fit very well, though the CEJ modal fils

slightly better than the WM model,

In summary the CEJ model seems 1o il batlar than tha MM mocel in terms of
goodness-offit statistics and forecast evaluation measures. Since the gains of the
CEJ seerm marginal, we compare the models' forecast accuragy further, Following
Diabold and Mariano(1885), we test the hypothesis of equal forecast accuracy for the
iwo models. Using the Sign Test, we find thet the NM model is not a8 statistically
signilicantly worse pradictor of bond prices than the CFJ modei’™. Hence the
marginally batter accuracy of the CEJ model may nat justify its greater comploxty and

the computafional costs of its implementation,

3.6. The Economic Interpretation of
the Distance-to-Default

In this section wa examine the relafionahip between the distance-to-default generated
by Bath mocal and 8 sl af country fundamentals, Several studies hawve suggested a
number of variables that can explain other measures of creditworthiness, such as
credit ratings or credit spreacs, For example, Cantor and Packer {1396) find thal per-
capita income, inflation, growth rate ard the rafio of Toreign curancy 1o exports are all

lactors relevant lo axplaining the credit rating of 8 courtry. Beck [2001) argues that

" The loes fumcbion asseciated 1o the kst is The absciute error. Under the null hypothesis of equal
Torecasl accurdey bor two forscasis, the medien of the dfferenca of the eboclute amors should Be 2enn |

medlan(ahsle[‘”}—ab&(&?a]]—|:|]_ The null could not be rajactad et 95% confldence level. See
Digtzokd and Marianod199%5) for detaia.
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credit spreads are affected by ditferent variables at different time horizons'™. For the
determinarts of credil spreads in the medium term, he proposes simikar variables to
lhoee used by Cantor and Packer(1996). He classifies the wvarighbles inta three
calegoras. One calegory s lormed by country fundamentals, which includes the real
GDP grawih, the domestic inflation rale and the current account deficit, The other two
calegories are international interest rates and market variables such as the wolatilitg of

capital markets'”,

To chaose the variables that bast explain the distance-to-delaui, we use the general-
to-specific approach (ssa Hendry and Doomik, 2001) 1o find & parsimonioos
cheracterisation af the dependert wvariable. The geanaral modal considers saveral
explanatory variables predicted by the theory as determinarts o creditworthiness ™.
After testing several varables we found that the distance-to-dafault of both models
can be explained by the same funcdamentals: the stock market index, the cumency
exchange rate and the level and slope of the vield curve, The last two varigbles ane
calculaled ag the firet and second principal companents respectively, of the risk-free
term structure. Table 3.6, gives OLS estimates’™ of the relationship between the
distarca=lo-detaull and thesa fundarmeanial variables, for both modeols. Apart from the
lag of the stock raturns in the MR model, all the variables are significant at keast at
25% cartidenca laval tor both modals. The [act that ke distanca-to-dalault of boh
madals can ba explained by the same factors is nol surprising. However, what is
Surprising is that lhess lew varables along arg abla 1o axplain around 80% o tha

varignca of tha dislanca-to-defaull for both modals. Thie suggests, among olfer

results, that the stock merket may be an impereant determingnt of the bond markat

* Apar from economic fundamertals, credit spreade are axpected 10 be affected by bond maturity,
coupon size, degree of subordination and ciher bond teatures such s call gtructure. Literman and
[Erezry [1557).

.I 5ee also Edwards (1984), Ming {1294) and Eichengresn and Maody {1998]

® Some of the varlables 1hat were conalderad in the general model are: ratio of external debt o GOP,
fatic al expors 1o indusirial produstion, reseres to industdal produstion, mflabion, depresiation, relums
in the stock markat in pesos], several matuiies of he sk rea farm struciure, Wa make wse of
PoGate (e Herdry and Kralzig, 2007 and etart with & general, dynamic and unrastictad linear model
tor the varaiions of the distance-lo-defaull
Wt considoring the credil raling of the coundry as an sxplanatory wariabbs (cakzulated as the average
of the ratings issued by S5&P and Moodv's and converad inte a2 numerical acalsl, we dind that thia
variabke doge not corveay eddra information to that already explained by the chosen model.
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behaviour ar at lbast that the wio varabkas [distance-io-defaull and stock market) are

dependant on the sams unspecitiad tactors.

On analysing the imporance of each variable te sxplain the varation of the distance-
to-dafaull, wa find thal fhe return of the Maxican stock marsel irdex s the most
relevant varable™, This varable accounts for appraximately 52% of the variance of
the dependent varable in the case of the GEJ model. For tha M model this figure is
45%. As would be expected the coefficient is positive, meaning that positive market
relums Improve the perception of the credit quality of the country, This is congistent
with the prediclions of structural modeals, in which the stock market seems to lead the
bond markel. This resull s also consistent with some recent lilerature cn sowersign
cradil spreads. For instance, Barahil el al. {2000) find imporant co-movements
batwean high-yiald bonds and equily indices. A possible explanation far this is that
financial markel conditions seem to caplure irforrealion about counires’ credit quality.
Barmhill argues that an increase in the siock markel index increasas capilal gains,
leading to an increase in tax revenues and consaquently 1o an increase in the

gavemment's ability 1o servce its debi.

The next most relevant variable is the variglion of the exchange rata. s cosfficient
has the expecied negative sign for both models. The resuits show that & depraciation
of 1% of the peso will produce a negative change in the distance-to-default by 0.0221

and Q.0017 units in the GEJ and NM models respectively.

With regard 1o the rle of the risk-free inlerest rate, we lind that variations in the leval
and slope of the yield curve are significant ai 95% and 99 significant levels

respeclively’ , These results are &lso in line with previous results on corporate bonds.

* Standard Erroms are comected for halaroscedasticity using While's mathaod,

? |n order to Bvoid multicolnearty, the stock merksd raturns have bean calculatad wsing the indsx in
pesos Bnd not in dollers. This @ beceuse the vanable in dollars was highly correlated with the
gxchange rale.

! Recall that the estimation of tha interest rale process (CIR) via a Kalman Filter generates an implic
factor thet drives the nsk-free term etruciure. Swch a fector és theorellcally associeled to the
instantanaaus or shar-lerm Inberest rabe, The eomdation bebseen this eslimaled Factar and e lewel ol
thie yigkd curva (measured a5 is lirs principal comgonent] is wary high (99%). Wa find that this Fector is

B1
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Tha ampirical ralaticnship batwsen cradit sproads and nterest rales has been widely
discussad in the lileralure, Longstafl and Schwarlz (1995) show that the interast rate
iz an important factor in defermining default risk in corporate bonds, Thay find thatl an
incregze in the interest rete leacs 1o g fall in gredit spreads. Dufies {1998) looks at the
efiect of the level and slops of the riek free tarm struciure. Ha finds that changas in the
shar-end of the Treasury curve are negatively related to changes in credit spreads.
This relafignshio is more significant for low-rate bonds, A similar result holds for the
relationship of spreads with the slope of the yield curve™, In our case the measure of
credt risk is the distance-io-cefault, which might be expected to be negatively
correlated with credit spreads. In fact our results indicate that there iz a positive
relationship (the size of the coefficients are 0.0603 and 0.0054 for the CEJ and MM
madel respectively) between the level of the yvield curve and the distanca-to-default
implead by both models. Folowing the axplanation Tor corparate bonds, & may De that
ar inGreasa it Lhe risk-fress rata producas an increasae in tha risk neutral growth rate of
the country's wealth and therefare increases the distance-to-default, This result is
eciually predicted by the aovergign-bond medel of Gibson and Sundaresan (2001},
Thaugh this result is congistent with empirical findings, it also proves that the
pgaumption of the CEJ Model that the signalling varieble and interest rale are
uncorrelated, is unrgalistic. Furthermore, since the hazard rate was found o De
insignificant in explaining the dynamics of the model, T seems that in this period the
effect of the interest rale on bond prces could be more appropriately modallea

through & diffusion process rather than a jump.

Examming whether these wvariablos are also good predictors of obsarved cradil
spreads, wa find that they are able fo explain around 783 of the varlation, This tigurc
iz similar for the digtance-to-default, The direction of the varables 5 conslstent with
ihe literatura and also with the findings about the distance-to-default, This high figure

is quile surprising, since in previcus empirical lilerature, the explanatory power of tha

signilicant for the distance-to-default of the MM medel end provides the same Informeticn as e leval
of the yield curde in the regresson model. However, this lacior s weakly significan for the dislance-o-
defaull of the CEJ model, and therelfon e leve of the yviekd curve seems 1o be 8 better pradictor.
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models has been quite low, Caollin-Dufresne et al, (20010) explain not more than 25%
of corporate credit spreads, using those vanables predicted by structural models.
Gruber et al. (2001) find also that expected defaull risk explaing about the same
percentage; and cther variables such as tax efects ard a figk premium ars avarn mores
relevant. Using several macropconamic varlanlas, Wesiphalen (2002) also explains

around 25% of the changes of credit spreads on bonds issuad by amarging markals.

3.6.1. Performance of the Economic Proxy

of the Distance-to-Default

Hera wa asamirg whather wea can replace ithe disiance-to-default with its estimated
value irarm Mg sconomic variables and still produce accurate price predictions both in-

sampla and out-af-sample (January 2001 to February 2002),

First we approximate the distance-to-default for each model wsing the lundamentals
found in the previous section and produce & forecast of this vanabhe for the pericd out-
of-sample. The new proxy of the distance-lo-default for the whole period (December
93-Fearuary 2002} is now used as a latent varable in each model. The forecasied
prices and the prediction ermors lor the whole samphke under the CEJ model ara plotied
n Figures 3.7, and 3.8, The fitting ermars, calculated as the difference belween the
abserved price and the forecast, show a systematic pattern. Most of the fime the
madel seems 1o undorostimate the cbserved prices {forecaslad pricing errars are
positve in Figure J3.8.), apar from 1he period between February 1994 and February
1996 in which lorecaslad prices are highar than the obeerved ones (foracastad pricing
errars are negatiee)], This is ewdence of a missing variabke Lhat should capture
irformatian abowt improvements in the crodit quality of the country aftar the Mexican

Crsis.

% Soe Mams, MNeal and Ralph (1959}, Tor an analysis of the ralabionship in tha long-run batween cradit
spreads and interest rabes.

a3
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Table 4.7, displays the statistics about the performance of the modols, using the proxy
ol the lalent varabla. 0 erms of the sum of squared residuals (SSE}, the squara roat
of the mean squared residuals (AMSE} and the mean absolule ermor (MAE), the
figuras for the CEJ maodel are smaller than those far tha MM model. This indigates that
the CEJ madal still perfarme beiter than the naive model, boih in-sample and out-of-
sample, whan the distance-o-defaull has heen substhuted by B proxy bazed on
gcOnamic varighies. Howevar, when testing equality of forecast accuracy, using the

Zign Test we cannat rejeck the nypothesis that both models generate similar forecasis.

Finally, credit models can also be testad on thalr abllity to replicate smpircal cradit
spraads. Wa tind that when using the prosy of tha distancs-to-default, the theoratical

cradil spraads and bond prices can axplain abowt 78% of the obsarved series [(total

sampde}, according to the R stafistie, This shows that in additlen te explaining a high
propetion of the distance-to-default, we have also been able fo explain a high

proportion of the empirical credit spreads and bond prices.

3.7. Conclusions and Further Research

This research iits the Calhcart and ElJahal {2003) (CEJ) model ta pricas of the
Mexitan Brady Par bond, using an extanded Kalman Filter 1o estimate tha default
barrigr. Tha modsl s appealing for bwo reasans; fimilly because it incorporates wo
diffesresnl weays of riggeriryg default - # occurs either when B stochastic variable hits 8
barriar (in lina with siructural modsls]) or when a8 jump evant ocours (in line with
reducad-form modals]; and secondly because il providea 8 eemi-cloged-form solufion

for zero coupon bomds, allowing relativaly sasy calculation.

The empirizal resublls are encouraging in some ways, bul discouraging in olbers.
EBeginning with the “discouraging” results, we tind thal the paramalers of the hazard

rate {jumpl compoenent are not significant and o the reduced-ferm features of the
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model make no cortribution o its perormance. There are several reasang why this

might ocour:

=  The ratiocnale for incleding & jump process in the CEJ model is (o explan missing
information about the dynamics of default that structural models hawve not boen
able to capture through diffusion processes. I this paricular application the
estimaled structural variable has been able o explain most of the impact on
Mexican bonds of major credit cvents over the [ast decade. Consegquantly thers

may be no need for a [ump process,

= According to the model, movements of tha hazard rale are delamined by tha
short risk-free interest rate. Howswer, we have found that a wvariable which is
highly correlated with the estimals of the shor rate, the level of the vield curva,
axplaing part of the variance of the distance-to-default. In consequence of this
deuble role of the rsk-free rale, it is not surprising that the hazard rafe is unable
v axplain additional variance, apart fram that already capiured by the distance-

io-dafaulf.

s«  The propedies of a hezard-rate process might be more relevart for shor-ierm
rathar than long-term debi, since, according to the [derature, reduced-iorm
modeds have proved o be more effective than structural models when predicting

cradil spraads in tha shart tarm.

A furiher discouraging or disappainting result is thaf, in-sample, the sophisticated
glruclural CEJ model is anly slightly suparar in terms of goodrness-of-it to an
axtramaly simple sfructural modal which assumes that the distance-to-cefaull follows
a rancom walk. The estimated drifi of the distance-to-delault for the CEJ madel is
qQute small, tharelofe it i difficull o distinguish betwesn this model and a random
walk, Actually Jurther lesls indicale thal the predictive power of both models is

giatatically not different irom sach athar.
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Tuming (o the more posilive results, there are [wo in paticular which are worh

armphiasising:

*  We fird thal country lundameantals do play &n important rale in explainmg most of
the dynamics of the distance-e-cofault. 0% of changes In the latent variable of
the CEJ modsl can be attnbuted to changes In three fundamenial variables: the
slock marked leval, the exchangs rats and the shape of the vield curva.
Surprisingly, the leval of the stock market is fourd 1o ba the mos! important
deferminant of the dynamics of the dislance-lo-dedadll (2ecounting  for
approximately 52% of tha fptal variancs). The remaining 20% of unexplained
varianca coukd be attributable ta extarmal variablas which we have not measured,
auch &s contagion effects or international liquidity, or even to other non-
quanfifiable variables, such as counfry reputation, willingness-to-pay or bond-
marke! seniimert, The exploration of these missing variables 5 a subject for

further researnch.

= Changea in the distance-to-defzult are positively correlated with changes in the
risk-iree rate, Consequently {and in ling with the lterature on corporate rathes
than soversign bonds) the risk-free rate is negatively related to credit spreads.

Thiz iz a fundamental characternistic of structural models,

« We find that the same variables that explair the distance-to-default are alzo able
tp expla:n a high proportion of the cbserved credit spreads (F9%} Therefore, it
seems that credit spreads and the distance-io-default capiure similar information.
Furthar research neads o be dome to analyse the theorstical and empirical
diffarances betwaen thaas two variahles. Mevertheleas, we helieve thal there are
some advantages in modalling tha distance-to-dafault rather than credit apreade.
Firstly, the distance-to-default can be used to price othar bonds issusd by the
sarne borrower. Fallowing tha samea malhodology we can infer the determinants

of soversign risk using actively traded insirdmanis, than wa can combing such

GEE
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OF SOVERETGY BONDS?

determinants to produce the distance-lo-delaull and pr'n::e rew Issues or kess
liquid insfruments, Secondly, by analysing the relationship betwesn tha distance-
to-default of different borrowers, it may be possible o modal cradit correlaticns

and price portiolios within a structural framework,

The gararal conclusion is that the Tactors affecting the prices of Mexican Brady bords
can be identified and combined info a single variable which reflects credit-worthiness.
& structural model which uses this [atent variable as the default barrier performs
slightly better than a random walk, bolh in-sampke ard cut-of-sample, but the gain is
achieved al 2 considarable coslt in extra complexity. Therefora, 1o answer the question
of the chapier's title, structural models can help in explaining the prices of soveregn

bonda, but there is siill much ta discowar in this area.

Further research in several dirgslions reeds (o be done. Ragarding the spacificatian of
ihe model, here we have made imporant essumptions swch as no-recovery or
rgnegotiation of the nsky coupons wpon default, | would Be worlh analysing the
robusiness of thase resulls under different scenarios of the recovery rata. Also, tha
CEJ model assumeas no cormslalion batween the nsk-free process and the sigralling
variable driving cefaull. Alternative speclficatons relaxing this assumption or
rncdelling the hazasd rate In terns of other fundarmentals rather than the risk-free rate
nesd to be tested. Regarding the determnants of the distance-to-default, ather
varables such as liguidily, contagion effects and the rale of factors that determine the
willingnass 1o pay may ba worlh exploring. Finally, a more axtenslve analysis using a
large samiple af countriss will give s more insighbls into tha atility of streclural mocals

aned tha relalionship o cradil nsk Aacross counires.

T
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Table 3.1. Summary Statistica of the Mexlzan Brady Par
Mean Std.Dev. Minimum Maximum Skewness Kurtosis Autocorrelation

Fricas 7H.650 11,4385 47.250 %45.250 0. 266 2.347 0.8943
Haturns 0.001 0,045 -0.174 2.115 =1.081 5162 0.405

Dala is oblainad iom Datastream. Relums are calculaled wsing the difference of mafural kgs o prices,
The sample contalne BB abservalions in the ponicd Decamier 1993-Februany 2002,
The Autocommdalion coellicisn corrasgonds 1o tha fired crder senally correlated ooethiciant.

Table 3.2, Summary Statistlcs of US Government Bond Yields

Malurity Mean Std, Dev. Skewness HKurtosls Auwtocorrelation

3omonth 00486 00101 17705 58629 0.903
gmonth  0OS00 0004 16235 5.3386 0.914
1-ygar  DOS19 Q0107 -1.4902 49848 0.819
Zygar 00542 00088 09244 37958 0.923
J-vaar (0558 .00 S ESEE 3I1TTE .522
Fyear D076 0.0084 01967 27162 0.527
10-vear  00BI0 00075 01208 25164 0.936
30-year 00827 00072 04025  2.4304 {.845

Statistices are calculeted fram monthly LS sirips published by Bloomierg in the period December 1983-
February 2002. Rales have boen convered inte continuoualy compounded rates.
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Table 3.3. Estimation Results for the Parameters of the CEJ Model

Hezard Rate Lalent Variable !
- A, (x10%) by, (x10°} x4
Faramater Valus 0.0020 0.0319 p.a7eI™
10.0015) o.001s | (26,71
Log Likelihood 170,784

Tha first rowe of 1he tabls represerds the selimaled values of s paramadars. The ligures in brackets
correspond to the lkelihood ratio atatistica {LA) that teat the skgnificance of the parametsr.

* pararmclens ane gigniticand al 2% contitlenps leved.

ap and by are the parameters of the hazard rate defined as & = a; +b; -ry.

The critical value tor fie pararmeters &, and b, at 95% (see e Tor explanalion) is equal bo
1.0 1.0

. Q)+ — 11=1.25

5 ¥ e (0] E‘J‘an[ ]

ot i5 Ihe drilt of the latenl variable X, and has been eslimaled using the specification af e follgwing
fransficn equetan in the Kaiman Filbker (ess text for explanatian)

4 2.
oy |1 —
(ERACRILE ‘”.zwﬂ']-"'-’m- whars ¥, =In(X, { X, ),

The aritical value for &, al 95% © Tagsil) = 3,84
Variables are slandarised by selling o, =1

Table 3.4. Analysis of the Siandardised Residuals af the Models

Fanel & Summary Statistics

Median | Skewness| HKurtogis

CEJ Model | 02150 2.4 840 9.6140

N Model D 2080 =281 140035

Fanel B, Diagnostic Teats

Normality Test | Autocorrelation|Heteroscedasticity
Jargue-Bera G-stat (k=1)
CEJ Model 214.3479 1981 11.6935
{0,000} {0274 {0.8871)
MM Madal h38.4161 (2350 52000
(0.000] (0,261} {09999

p-valuas appear in brackeis.

The standard residuals are delined as ¥ = v, -"-.,l'r. whore W= B By,
For 1the descrigtion of the hetercscedastcity 1661 ase Harvey {pag 254).
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OF SQVEREIGN RONDIS?
Table 3.5. Comparison of the Models
Fanel A Goodness-of-fit Statistics
SSE RZ ! A2 AlC
CEJ Model | 00855 | 0.9363 ; 00651 Q.0011
NM Model | 00320 | 09323 ' 00063 000711

The Sum of the Squared Errors l8 defined s $5E = T '.'F

|
H

The Coafficlent of Detamminetion B3 = | - SSE E (A B,- tzan{B¢

t=2

gnd AIC iz the Akalke Information Crierlon and @ equal to AIC= 37 exp(@miN), where m s the

number of parameters ko estimate, M is the number of oheenations in the semple and &° s the

variance of the modael

Panel B, Forecast Evaluation Measures

RMSE | MAE | MWAPE Thells U
CEJ Modeal Doasy 0028 | 0.0azy D06
NM Model | 00327 | 0.0228 | 0.0931 D.0223

Wil

AMSE = Sguare Roct ol the Mean Squared Error

MAE = Wigaun Absaluls Errar
MAPE= Mean Abapluts Perceniaga Erncr

Ihel's U = Thell Ineguality Coeficken

0
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Teble 3.6. Economic Interprelalion of the Distance-to-Default

Dependent Variable: A (Destance-io- Defau )y

Variable CEJ Modal NM Mode!
c 0.0053 0.0003
(0.0167} (0.0011)
1.5821" 0.1075*
AlniStock Market Indax), (01652} v kel
(.3083"
& ini Stock Marke? Index)., {01431
-0, e I T
A (Exchange Rate), ?unﬂeiﬁ 4 -?u'_:gnf:.
_ 0.0609* 0.0054*
A flovel of yield curve) ., (0.0251) {3.0021)
Aslope of ylekd curve), ?61_33?232:, E:&.q;gagg;
<1.5GRa" SRR
Dummyy, g-1ses (D745 {C.0106)
R-squared DB116 0.73%3
Durbin-Watson 1.7504 21697
F- atatistic 54.5865 &il.3130

Standard amrcra in brackets. * and ** mean thai parametars are sigrilicand ai 95% and 5%
respestivaly.

Estimatas ars QLS whare stardard arrors are adiesbed e helersoedasticity

The number of adpueatsd obeervatiora & &3 (Feb 1984-Dec 20000,

Theiz waarighle Dummy takes value one 0 fugus! 1998 and zero olhenyise.

Ell
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Table 3.7. Predictive Power of the Proxy of lhe Distance-to-Default

In Sample Out of Sample
{Feb 94- Dec 00) {Jan 01- Feb 0:2)
SSE | AMSE | MAE SSE RMSE | MAE

CEJ Madel | .0805 | 00310 | 0.0257 | 0.0B52 0.0859 .05

MM Model | 0.0802 | 0.0327 | 0.0267 | 00736 0070 02,0553

S5E= Sum Souared Emors.
AMEE = Square Fool of the Maan Squered Ermars.
MAE= Maan Absolue Errar

Each meded is run wsing & prosy of the distance-to-default. Such a prosy comezponds 1o 1he fited
valuas of the respeclive regrassion in Tabie 246,

g
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Brady Prices
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Flgure 3.1, Prces of the Mexican Brady Par 8.25 of 2018
Implicit Default Probabilities { ' ) implied by the Naive

i Model (WM}
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Figure 3.2, Implicit Probabilities of Defaultpy

They are obiained from a model that assumes that at each paind in fime the probabitity of
default at the ernd of penod At s corsfant. Tie plot displays annual probatiities.
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Distance to Default
5 0.95
0.9
- 0,85
0.8 _
- Q.75
0.7
- 0.65 <
0.6
- (.55
0.5

CEJ Model
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Diac-05
Jun-97
Dec-57

Jun-88 -
Cac-898 |
Dec-94 -+
Jun-00 +
D00

Figura 3.3. Dislanca-fo-Dafault impiad by the Mocdois
The variablas corraspomnd i3 the updataed estimales of the Kalman Fitter

—CEJ
—NM

Confidence Interval for the Distance-to-Default
CEJ Model
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Figura 3.4, 35% Canfidence nfarval for the Distamca-ta-Default

fntervals are calculated as ¥, + 1.96./P, , whore P, is tha variance of he updaled ssfimates.
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Observed vs Pradicted Prices (CEJ model)
120
110 Lo
100 A A\ /\"/J ~_\\ JV/l Thearalical |
5 At X B R i Price
an 1 s & Suserved
a0 *A \r\\/’ M Mr/ —_ Erhnfﬁm
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Figure 3.5. Actual against Fitted Pricas

The plot comasponds fo the actual price B, [Observed Price), its ane-slap-ahead filted vailues
By (Theorstical Frice) and & Thecrstical Risk-Free Baord with the same matunfy and

coupon as hhe risky bond.

One-step ahead Residuals (CEJ)

I AV
8 3 338885 5 888 388 8
g8 S 385 8 5 8 5 8 5 8 5 8 5 8
g 5 d S0 9 e Sma 3 a | g 30

Figura 3.8, One-sfap-ahead Residuals caicwlated for the CEJS model,
The resiguals are the difference behwaen the obssrved pricae and tha eslimated price

calcilated with the one-step-ghaad prediction: vy =B, - By, ,
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Forecasted Prices
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Flgure 3,7, Forecasted Prices using a Proxy of the Distance-la-Dafautt and the CEJ Mode!
The proxy of the disfance-fo-dafault /s expregsed In terms of economic fundamentals.

The proxy af e distance-to-dedault 13 defined Be:

A (Distence-to-Cafawih = Q0059 + 1.5827 A InfSlock Marked lndai) +
(OL2I67) (5. T852)

(2083 A infStoack Marked Indexy. - Q0221 A (Exchangs Ratal +0.0608 A (laved of weld curval.
G 1437 ) 0.4y (LG

S0 159593 A fsiope of wWeld cones by 405688 DUmmpLwg. 1o0s
{00722} [i1L0745)

Forecasted Pricing Errors
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Figura 3.8. Faracasted Pricing Errors of the CEJ modal
These are calkouisted Using g proxy of the distanoe-lo-defaull.
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Appendix A: The Estimation of the Risk-Free

Term Structure

I order o astimate the dynarmics of the inslantansous naminal inlerast rata under [he
abjeciive measurs, we adopt tha following formulation of the CIA medel that conaiders

the markat price of risk:
dr = (kop, - (e, +apo - aor b2, o) =,

where 2. is a Wiener process, w. s the long term mean, ;. s the mean reverslon

parametar, A, is the market price of sk and o, is the constant vaolatility parameter. In

additiar the condition 2x,u, =a, * must be salstied in order o guaranies positive r, .

According 10 Gox, Ingerscel and Ross (1283). tha nominal price at time ¢ of & pura

discount bond with face valua of one dollar and tims 1o matoriy © s

Fulz) = Aft)expl- Bixe, |

where

A(r) = [2¢1 eXp(¢2T/2)j¢3
04
Zlexpld,t)- 1)

ﬁ"r:l =
L 'y

0, :\/(K, +)»,)2 +2<5r2 , 0 = Kp + A +0p, 03 =2%.U, /0, and

0o = 2y + 080 T)-1)
The vield to maturity at time ¢ of a discount bond 1hal matures al time T is an alline

funclion of ihe instantaneouws interast rate .

Ryt = - In F:!fr} __Iog :i:f:] . E:E:J Fl:

bl
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We estrmate the parameders of the medel by implementing tha approach used by
Gever and Pitchler (1998) and Duan and Simenato (1995, They argue that by wsing a
Kalman Fifter we can incorporate all available information abowl the yield curve
contained in time senes and cross-sections. Im their iramawork the system involves an
absarved variable which is the cbserved term structure, and am unobsarvad factar or

variatde that drives the dynamices of the term structure. The mplementation al the

Kalman Filter relies on the transition density of the unobservable variablepir.r,_: 17,
which for the CIR model & & non-central *. The estimation of the model can be
carriad oul by substituting for this transifion dessity with 2 nomnal distribution with

migan and varance equal 1o those of tha non-cartral ¥?, amd consequantly our

parameler eslimales will be quasismaximum Jkelihood,

The dynamics of the measurement equation for the chserved yields Hyir, 1) and

the transition cquation for the onc-facter CIR medel sne defined as follows.

Measurement Equatian:
Rylr. T.7 b | : -m AL - ‘E'-[l'.‘:,]."‘ll, gy
Rel(r, T T2k ~nAll s . Bil )/ 13 N By,
: B : £ t :
R omal | | Ayl o] (Bt | B

where T is the sat of paramaters, 5, & the lime o matunty, &, - NI, and O is a

diagonal Mxh malric thal centains tha variarce of tha errors for sach matunily.

Transifion Equation:
L
My = lr* (L —exp{—r, SPZ)} + expl-k, S 120

whara ﬂT‘I = UE‘ Ml & [| -
Kp L2

sl —tc, £ 12]+ epl -k S 1200, |

The implementatian of the filer generates all the necessary information to calculate

tha Guasi-Maximum Likelihood tunclion QML) {see Harvey 1989, p. 1265

vE
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K 1
1 ] 1 (N

InL = ——Min{2m—— InF, —— v
5 | 22{ 173 I-EI. Fiv

whete M is the number of observations, v, is a MNx7 weclor of errors

Biry)iy || Bty ]

ﬁl:-]“, TE:I-'I"[: 1 ﬁl:]","r:r].“[:

""-.=H|‘H|['!-r11-=_]'- F= +H; and P‘|"' is the

t|t—|

Bliog)ine] BN gl

conditional variance of r; and var(n,j=H.

A_1. Empirical Results

We use US interes! rates for 8 maturitles observed monthly during the peried Dec
1983 to Dec 2000. The estimates of the parameters using Maximum Likelibood are

shown in Table A.3.7, below, Pane! A shows the estimates of the parameters u,, .
g, and A, with their respactive p-values in brackels. All the paramsters oxcept

A, are highly significant (al 85% and 958%).

On analysing the ong-step-ahead residualzs, we find thal they are mainly negativehy-
biased across short maturites, and highly autocorrelated (see Panel B, below), Tha
aulocorrelalion is higher for the shor-end and leng-end of the curve thamn lor
intermediate maturilies. Panal & also shows the square rool of the mean square ermor
in basis points {AMSE). Obsarve 1hal the AMSE stalislic is also highes lor the short-
ferm and long-term mathurities than for ather maturities. In summary, it saems hat b
ane-factor GIA model! cannot eaccount dor all the dynamice of the tarm structurs, This is
actually conziatent wilh the litarature. Ciher empirical resulis alse show that muoltifaclor

CIA implementations are also unlikaly to fit e obssrved Yiald curve groparly.

The implamentaton of tha Kalman Filler provides an astimation of the factor that

drives the whols tamm structure. In a ene-factor model, such a variable is inferpreted

as the instantanecus inferest rate snd we denate it by f. Fansl C displays the

Ei:
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correlations for the series in differences between the driving factor f, and the yiskds

fram different maturities. QObserve that the letent variable is more carrelated with the
intermediate maturitiea of the curve, This may suppart the fact that the model seems
1o Bdjuat better far intermediate maturitias.

Table A.3.1. Estimation Resuhls for the CIR Model

Panel A: Parameter Eztimates

My . Ky U Aoy
Paramater Value .02 0.0316"" 0.1285" -0.0280
[2.0000) [0.Q000) {0.0000) [0,2444)
Log Likeliheod 3307 7ev

** Paramsiers ara sighilicant at 99% conlidanca lewal. p-waluas are shodn in brackels,
Parametera are calculeted wsing monthhy cosareations of 3 and 6 months and 1, 2, 3, 5, 10 and 20-
wear LIS yields during the period Decernber 19393 1o December 2002,

Panel B: Statistics of the One-slep-ahead Rosiduals.

. Maturity M fid 1Y 2Y 3y 5Y | 10y | 30y
Skowness | -0.379 | -0.285 | -0.757 | -0.479 [ 0019 | 0370 | 0.449 | 0,550
Aulocor. | 0837 | 0792 | 0669 | 0,366 | 0,321 | 0865 | 0.¥72 | 0.923

AMSE 0868 | 0.540 | 0400 | 0289 | 0282 | 0,354 | 0.5 | O.549

{bacsizpaints)

—

RMSE = Jmean(S5E) , SSE = ¥ (v, - 91.1) -

Panel C: Correlation of the Latent Varahle with the Term Structure

Matiriby A M 1Y 2% 3 a7 10% 0%

Correlalion | 0.385 | 0,685 | 0.884 | 0.963 | 0.958 | 0.978 | 0.918 | 0.830_

Carralations are: measumd wsing The Tinst diforenses of tho vinlds Tor each maturiby,

&0



Chapter 4

What drives Credit Risk in Emerging Markets?
The Role of Country Fundamentals
and Market Co-movements.

Abstract of Chapter 4

This chapter investigates how the creditworthiness of Argentina, Brazil, Mexico and
Venezuela as reflected by their bond prices, is influenced by both global factors and

country-specific fundamentals.

We use an extended structural model suggested by Cathcart and El-Jahel (2003) and
a Kalman Filter to obtain the distance-to-default implicit in prices of each country’s
Brady bonds. We find that a small set of country fundamental variables and external
factors, including a variable that measures market sentiment, are able to explain up to
approximately 80% of the variance of the distance-to-default of each country.
Whereas country specific factors are statistically significant in explaining the distance-
to-default, external factors (such as the US stock market index, interest rates and
market interdependence across countries) are much more important in explaining the
dynamics of this variable. Using principal component analysis we find that there is a
common factor for all of the countries which explains approximately 60% of the
remaining variance (of the residuals). This common factor is therefore systematic and

purely related to the bond market.



CHAPTER 4: WHAT ORTVES CREDIT RISK IN EMERGING MARKETS?
THE ROLE OF COUNTRY FUNDAMENTALS AND MARKET CO-MOVEMENTS.

4.1. Introduction

Credit spreads are usually seen as a measure of the creditworthiness o corporale
bonds or sovereign bonds issuers, Looking at their determinants, Collin-Duiresne et
al. 20010} show that changes in credit spreads on corporate bonds cannot be
gxplained by changes in the expected default risk of the firm and thal other identifiable
variables, such as interest rates, explain little aof the variation. Most of the risk is

systemalic and cannat be divarsifiad away.

Within the literature on sovergign debl, a number of ralatively recent papars have
explored the determinants of credil spreads. Macroeconomic variables, such as GDP
growth, infiation and US Treasury yiekds, are found 1o be important. Howewvar, Kamn
and Kleist (1999}, Eichengreen and Mody (1098} and Canier and Packer [1996) have
pointed out that it is not enly country-specific fundamentals and external tactors which
drive fluctuations in Soverelgn spreads of emerging markeis, but thal "market

sentimant” alse sasms o ba Important.

This chapier builds of the previous one and investigates R measure which is implicit in
the market pricas of soversin debl, namely the distance-to-default, In paricular we
are intarested in invastigating the axtant (o which variations in the distance-to-default
zan be mitibutad 1o changes in common [Actors across countries (leading 1o confagian

eflects),

Tryving to ieniify the conieni of the distance-lo-default as a measure of
creditworthiness of tha country offars wo main advaniages over trving 1o explain
cradit spreads direcily. Firstly, such a measure can be soan as a cradit rating Indax in

confinuous time'. By axiracting this measure from a cradlt risk madel, we are isalating

' Thia appreach is discussed by Claessans and Penacchi (1986) and Gumby and Evans {1935],
Andersan end Renault {142}, They freat craditworthiress e an unobesmvable wariable thal follows a
speecilic glochasiic prosess. KMY Comporation | which & now part of Moody's ) has alep daveloped a
crediiworhiness vadabla [Mhe sxpacled distance-to-dalaol”) based on & lirm's aquily maiel prices,
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default risk from other factors that usually affect credit spreads, such as time 1o
maturity, coupons, amcrtizalion schedules. Secendly, there is a polential applicatin ol
such a measure within structural modsls (ses lor example Hull and White {2001} and
Avellanaga and Zhou (2001)). Following the sarme idea from Raducad Form Modals,
whars tha corralation between issuars is imposed by corralating (heir hazard ralas, in
the case of struciural macals e relationship babyean issuars may ba modallad by

correlating thair distances-to-default,

Understanding the warisbles that determine ithe dynamics of ¢ountries'
crediworthiness is impertant for financial insfifutions, Furthermore, the analyvsis of the
|eim babaviour of sovarelgn credit risk and the machanisms of contagion and default is
vital fer pricing, portiolio valuatien, risk management and the regulation of fingncial

iretitutions.

We use monthly Brady Bond prices of Argenting, Brazil, Mexico and Venszuels,
during the period April 1984-Cctobar 2001, The advantage of using Brady Bonds is
that they are highly liguid instruments. 0 addition, Brady Bonds are patially
callaterglised instruments; therefore such collateral can be considered as a proxy for
the recovery rate, We usa an extended structural modal suggesied by Cathcart and
El-Jahed (2003 and B Kalman Filler to oblain the distance-lo-defaull. As lar as we
know 1his model has not been ested empircally baefore. An additicnal atlractive
feature of this study is that most of the lifgraturg on festing pricing models has been
devaloped around invesiment grace corporate bonds. In this chapter we use a
slructural model b price soversign Brady bonds, Therefore this study provides further
insights about both the vae of thess types of models 1o price soversign bonds and the

credit risk behawviour ol non-inveaimeant rated inairumanis.

We parameterise the model iollowing the mathodalegy dascribed in tha previous

chapter. Having exiracted tha implicl distance-to-defadlt implisd by bond prices lor

sach nalion, we then invastigate i1& sconomic determinants. Global factors, such as
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the LIS stock market &and common shocks transmited via the stock market, are the
mast important varables for all of the countries. Mher ocal variabdes, such as
Intemational resarvas and inflation, are also significant thawgh their contribudion is less
Important. We also test the significance of a sentiment variable towards Emerging
markeats. According 1o tha litaratura [sea for aexample De Long et al {1290)], investors
wha trade on sentiment may have a systematic impact, We construct an index from
the discount of closed-end country funds that invest in Latin-American markets, which
is baliaved 1o capture the dynamics of sentiment of forcign imvestors. Wae find that this
variable i3 significant ard important for Argentina, Brazil and Mexico, but net for

Venazuala.

Anather result is that there = a negatve relationship betwesn credit spreads and tha
risk-free interest rate. This confirms that the findings on corporate bonde alen apphy to
sovereign bonds. Finally, we run a principal component analysia on the residuals of
the above regrassions and find that the first principal component captures
approximatehy 0% of tha rasidual variance. This indicates that, atthough important co-
moavements in 1he bond market are the result of contagion across stock markets, there

is still some co-mowvemaent which has o do with the bond market only.

This chapter is orgenised as Iolows, Section 4.2 reviews the existing Meraturs on the
empirical determinants of credit risk. Section 4.3 Introduces an extendad siructural
modal proposed by Cathcan and El-dahel (2003) (o price rdsky ero-coupon bonds,
and a pricing model for Brady Par bonds. In Seclion 4.4 we present the data,
Methodology and results of the estimated model are shown in Section 4.5. In Section
4.6 wa analyse the wariables that affest the distance-ta-dedauil. In Section 4.7 wa
prasent the resulia of estimating regression equations thal sxplain the varations of tha
distance-to-default by using OLS. We also investigate the information contained in the

residuals of these regressiona. Section 4.4 gives the conclusians.
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4.2. Literature Review

There is a wide litereture whigh investigates tha detarminants of cradil spreads on
corporate bonds and sovergign bonds, In an empitical paper using & regression
madel, Collin-Cufresne, Galdstein and Martin (20010) find that the variables predicted
o be ralevant by structural models, such ag leverage rafio, interest rate, volatility and
BCONAMIC enviranment, explain &t most 25% of the changes in credit spreads on
corporate bonds. Most importanily, using principal components on the residuals of
those ragressions they lind that there s an uncbserved commen facior that explaing
mast of the residual variance. However they are unable to lind any economic meaning
for such a common facior. Elten, Gruber, Agrawal and Mann (2001} alse find that
dafault rigk explaing only around the 26% of corporate bond spreads. Othar factors
auch gs tax effecis and a risk premium play an important role. They conclude that

st of the risk in corporale bonds is sysiematic and carnat be divarsifiad away.

Turning to sowvareign bonds, Cantor and Packer [1995) conclude thet per capila
incornea, GOP growth, inflation and cxtermal debt are significant detarminants of credit
spraads  for devoloped and developing  countries, Kamin and  Kleist  [1887),
Eichengresn and Mody (1928) and Cantor and Packer [(19946) argue that it is not only
couniry specific fundameantals which drive fluctuations in emerging market scveraign
spreads, but also changas In market sentimert. For example Eichengreen and Mody
(1988] find that changeas in spreads are mainly due 1o shifts in market sentiment rather

than in fundamentals.

In an extensive analysis, using spreads from 28 sovaraign bonds, Westphalen {2002)
finds hat variables that are suppossd to explain cradit risk {according 1o structural
modals], sxplain Ao morg ar 20% of wlal varance. Some of the varlables that be
investigales are: the spol interest rate, the slope of the term siructure and the
distance-io-celault, proxied as the ratio of debt service to expors. Using principal

componoents, he concludes that there is a systemalic facior explaning a significant
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part of the residual variance [B7.2%). However he doas nol axplora further the conlent

of such a facior.

4.3. The Model

On the Cradil Pricing literature there are iwo approaches to valuing rigky debt. The
Structural Approach has As origing in Merton {1874) [and has been extended in oiher
directions by Black and Cox (1976), Longstaff and Schwartz (1928), Leland [1994]
and Collin-Dufresne and Goldstein (2001a} among others). Under this ramework
cefaul i defined as the first time a solvency variable (the fimt's assel valua) hits a
particular barrier. This approach is conceptually appealing becauss il provides some
insighis info the default process of the firm in ferms of fime-specific variables.
However, an imporiant drawback is thal these models seem wunable 1o produca he
right 5ize of credit spread close o maturily. One reason may be thel the market value
ol tha firm has been modelled as a diffusion process, and thersfore the probability that
an unexpacted default occurs closa to maturity is zero and the epread goes to zero,
Anolher axplanation is low liguidity, particularty near to matwity (see Ericsson and

Renaull, 2001).

The second approsch, the Reduced Form Approach to valuing risky debl was
introducad by Jarmow and Turnbuill (1995), This assumes thal defaull eccurs by
surprise, &g the first jump of & Cox process (see also Duffes (1993, Duflie and
singleton (19299, This approach is less inluitive than structural models, since default
is driven by an exogenous variable; however these models are mathemalically more

ractable and allow calibrating credit spreads mare easily.

We are going b use a Structurat Maodel, which is extended by & hazard rate varlable

characterstic of Reducad Form Models, as explained in the next section,
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4.3.1. An Extended Structural Model of a Risky

Zero Coupon Bond.

Wo implement the model proposed by Cathcart and El-Jahal (20035, which is an
axtansion of the ariginal structural model proposed by Longstaff and Schwarlz (1995).
Apar from structural fealures, Cathcarl and El-Jahal (CEJ) introduce 2 reducad-form
leature: a slochastc hazard rate of default, which is g lingar function of the spo
interest rate, allowing for unexpected defaults, Thus default cam ocour smaoothly
{expaciedly} when a signalling variable falls below a specific threshold or swdoenly
{unexpeciedy) whan a jump in the risk free interast rate cocurs. Tho assumptions of

the modal are the following:

Agzumption 1. Markels are Trictionless and trading is camred oul in continuous time.

Thera are no taxes, fransaction costs or informational azsymmeatres,

Agzumpiion 2 The risk-adjustad dynamics of the short-tarm intsrest rate fallow g CIR

(1985} process:

dry =, [, — 1, 8+ o, 47 02, {41}
whare p, & the long-tarm mean of the interest rate, k. is the speed of adjusiment of
r, Towards tha mean, o, is the volatility and £ is a standerd Wiener process,

Assumption 3. Following ihe structural approach, there 15 a “signalling variable®, X

-
which summarices the sot of fastora thal determine the croditworthiness of ha
cauntry. Urndar the risk neuiral measure thie vanable follows a Geametre Brownian

Matlon:

oK, = o, Xpdt 1oy 02, {4.2)

wherg a, and «, are constants and £, 15 a standard Wisner process. Thus default

ocours &t the first tima the signalling variable X, hita B constant barrier X},
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Agsumpiion 4: In ling with reduced-form models, defauli can alsao ocour unexpectadly
as a jump event, The hazard rate is & linear function of the short-term interest rate:

hy =&, + b, whare &, and b, are pasitive constants.

Assumption 5. If, during the lile of the security, either the signalling varatde hits the

barrigr X, or a detault jump eccurs, then the bondholder recaives a proportion & of

the bond face-value, where & & the recoverny rate,

In addition, the comelation between the signalling process and the Inlerest rate s

assumad zerc’. In other words, the instantanecus correlation betwesn Z,8nd £, i5

ZBT0.

Under the sbowe assumplions, CEJ proves that the price of & rsky discount bond may

be expressed as:

Hix. r. 1 =Polr, T - Pydrn o1 — gin, 2 (%, 01 - 53 (4.3a)
whara
s I.-' 1 B ) { ’ 1 5 v .r .I . . h
Y+ |0, ——as [t —4-&* —o | |-¥tiay-oot
1 2 ! 2 | | 2 |
1"::‘| .1:] A = ; - A% J \ — ;
Ty 1.|'I1 a, € T4
[4.3b}
y=Inag fugl (4.3c)
fir,. 1) = sxplCix) + Diz)r, ) i4.2d)

and Cl1) and D) are salutions to the following system of ardinary differental

agualions:
%::3[1&]1 HlafBln) -k, DT D7) b, -0 [4.3a)

k1,0t -C (t)—a, =0

% This asswmption facilitatas the numerical salution of the modal.
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subject to the initial conditions C{0)=0 and D{0) =0,

The fumction 1-f{x,,1lglr. T} can be inferpreted as the probability of default due
gither to the signalling process Hl hitling the defaylt barrigr X, or 1o an unexpected
jumgp in the interest rate r,. Henoce, the survival probability can be expressed as

follows:

P=ylth =ik, Tl 1) (44)
The key feature of the model iz that a simplg fransformation of the signalling variable
¥, can be defined as the distance-to-default and can be interpreted as & measure of
crecitworthiness of the country. Let ¥(1) = In{X; / X, ) denate the risk-nauiral distance-
to-default process. Usmg 19's lemma and eguation 4.2, the risk-neutral distance-to-
dofault satisfios the following diffusion egualion:

oY = epdh 1 apddy (4.5}

£ G;
where @, =&, — 5 and o, =T, [4.8)

We can think of his variable ag e function of the asset value in the cagse of a firm {see
Avallanada (2001) and Hull and Whita (20011, or in the case of countries as any
combination of acpnomic fundamentals that determines the probabllity of dafault.
Anather perspective is that this measure can be seen as a credit rating In continuous

time {sae far example the KMV methodology™.

1Bz =

Haxpig, )~ 1)

0 as dedined in the CIR radal for the rsk-fres tarm structure. Sae dppendix &
3

of Chagter 3,

1 Tha KMy methodology was preducad by the KMY Corparation in San Franaiseo. The pompany joined
Moody's in 2002 Tha methodalogy has not Been Wy decumsnied but some decuments aveilable ere
Healhaoter (1006) and Vagicok (1987)
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4.3.2. The Pricing of a Par Brady Bond

In this section we discuss how the pricing of a risky zero coupon bond can be used to
price & Brady Bond, Following Chapter 3, the price of & Brady Bond B, can be sean

as the aum of threa components acoording to the following equation;
4
B, =F-Fir,T) vG-FiH{rl,t.‘HE-F 2(1 =yt —mP 1) (4.7
-1 ot

Where F is the face value of the bond, C is the coupon rata, P {r, ;) is the price of a
dafault freg zero coupor bond at fime ( that matures at time 1, q 8 e numnbar af
guaranteed coupons, and 1-v,{t) is the survval probability [i.e., the probability ar 1

that no dedault has oocurred price o © (1=t

The first term of the above equation corresponds 1o the presant value of the face value
F with maturity T. The principal is fully guaranteed; therefore if is disgounted at the
Nsk-freo rate. The second componant accounts for the present value of g guaranteed

eaupons, aach with maturity ;. The third term corresponds ta the value of the neky
Goupons, 50 it takes account of the probability of default v, {t). If n is the lenglh of the
rolling interest guarantea then sach coupan with maturity 1, is paid i and only i
default has not occurred before t-n. Observe thal according to the formula we

assurne that the recovery rate is zero for any ather cashilows not included in tha
rallover guarentee. Finally, in order 1o incorporate tha CEJ modef within the Brady

pricing formula in equation 4.7 we cnly need o substifute e survival probability

Ly (ehby 10, thailr,. ).

4.4, Data

Wa usa end-of month markat bond prices of Par Brady bonds from Argentina, Brazil,

Mexico, and Vanezusla raported by Bloombarg and Datastream, during the perod
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April 19894-Octobar 2001, Brady bonds are dollar-denom inated coupon bonds which
are partially collalaralised by highh-ralad instrumants and wara issusd by Savaral
emerging couniries at the beginning of the 1990's undsr tha Brady Plan®, There ara
two featurea aof these bonda that facilitate the empirical implementation of a pricing
madel: firstly, Brady bonds are highly liguid inatrumeanis; secondly, Brady Bonds ars
partially callsteratized. The total amawnt of the pringipal, and up o 13 montha of rolling
coupon payments, are guaranteed by AA or higher-rated securities. Thus such &
guaraniee may be considersed as a proxy of the recovery rate of the bond, which is

neesded for pricirg.

The characteristics of the bonds are displaved In Tatde 4.7, All the bonds ware issued
with an inal maturity of 30 ywears wilh Sami-arnual payments. In the cesa of
Argenting and Brazil, their bonds were issuad with initial coupon of 4%, bul this riges
in slaps ovar lime Lo reach &% in the saventh year. For Mexico and Venezuela the
rale of the poupon is 6.25% and G.75% respectively, for the whole life of the
inslruments. The principal of all the bonds is guaranteed by 8 Treasury zerc-coupan

bond, and rolling coupons up to T8 months are also guaranieed,

Figure 4.7, shows the Brady Prices of the four countries, The effect of soveral crisas
can gagily be observed in the figure, The end of 1994 and the first quarter of 1935
show g price fall which was due o the Mexican peso devaluation. Anather dramalic
fall cocurs arownd August 1938, when Russia fell into defaoit. Although tor most of the
fime prices for the four countries remaln wary closa o each ather, the gap between

each other widens at the end of the perlod.

Table 4.2, gives the descrptive statistics of the monthly bond prices and relums,
during the pariod April 15084-October 2001. Panel A indicates that the lirst ordar
aulecorrelation parameder is guite kigh for all of the bands, showing that prices may ba

ron-staliohary. Aunning an Augmented Dickey-Fuller test we cannot reject the

* The purpose of tis plan was 1o reduca the sowensign dabt in emarging countriea.
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hypolhesis of a unif roct in any of the cases. Therglore it makes more s=nse o
afalysa returns ralther than prcas. Panel 8 shows similar means and stendard
deviations far the returnz of all the countries. Retuns are slighthy negative skewed and
leptokurtic {kurtosis exceeds 3) in all the cases. The matrix of cross-correlations of the
retlurns i Fanel O shows how closely prices mowve together: the correlation
coeflicients vary bstween 0GB and .78, Leooking at Figure 4.1, this common
behaviour is mare noficeable before the Russian crisis than afler it. Such differancas
are mare dramatc at the end of the sample, whare the Argantinean default is

approaching and the Mexican bond shows particular strength,

In order 1o astimate the paramelers of the rigk free process implicit in the model, we
alse collacted monthly Treasury and Bonds rates with maturities: 3 months, B months,
1, 2 3, 5 10 and 30 years. Frices correspond to the strip rates publishad by

Bloarmberg.

4.5. Implementation of the Model

Following Chapter 3 we implement a Kalman Filter to eslimate a later variable,
wanlilied as the distance-to-default, and simultansously astimata the parametaers of

1w madeal for each country,

We assume that marke! bond prices B, are obeerved with error e,. Thug the

ralationship between the signalling variable and obsarved prices is;

B, = Blir. ¥ W)+ £, (4.8)

wihsara:

¥, i& the distance-io-default that determines the creditworthingss of the country and

salislies the dynarnics of equation 4.5;
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I is the set o parametars thal delermines the movaments of e rAsk-frea-1arm
struclure in the GEJ medel and is delarminad by a GIR procass:
¥ g lhe sel of paramelers that dedermines the risky paramaters, i.a., those of the

signalling process and of the hazard rafa?.

Tha error g, in aqualion 4.8 is assumad Gaussian distributed, with mean zerg and
VEFENGE o, . This term s alse an indicator of the adequacy of the modeal. IF the thue

underying process is not &s in aquation 4.5 then eguation 4.8 will be misspeciliiod and

estimated prices will deviate systematically from the observac pricas.

Qbserve that equation 4.8 is nor-linear in %, and we shoukd therelore apply an
Extended Kalman Filler thal consists of linearising function Bi] using the first order

term of the Taylor expansien. Smee i1 s nol possible 1o apply a simple Kalman Filler

auy estimales will ba Ouasi-Maximum Likalihood.

Fallawing Chaplar 3 we implement tha modal using & wo-stege procedure, In the first
slage we estimate the parameters of the risk free generatng process, which according
te CEJ follows a one-factor GIR process. Thase parameters are needed 10 caloulats

the probabilty of dedault (7,{1)). These paramaters are taken fram Chapler 3* {ses

Apprendlx & of that chapler for the description of their estimation). In the second
stage, we Lse the parameters of the CIR process and estimate tha risky parameters,
@, the parameters ol the signalling process and those of the hazard rate, also using
an Exlended Kalman Filler. In addiion, to caloculate Brady prices agcording 1o equation

4.7 we glao need the risk-free ascount factors Fr, ;). We caloulats tem by fitting a

cubic spline to the cbeerved monthly vield-curve,

ir =4 KL W, 0 ] which s the setof parameders of a CIR procass,
"W = oy, 0.8k

¥ Recall thal tha estrmation of the CIF proceas i done by uaing &n Extanded Kalrman Fliter and Cuass-
Maximum Likalihcad. The Kalman Filter allows abtalning an irmplicit lackor hat drives the dynamics of
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4.5.1. Estimation Results and the Distance-to-Default

Estimates of the parameters of the model are given in Panel A of Table 4.3 Vanables
are standardised by making :;s,f = 1. Figure 4.2. shows the observed prices against

iha ane-stap-ahead estimated valuss Elr|t—| , giving an idea of the performance of the

miodel o roplicate markel prices in-sample. The ft seerms to be guile good. The

graphs also show pricas of bonds if ey had been risk-frea.

Theare ara several features 10 observe in Pare! A of Table 4.3 Firsl, in all of tha cases
the parameters of the hazard rate are practically zero and net significant, Therefore, in
all of the casas, the reducad-form hazard-rate fealure does not provide any additional
irformation to the struciural framework, Since the hazard rale is not significant, the
credit risk dynamics of the bond prices must depard tolally on the signalling variabla

and its barrier, The further the signalling variaibla is Irom he defaull barriar, e graatar
the distance-to-clelault and the highar the price. The driit parameter o, of tha
signalling variable X} is posdive and differant from zaro in all the cases and vares

between 1L.18702 and 0.35632. However, as mentioned before, the dynamics of the

distance-lo-defaull are represenied by equation 4.5. Therefore the predictable

companent or drift is given by the differenca @x ---:rile:l. Sinca the wvariancea

parameter o; has been standardised to one, the long-term drift of the distance 1o

default for tha four countries is then negative. This means that lendors weara
increasingly pesgimistic abowt the ong-term future of these sconomies over tirme and
axpected a slight worsening on their creditwarthiness. The most negative drilt
carresponds to the Argentinean distance-to-defaull, whereas the least negathve drift is
for ihe Mexican distance-to-defauit. Thiz indigates that the market expecied Mexico o
hawva batler cradilworthinsss and Arganting worse than the rest of the couniries in the

Hong-run.

e tenm sboecture, such & 1aclor i mdarpreted as the shod-tarm interest rate and deternines the
dyraymics of the hazard rate under the CEJ meaded.
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FPamal B in Tale 4.3. shows the diggnostic tasts for sach counlry. Tes! are carfesd oul
using the standardised one-step-ahead residusls defined as follews, according to

Harvey (1989}

Wo=w.tJf . where v =B, - By, and f, =var{v,)

Though there is a lack of nomality for all of the countries’ standardsed residuals,
according to the Jarque-Bera fest, there i& no evidence of autocorrelation or
holercscedasticity. Tharefore, the models are not misspecilad.

Figura 4.3, plois the one-step-ahead residuals for sach country. It shows no evidenl
gaystematic behaviour. Mevertheless the model fails o fit some imporant events
properhy, swuch as the Asian crisis in October 18597 and tha Russian crisig in August
1988. Observe that in those events, eatimated prices deviate from the cbserved anes

by up 1o 20 (on & face value of $100%

It is impartant to point out that since the distance-to-default has been defined as the

natural legarithm of the ratio betweaen the signalling variable ¥, and its barrer, then it

ls a slandardised vanable that can be compared across counfries. Looking at Figune
4.4., the implict distance-to-default of the Argentinean bond seems o exgeed
congistently those of the ather countries until the yesar 2000, when according 1o the
parcaption of the market the economy stans showing signs of detericration. This hgh
credit rating of the Argentinean economy may bo attributable to the peg ol s currancy
with the dollar, given the image of a vary strong economy. In cortrasl, the Venazualar
index systematically underperioms the other couniries apart from the pariod that falls
between the third quarer of 1996 and the Russian crisis of 1388, Belween the
WMexican and the Russian crses the four distance-to-default indaxes show a suslained
and jeint recovery. Thie may have been attributable 1o the implemeniaton of 2 sadlaes
of struciural reforms that 100k plece during that period. Such reforms may have
changed the perception of rak towards these counfries. Howewver, other theoslas
indicale that ihe dacline in credit spreads experienced during this perind was the result

of markel liberalisation thal siimulsted an increase of capilal flows and a willingness of
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inclustrial courtries 1o diversily thedir portfolios. This leatura is a puzzle and wea will
explorg It furthar whien we analyse he faclors driving the distance-to-default of these

COUNErias.

Im order to hawve an idea of the perdformance of the distange-ig-default a3 5 measure of
creditworthiness, we will comparg i with & Credit Rating Index calculated using the
actual credit rafings issued by Standard and Poor's and Moody's, The actual
cateqorical credit ratings produced by thoge two rating agenn:ies“ are converied into
numerical indexes that go fram 1 (o 22, where 1 represents tha worst cradit rating and
22 the best one, The Credit Rating Index s cakculated as a simple averaga of thoss
two numencal indexes, Therelore, the larger the index the higher the credi rating o

ha country.

Figura 4.5, shows both tne Cradit Rating Indax and the distance-ta-detault for aach
country. We can observe a faify similar trend between the credit rating indexes and
tha distanca-to-dafault for all of the countries. After the Maxican crigis and bedore the
Russian crisis credit ratings predicted & modest and joint recovery for the four
economies, The recovery in this period s more marked when measured by the
distarwee-to-default. After the Ruagian crisis all the courtries sufferod a downgrading,
according to both measures™. The country mosi affected by a downgrading from
rating agencies is Venezuela, which Is consistent with its dramatic fall in tha distance-

to-default.

Cbsenve that whereas the distance-to-default for all of the countries registars a slight
fall in Octeber 1957 dus to the Asian crisis, credit ratings remain stable. This Indicates
thal the dislancedo-defaull iz 8 more sensiffee measure tan credil ratings. The
pradicted dateriration of Argenting is anticipated very much in advanced by the ratlmg

agancles. The index starts falling since the early 1999, whereas such deterloration

" Wo use the cradi ralings assigred to b long-term dekd imewed by each counlry.
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actually starfed to be perceivied by the marked, according to the distance-to-defaul in
2000, Other inconsistancies between the two varables can be appraciatad fram the
plois. However this s not the focus of this chapler. A& robust comparative analysis
batwear these two measures, and their consistency as forward-looking measures of

the ability of the country 1 pay are leff for further research.

4.5.2 Descriptive Statistics of the Distance-to-Default

Tablz 4.4, gives the descriptive statistics of the distance-lo-default for zll tha four
coundries. The =ores in levels have bean modallad as ron-slationgry processes,
which is conlirmad by thair Aulocarrefation cosfficient in Pansl A, which is very close
to one. Looking at the differences of the distance-lo-default in Panel 8, the statistics
0ok wary similar acrass all four countries. Series exhibit a mean close to zero, small
standard deviation but negative skewness and high kurtosis, Fanel © displays the
carrglation coefficients batween the differences of the distance-1o-defaull across
countriss. Tha ceefficients indicate & high interdependence of credit risk across

markets. Coefficients vary between 0.704 and 0.845.

A more accurate description of the co-mowamants of the distance-lo-default is
provided by Principal Component Analysls (PCA). Tha PCA is a decompesition of the
risk of he four variables into uncomelated lactors. Pansl Oin Tatle 4.4, shows that the
gigenvalue of the first component Is 3.289, a figure very close to four', meaning that
one factor is abke o caplure most of the tofal verisbilty of the four variables, Le,
B2.2%. The coeflicients of the lirsl normalised sigenvactor in Panel £ indicate that the
first component is A systemnatlc faclor, which  affecis tha four indexes of
creditworthiness similarly {in terms of impact and direction). Thesa rasults anticipate

lhal most of the dynemics of the distance-to-default should be attibuted 1o systematic

™ The fact that countries sufiered & downgrading once that Russia delfaulied, shows that credit rating
failed 10 enticipate the Aussian crisis, Some sludies find avidenca thal credd ratings are backward-
loaking riesioms inshzad of forward-looking. See Keminsky and Schmukler (20013,

" The variables ara tandardised, 5o the sum of the sigemalues shoukd add four.
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fagtors or irterdependence among  coundrics rather than to couniry=zpecilic

movemenis. We will explare this further in the following section.

4.6. The Theoretical Determinants of the
Distance-to-Default

In this section we discuss the variables that are relevant to explaining the distance-to-
default. They will be introduced in twa subsectians, in which we will |ustily thair
irmportance. Tha lirst set of variables corresponds to global magroecenomic variables
sueh as shanges in the LIS Treasury guree, and the US stock market, The second st
of variables consists of courtry-specific faciors such as the inflation rate and changes
in 1ha level of international reserves. Within this subsection we will alse explain he
role af stock raturns and stock market valatility. These two varlables caplure courtry-

specific information but also intemational shocks'™,

4.6.1. Global Factors

The importance af global faciors, in particular the role of US Interest rates and US
stock returns, In the dewelopment of Latin American countries, has boeen widaly
discussed in the literature on capial flows (eea for example Chuhan (1998) et al, and

Calvo et al (1993)). Hare wa will consider the following variables:

1) Interest Fates. Regarding the effect ol interest rates on default, the literature is
caontraversial. On the ona hamd highar interest rates increase debi-service burdans,
decreasing the abllity 1o repay and therefors increasing the possibility of default. Cline
and Barnes (1997), In a study of 11 emerging markets, find a positive though
insignificant elfect of treasury rates on credit spreade during the mid-1990s, Kamin

'# All data are on & meondhly basis from Apnl 1964 10 Oclober 2001, The data were taken from several
sourges including Dalesiream, Bloomberg, the Cential Bank of ¢ach couniry, the LS Fadaral Resares
Syetarm and tha US Treasury Depaimes.
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and won Kleist {1999) find no statistically significant relatonship between those
variables, though the correlation is negative in some cases. Eichengresn and Mody
(1998} examine the primary bond market during he period 1981-1885, Thay find that
whan the US freasury rales increase, only countries with good eredil quality come 1o
the rarkat to borrow. Since there ara faw issusrs, prices fse and consequently cradit

spreadds fall.

Turning te the literatura on companies, Lengstaff and Schwartz {1295) and Duffee
(1928} find that ¢credil spreads are strongly negatively related to interest rates and that
this wvariable is highly explicative of credit-spread movements on corporate boends,
Longstaff and Schwartz (1925) also conclude that this relation |s more Important for
Inwer rating classes. The reason for a negative ralatonshp between cradit spreads
and interest rates is thal an increase in the level of tha rlsk free rale implies a highar
drift on the value of the firm's assats, sa the incidence of defaull is reduced and
cansaguenlly the size of credil spreads. Duftes (1938] finds= that 1or &ll meturties and
credit ratings, changes at the short end of the Treasury curve (measured by the 3-
manth Treasury Bill) are nagativaly and modeetly related 1o changes in credit spreads.
He also finds that the ralationship wilh the slope of the term struciure (the differance
batwean the J-month freasury and the 30 yvears treasury] iz mostly negative and

small.

We summarise the information in the yield curve by extracting principal components.
We will use the first two companents, which have iradtionally bean interpreted as the

leval and slope of the yield curve'™,

2) SEP500 returns. Several papers have arguad that increased globalisalion has

increased the dependence of emenging markets on ndustrial countries. In partieular,

" Racall thal Cathcart and El-lahel rmodel the vield curve as a one-factor CIA pracess. Its eglimatlon
using & Halman Fillgr generates a latent variable that drivee the term struciure and is idenliied as he
shorl-bgrm spol rate. We find that varations of this letent vadable is highly comelabed with the first
principal companant af the term structure (the correlalion costicient is squal 1o &.975).
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wiorld economic condtions are likely 10 affect the creditworthiness of countries. We

consider the US sieck index as & proxy of the global economic perdfermance,

%) Chanoes in Markel Sentiment. Several authors have poinied out that, in additien 1o

country-specific fundamentals, changes in market sentment have been mporant In
driving fluctuations in credit spreads on emorging markots debl (soo, for axampla,
Cantor and Packer {1296). Eichengrean and Mody (1998) ang Kamin and von Klsist
(1893)). EBichengrean and Mody {1338) argue thal some parlicipanls in the bond
markeal do nol diseriminale in an infoermed way among borrowers. Since information is
coslhy, invasions price bonds based on incomplete information sbowt fundamentals,
leading to herding behaviour that makes them behawve in a synchronised way during
specific periads. The discount of closed-end funds'* has often been cited In the
literature 85 8 measure of sentiment of small investors. We construct an index of
sentiment towards these countries, using data from 3 UK closed-end courtry funds
that invest in Latin Amenican shares'®, An increase in the discount may be understood

g3 a signal of deterioration of the perceived credit quality of the region.

4) Changes in Qil Prices. Ol products constitute an importart part of the sxports ol
Venezuela and Mexico, Hence ol pricas slgn fcantly atiecl the budget deficit of thosa
countries: the higher the pnee, the Righer the revenues and conaequently the higher

1he distarse-to-delawlt. The price Sonsidared hera ia that of Brent Crude.

4.6.2. Country-Speciflc Factors

'We tast several domestic varisbles as possible explanatory factors of the dstance-to-

dafaull. The sel of ralevant varables can be summansed as follows:

! Discount is defined &6 the nagalive value of the premiurm, which & calculaled as [Shae Prica-RNAY]
MAY, where MAY k2 the Met Asset Value.

* The clsed-end caundry faunds eonsidered are: &beerden Latin Ameance, Deuteche Laiin Amerlca
amd FEC Latin Amsrica. Hestorical shere pnicas and Nay' ware obained frorm Dalasiream,
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1) Chanoes ik atarnational Raservas. This is considered as a measure of lquidity that
captures all tha exlemal dynamics ard the ability of the country to pay loreign debs.
Thus, the higher the level of reservas the smaller the probability of delsult and

therefare the higher the distance-to-default.

2} Inflation rate. It is often used a5 an indicator of a country's good managemant of its
manatary policy. High inflation rates usually indicate imprudent policies such as
excasa barrowing, and therefare a higher possibdlity of dafault. Hence a negative et

o this varable on the distanca-1o-calault is expeclad.

3] Changgs_In Volatlity. Structural Approach Models predict that the higher the

wolatility af the assots, tha highar the probability that the signalling variable will hit the
default barrier. We caleulate monthly sfandard deviations from daily stock market
refurns for each country {indexes are axpressed in dollars) a3 a prosy of the volatility

af 1Fe value of tha country.

Comren  behaviour across stock retums is visible across wolatiltles. We  wil
dacomposs the stock wolatility of each country Info a “Systematic Valatility”, arising
fram tha inlerdependence across countries, and a “Country-Spacitic Velatiliy™, that
reflects the regction to domestic events. Using principal componant analysis, wa find
that the first principal component can explain about 53% of tha todal varance of the
changes in volatilicy for all the counias. Such a component will be aur eatimaie for the
Systematic Volatility, To estmate the Country-Specific Valatility actor, we regress the
individual country stock volatility on the Syslematic Valatility. The residuals of those

regrassions will ba considarad an estimate for the Country-Spacilic Volatilily.

4] Slock retums. The importance of stock relums on credit spreads al the aggragate
lowviel, has been discussed extenaively in the lilerature (see for exampla, Gampbell and
Armrmer [18583), Fama and French (19231}, This vanable can be sean as an indicator of

the financlal markeat eonditions in the country. Atemafively, an increase in the stock
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rarkal maans an increase in lax ravenoeas and tharalora tha ability of tha govearmment

o pay is dalbt.

Stock returms are likely to capture domeastic and giobal shocks. A principal component
analysis of this varigble shows a high interdependence scross counfries and the
presence of ane Systematic Factor (17 Principal Component) explaining the 63.50% of
the total variability of the four markets'". Explering the determinanis of such
systematic factor, we find that about 48% of the 1otal variance of such & factor can be
explained by S&PS00 stock market returns, changes in tho slope of the yield curve
and the Sysiematic Volatllity component abtalmed above, Tharefors, in order 1o maka
the analysls more ransparent and reduce multicollinearity batwesn the variables, we
will use the following deccenposition of siock refurns as explanatory variables: 1) a
Cauntry=-Spaecitic Factor affacting tha couniry stosk market. This factor is approximated
by 1ne residuals of tha ragression of stocx marked raturna on the Systematic Factor, 2)
identifiable variables that explain the systematic factor: 3&P S0 retums, changes in
the slope of tha yield curve and Systematic Volatility, and 3} an Unexplained

Systematic Factor that has not been explained by the previous varables.

4.7. Why do Credit Risk evolve together

across Countries? The Empirical Results

& fundamenial issue of debabte amaong investors is the axtent to which the cradit rigks
o1 these countries avolve fogether. Do investors differenfiste credit risk between
dfiferant couniries? In the previous saction, a comalation anelyais across the counires'
distance-o-cefaull indicated that creditworthiness moves very closely for the four
nations; hence there must be Important common detaminanis. It should not be
surprising 1o find co-movements across the credit risk of differenl issuers, since the
digtance-to-default is likely to be allected by aggregate variables such as tha risk frase

interest rate, market vwolatility and gereral condition of the global economy. Tha
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interesting point is to what extent the interdependance across markeis is ralevant o
determining credit risk, and also whether we can explain all the commaon factara that

underlie such interdependence,

Mext we investigale how well the variables explained in the previous section can
explain changes in the distance-to-default, We should point out that the onginal
database consisted of & wider el of varlablas than thal discussed above, mncluding
saveral lags for sach variable'”. The final model, below, was selected by applying the

General-to-Specific Approach (see Handry and Doamik, 2001) for each couniry;

A(Dls tan ce - o - default), = w1y (RS & P300) -y A(SlopeTreasury ) + yAiSentimanty +
T4 A SMELCouniry Spacific. Factor iy +v-A{Systemmatic Vaolatility), -

e SMELLIN explained Systematic Factor)y | o Country Speciic. Volalility ), —

ypalogiAe sarvas ) + yoleflationg + v a0l + gy

£, ~ N1

where the description of the varables is as lollows:

(58 Pi,.Retums), = retumn of the US stock index, SEPS00.

AlSlope.Treasury ) = changes in the slope of the US Treasury Yield Curva.
&f{Sentiment), = changes in Market Sertiment, measured as a discount Index of
country funcs,

MEMKLCountry Specific.Facior) = changes in the Counlry-Specilic Faclor affecting
atock market retums.

& (Systematic.Valatilily), = the Systematic Component thal alfecis the walatility
changes o each couniry,

A (SMKtUn explainedSystemnatic. Factor), = the Syslamatic Component  affecting

stock markel retums of the tour countries which has not bean explained by S&PS00
roturns, Syslematic Volalility and Risk Free Term Siructura.,

A (Country Specific.Volatility). = changes in Country-Spacific Wolatility

AlogiFe serves), = vanallons of tha level of international resarves.

Inflation = the country's rate of inflation.

ADly = Branl Oil price variations.

'® Sap Appandix & for B comelabon analyale of the slock reiums,

'" Gome of the verlables include US inchastrial produclion, total exiernal debd in percant of GOP,
expartedndusirial prodection, axehanges rate.
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Tatda 4.5 presents the results calculated usimg OLS and sewveral lags of each
axplanatory variabbka, Whanewar nacessary, standard erors were correctsd  for
halaroskadaslicity using 1he White method. We omitied those variables which were

not significant.

All the regressions show the expected sign for all the coefficients. The adjuested B-
squarad ranges from &0.4% for Venezuela up 10 B81.1% for Brazil, According to the
diagnostic statistics, the hypothesis of nommal ity of the residuals cannal be rejectad.
The Durkin Watson statistics tell us that there 5 no evicence of aulesorresation in any
of the cases, Also, using the CUSUM test and the CUSUM of squares fest we did nol
find evidence of instabilty in the parameters (sea Figure 4.8 lor the CUSUM of

squares test). Hence the models soam wall specified.

The results suggast 1Re follewing:

1. The redurn of the SEP 500 (expressed in dollar terms) is highly significant and

posiliva for all four couniriea. A simple regreaaion of the distance-to-detaul on this
variable accounts for between 21% and 26% of the fotal variance for each country,
The depandence of emerging markets on the US economy has baen dacumentad by
Arcra and Ceriaola (2001) and Calvo et al (1993, They argue that tha incroasa of
capital flows 1o developing markets and the structural reforms on U.S. monalary policy
during the 15305, have had a cost on the avallability of furds arnd ereditworthiness of
developing countries. Here an increase In return of one percent in the SEP 500
produces a similar impact of about 2.50% on Argenling, Brazil and Mexico. The impact

on Venezuela is more significant: 3.78%.

2. The common comporent of voladiity (Svetematlc Volatiliyy is negative and

significant in all cases. Ceoefficignts vary within a very small range, belwaen —0.058
and —0.040, suggesting a similar impact on the distance-to-default across countriss.

Runnping univariate regreseiona, we find thet this variable iz highly explicativae. It
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axplains about 18% of the tofal varlance ol the distance-io-dalault of Argantina, Brazil

and Mexico, and around 11% of Venezuela's &,

3. The slope of the viekd curve is significant and positive, ™ though its centribufion o

e total wariancs s wary lillle. Tha posilive cosfficient B consistent with the
conclusiens of Duffae [1288) and Mansi, and Maxwell {1993} for companies, Following
Colin-Dufresns et al [2002], an increase in fha slope of the Treasury curve should
raise tha expected future short rata, increasing the distance-to-oefault, Contrasting
other resulls, changes in the level of the vield curve, though pasitive, is not signficant

itherefare the variable was eliminated fram the regression).

4, Ancthor important variable that explaing a high proporion of the fofal variance of

the distance-to-dafault 2 the Unexplained Swstermalic Factor that affects stook

markets. Accarding to the R® stafistic, this varlable explains aboul 23% ol the

distance-to-default of each country.

S, Ancther imteresting finding relates to changss in marks! sentimant. This coafficient
iz ahways sigrificant and negative tor all the countrias, apart from Venezuela (whoge
coefficient s megatwe but not slgnidicant). There 5 also evidance of persistent
sentiment in the case of Argentina anc Brazil. In the case of Yenezuela, the amount of
Its Brady debt is significantly smaller that for the other courtries, so it is plausiole that

such a catbt is radad by inslitulional invastors rather than by noise investors,

G. The importance of the country-specific factor affecting stock market retuns [SMEkL

Country-Speclic Factory is mors rebavant for Argenting and Mexico, The coeflicients

" Stock market valalllity has cedmmenly wsad in lhe lileraiure a5 & vareble that maasures turbulance in
Ehe imarkels o marke sendimenl. A scatter plot batwean the Syetarmallc Valadlliby term and agr marke
sentiment varable rewsals ro linaar relatlanehip betwean these two variables, gliminating the possikilin
?Bf multicollinearity = the ragresslon.

Simiar results arg sbiained when instead of using the sacond component of the vield curve, A New
varidble celined as the diflerence betwsean the 30-vear and 3~months Treasury Bill is calculaled, Swch
a variable i= interpreted s tha slope of the yiekd curee and ils eorglalion coelizisnt with 1he =econd
companant iz approximalely 0.9,
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are 1.223 ard 1,545 reapectively, whereas for Venezuela the impact of this variabla s

much less, its coefficient being Q.556,

7. The level of reservgs s only slgnificant for Argentina and Mexico. Thair coeficient is
positive as expected. A high level of reserves will increase the abilily of the country to

pay its debt and therefore will Increase ils cradibwarlbiness.

Overall, the results show hal S&F 500 returns have very significant effects on the
craditworthiness of emerging markats. Ciher systermalfic factors such as stock market
volalility or an unexplained aystematic factor seem to be much more relevant than
country-specific factors in explaining changes in the distance-o-defaul. Applying
principal companent analysis on the residuals ol these regressions, we find that thars
is still & systematic factor explaining &bout B0% of the ramaining variance. Having
accounted for systematic factors coming through the slock markat, this new

systermatic factor should be purely related 1o the bond market.

4.8. Conclusions and implications

Using an axiended structural model, we exiracted a measura of the creditworthineas
of four emerging economigs implicst In Brady bond prices. Such 8 measure is
asscoialed with the distance (o detaull and provides a confinuoaws indicator of the
perception of credit risk across fime. We assessed the importance of country-specific
lactors and global varables in influencing this varisble, The main findings of this

analysia can be summarised as falkows.

* \We were able o explain about 0% of the total vardance of the distanca-le-default

tor Argentina, Brazil and Mexico. For the case of Venezuela we explained around

&%,
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& The driving sources af cradit risk of thesa ememing markets can be splf into three
elements. One element, which is the least relevant, is the result of shocks throwgh
country-specific fundamentals. These shocks represent about 10% of the total
explained varance of the distance-fo-default of Argenting, Brazil and Yenezuala,
but they represent 25% in the case of Mexico. The second element is the result of
U5 variables, such as stock market returns and the slope of the treasury bond
curve, Such variables contribute abowt 30% of the ofal exprained varance. The
third amd mcst important alement [ tha conlribution of common faclors such as an
unexplained systematic component of the sicck markels, a systamatic volatility
componant and markel senlimant. Thase variables represeni around 50% of the

total explainad variability.

* Consistenl with the literature on coempanias, interest rates play 8 role, with the
slope of the yield cunve being significant. Howavar their contribution is not wvery

important.

In summary, we found thal the distance-io-cefault is largely driven by systematic
factors, tharefore bond investors view countries” credit rigsk &3 non-diversifiadle. The
facl that commen factars or contagion variables may be very Important n datarmining
tha craditwarthiness of 8 country has implications for pricing and risk managerment of
band portfolios. Siructural modets do not congider such contagion effects, vet it seoms
that these effects may be the maost relevant o model. This goes akng with the
findings of Collin-Dufreane et al 20010} that credt spread changes are principally
driven by systematic factors. Therefore futher research on prcing medels hat lakes

iMo account his smpirical gvidence neads to be done,

Cne shortcorning of our regression analysis is thar we have fitted only one set of
paramsters for the whole sample. Though stability tests indicate reasonable
robustness in our resulls, it s very dikely that correlations between variables change

over Bme, A larger sample period and possibly different econcmetric lechnique are
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neadad Lo aiplore this changas in pararmatars across lime. AlsSo a larger sample of
cauntrias fremn differenl regions would be wsatul 1o study, o sea il changas in tha
dislance-to-dafaull ara delarmined by similar faciors, The search lor the bast proxias
for global faclors and couniry-specific fundamentals s a complicated lask. Other
medal spacifications or progies for delgrmining craditbworthingss should also be able 1o

he testad.

Furthermare, other wariahles such as liquidity, left cut of this study, are waortt explosing
in future research. It is very likely that liquidity plays an imporant role in explaining
cantagion or systemalic movements across countries, which we were unable to

explain,

Finally, & large literature on tha determinants of credit spreads on corporate boncds
and sovergign bonds has been procuced. Though intutvaly Both measures, credit
spreads and distance-to-default, should meove in oppesite directions, there are somea
other facters such as maturty, collataral, or differant coupons atfecling the size of
crodit spreads. Further research is neaded 1o analyse tha relalionship betwsen cradit

spreads and the distance-io-gafault.
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Table 4.1. Characterislics of Brady Par Bonds

Principal Semil-
Couniry Issue Date  Amount Annual MZL?IIW cuz::::}::;ﬂt
(U5.Bim) Coupon
Argentina Apr-93 14.9 Slap- up” Apr-23 Z-CH 2 mpnths
Brazil Apr-04 2.4 Step- up®  Apr-24 £-5N1 2 months
Mexico Mar-20 225 B.25% Cac-19 Z-C1 8 montha
Venezuela Dac-90 g7 5. 754% Mar-20 Z-1 4 months

"in the case of Argenting and Griazil the st coupon iz 4% but thie increases peradically up 1o 6% In
yoar savan.

= F-0 mesans bl ks principal is colladeralized by zero-coupon LS. Tressury bonds.,

Table 4.2. Summary Statistics of Monthly Brady Prices and their Returns

Mean Sid Dew Minimum __ Maximum Skewness Kuriosis Autocorrslation

Panel Az Prices

Arpantina 62,067 G584 39007 & 750 b2z 23113 493
Brazil 59,2684 10346 26123 Pp=2=111] SL5TE 2.281 1.938
Magico 74,954 1.515 45,908 03370 030 2421 0.942
Veneziela 7. 380 12,368 42,873 BH.250 0380 £.123 0.943
Fanel B: Ratums

Argering 0.001 0.057 -0.216 0117 <} A32 4 3z 128
Erazil 0.5 0,054 -0.208 0.1 L9310 4. 738 LpEE
Rizien D0 0.043 -0.155 0125 1,901 5337 0.0z0
enezuala Ooidls 0.057 -0,253 011a -1.102 .24 1.12R

Panel C: Correlations of the refurns

Argantina Brezil Mexleo  Venezuela
Arqanting 1
Brazil 0. 755 1
Mexica 071G 0.7 1
‘Wanezuala 0.7 n.gsa 0.G73 1

Data = ablaired fram Bloomberg and Catastresm. The sample correspancs 1o manthly absarafions of
prices during the panad April 1994-Oclaber 2001, Relums arg calculated aa the difference of natural
logs of prces. The Autococrslation cosfficiert corsaponds 1o the first order sedally correlated
eaeHicenl,
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Table 4.3, Eslimation Resulls and Diagnostic Tests

Panel A: Estimation Results for the parameaters of the GEJ model

Country Hazard Rate Latent Varlable Log Likelihood
function
a, (x10") b, {x10°} a, L
Argenting D.o0do0 0.007114 0.18709° 176.42
4136 S
Brazil 0.O0010 0.00172 0.23020" 18273
A {8 B15)
México 0.0D08T 0.00413 0.35632* 185.88
. (20.900G)
Veneruela 0.O0A00 CLO0A0S 027274 16915
[14,135]

The figurea in brackets comespaned fo the likelihood matio slatistics {LR) that lesl the significance of the

pararmeier

* and ** mean that parametara are significant at 95% and 33°% cendidence level, respectively,
&, and b, are the parametars of the hazerd rate defined as & = a, +b, -ry.

o1, Iz the drifl ot the lalent varighle X, and has boen estimated using the specification af the foliowing
transition equation in tha Kelman Filker:

""'|1:-| =¥

.

"

whieme Y =¥, /X,

The critical value for the signilicance of e, 8l 95% & Yoo, (1) = 3.84,

“Yarables are standa disad ] $E|.1il'lu 47 =1

Panel B: Dlagnoslic Tesls

Normallty Test |Aulecorrelalion|Heteroscedasticity
Jargue-Berg Q-grat (k=1}

Argentina 381.6883 1.0016 26,9976
(0,000 0.317) [0.5585)

Brazil 431.5353 0.8265 30,7267
0,000 {6.538) {0.388)

Mezico 2041265 029893 13.2891
{0.000) {0,564 {0.008)

Yenezuela 3710545 0.2213 220513
40.000) 0638 | 1. B52)

p-walwizg fre shown in brackets.

The standard residuals are definad es: ¥, = v, | v -where v, = 5,- B

For thie description of the helsroscedasticity test see Harvey {pag 259).
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Tabke 4.4, Summary Statistics of the Dislance-to-Default

Mean Std Dav Minimum Meximum Skewnezz Kurdosiz Aulscormelation

‘Panel A: Levels

Arganling 58 QO.EM 1.506 S.Gdd (335 2.646 210
Brazil 5004 DB 1,743 115 (0534 2445 0.827
Wexico 2063 0E7a 1.452 4067 0,483 2 (08 0,800
Venezuely 255 0, Bl 1.246 E.OET 0.833 2611 (.2d5
Panel B: Differsnces

Argenting -0.028 301 -1.675 0,34 -2.354 12 450 106
Brazil -0.007 0.236 -1.625 QL5235 -2 PB5 12604 0,100
Mexico .00 0,297 -1.478 0429 -1.848 8125 0.060
Wanezus 0,001 0,300 -1.595 0L4BD -2.0B4 12,544 0,054

Panel C: Correlations of the differences of the Distanca-to-Dafaull

Argenting Brazil Mexico  Venezuela
Argenting 1
Braxzil 0.845% 1
F e Ty 0.786 0747 1
Yarazuala 0. 788 0744 0,70 i

Panel D: Loadings of tha PCA of the varialions of the Distance-to-Default

Comp1 Comp2 Comp 3 Comp 4

Eiganvalug 3.284 (296 0263 1152
Variance Prop. C.a22 0.074 0. 0GE (038
Cumulative Prop.  0.522 0.896 Q.58 1.000

Panel E: Elgenvectors

Variable Vestar 1 Yeclor2 Vaclor3d Vector d
Argentine .515 Q.007 0,382 0758
Brazil 0.50& =0.0Z7 -0.585 -0.a32
Mexico 0483 -0LG8G 0,523 -0,081
Venezuela 0.4088 Q.77 0,480 «0,051

The dislance-o-default haa bean estimated by fitting the CEJ modeal In e pericd April 1984.
Cretober 2001,
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Teble 4.5. Determinants of the Distance-to-Default

Variable Argentina Erazll Mexico Venezuela
Intercapt -0.061 -0.016 -1.022 -0.044
{-3.427) (-1.042) | {-1.288) {-1.737)
(5 & PSO0.Relu Mmsjg 2.890 2223 2.390 4378
(7354} (6.350) (6777 (5.807]
(5 & P30, Retums},_, 0.8E%
[2.280)
AlSlopa Treasury), Q.01 0.043 1.032 0.056
[2.2902) [3.225) [2.212) (34171
AlSlope.Traasury ), .02y -0.037
{-2.096) {-3.056)
AlSentiment), 0017 1.9 -0.010
o {-3.082) {-4.754) {-2.226) ~
AlSertiment),_, -0.015
{-3.075) _
AlSentiment)y o 0.014
BRI
& {SMELCountry, 1.223 0.961 1.545 0,556
Spetific. Facior], {4.268) [4,4i34) {4.849) (2.5E8)
& ¢ ShAkt. Country. 0458
specific.Factor).. (218
& Systematic Volatility)y, | -0.040 -0.058 -0,053 0048
2,883 [-4. 5500 f-d. 187 ___{-2.po0)
A [SNKELinexplainad. 0117 0,932 0.114 0.102
Systematic. Factor); {7.800) {10.455} {9.66R) {6,547}
AGHIP, D.01g 0.019
_ {2204} jg.azyp |
Alog{Re serves), 0.742 0.523
(28000 (3,555
Dummyoesr (. 485 -0.512 -0.250
{-4.321) {-3.341) {-2.¥75) ]
| |
R-squared 0.790 0311 0.788 0604 |
Addjusted R-sguared O.7ED 0.0 0.750 0.570
=.E. of regrassion 0.147 0136 0146 0. 88
Durbin-Watson stat 1.788 1.737 1.977 1.4955
F-statistic 28.285 A7 774 28,67 17.671

The s&t of data is composed of monthly observatiane fram the pariod April 1954 to Qctober
2001 . Regressions are run by using Ordinary Least Squaras, whers the dependant varihls
is the firat difierence of the distance 1o defaul. Whenever necessary, standard ermors arg
adjusted lor hataroskeadasticity. The numbers in parenthesls correspond to the tstatistics.
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THE ROLE OF COUNTRY FUNDAMENTALY AND MARKET CO-MOVEMENTS.

Brady Prices
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Figure 4.7, Market Prices of Brady Bonds

113




WG MARKRTS?

THE RCLE OF COUNTEY FUNDAMENTALS AND MARKET CO-MOVEMENTS,

CHAPTER 4: WHAT DRIVES CREINT RISK IN EME,

< L 107100 N - 10190
\m | 10-idy 2 L 10-1dy
L 000 /M L 00190
L 00-1dy L 00-1dy
| 66401 i | 66190
: L 66-1dy 4 L 66-1dy
I RECREL i L 86100
©
| = 3 L 86-1dg E | 86-1dy
lm .W L /67190 m \ L 267190
v | 26-1dg 2 v L 26-1dy
<] | 96100 Alm L 96190
W | 96-1dyg L L 96-1dy
f - ssog | N L 56490
/W mw L G6-1dig f L G6-1dy
| 761041 g L ¥6-100
/ y6-1dy ? v6-1dy
& 8 8 8 2 & R 8 8 8 € &
- 107100 CLaa
/N L 10-1dw / ]
- 00-10 L oo
L 00-1dy /M | no-idy
L 667101} L ARI20
o L 66-1dy '3 | pg-sdy
] L 86101} 4 L S50
£ 3 Feeudy | 1o | pe-ay
2 b FeeRs ] g \ - a0
< > - L6-idy N - gy
Aw L 96-101] < L ge-1E0
I 96-1dg \\W | pp-ady _
f L 66-100 N L G0
.I,J L mm.‘_aﬂ. 1. V | mm.._.-.__u.
L ¥6-100] /J ;
W L BEIID |
vm.\_af. W | pE-Ily |
T 28 8 g R __mmmwmm _

— Utmarzd Pron

Higs b Bmng

Figure 4.2, Qbsenved Prices vs. Theorefical Prices fone-step-ahead fitted vailses)
The upper series in each plof cormespands (o 8 Theoratical Risk-Frea bond with e same
miafurily and coupan a5 the dsky bond. Pricas are in doffars,

114



CHAPTER 4: WHAT DRIVES CREINT RISK TN EMERGING MARKETSY
THE ROLE OF COUNTRY FUNDAMENTALY AND MARRET CO-MOVEMENTS,
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Distance-to-Default
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Figure 4.4, Tha Distance-to-Cefaul! imptied by the CEJ Mode!
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Credit Ratings vs Distance-to-Default Credit Ratings vs Distance-to-Default
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11
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Figura 4.5 Gredit Raling Index vs. the Distance-to-Defgult

The ongiral categarical credit ratings from Sfandard and Poor's and Moody's have been
transfarmad infa a numerncal scale and averaged fn order fo produce 2 Credit Rating indes.

The targar the index the higher the credt qualty of tha countre.
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Argentina
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Figure 4.6, Stabiity Tests
Gazed on the cumulative surtt of squared residuals statiatics (CUSUM of Squaras).
Confidence bands for 8 85% porcent level of significance.
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Appendix A: Correlation Analysis of the
Stock Market Returns

Tabla A.4.1. shows the correlation coefficients between the stock market incoxes of all
the countries and the distance-to-defaull in the penod April 1924-Ociober 2001, There
ara sevaral festures to chserve from the table: Pane’ A shows an impostamt
interdependence between stock market returns and the variations of the distance-to-
default for each couniry. Tha corralation coeflicient geas from 0.513 for Venezuela up
1o 0.842 for Maxico. Stock raturns also mainfain an important relationship with the
distance-to-default o other countries. The distance-to-default of Venezuela sooms
ralatively more affectad by movermerts in other markets {corredation coofliclents go

from 0.522 to 0.804) than by movements in its own stock market {0.519).

Panel 8 in Tabde A.4.7. shows that stock returns, paricularly from Argentina, Brazil
anc Maxico are closely relatad, Thekr comelation cosflicients vary belween 0858 and
0.690. The high cormelation coefiicients acmes he countries’ disfance-to-default
observad in Parel Cof Table 4,4, {coefliclents varled belvweon 0.704 and 0.845) may
be explained by this high interdependence across stock markats. If mowameants in the
bond markel can be explained by movernents In the siock marksel according to Panef
gin Table A.4,1., then part of the coe-movements in the distance-to-default could be
attributed to the interdependence of slock markeds. Howaver, this does not seem to be
the whole story: the cross correlations of the distence-to-default of the four counlnes
are higher than he eross correlations of atock retums. 0 the case of Vanezusla for
example, the correlation of its siock market with the rest of the countries varios
between 0275 and 0.350, whereas the correlafion of the Venezuelan distance-to-

ciafault with the other economies goes fram 0.704 to 0.76E.

The abowa analysis supgests that apart from credil conlagion dus o the
Interdependence of stock markets, there may be addtional transmission mechanisms

of credi risk among bond markets, & possible sourco o these additional co-
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rmvamanls could be attribuled 1o hard Babaviour or changas in markel santimant in

tha band markel, specially during parods of crisis.

In arder to differentiale betwean country-specific faciors and commeon factors affecting
tha distance-io-defaull, we carry out a Pringipal Componegnt Analysis [PCA} on the
Stack Market redums. Results arg shown in Table A.4.2. |n panel A, the eigenvalues of
the first two componenis are quite large:; 2.54 and 0808 rospectively, The first
companent represents the 63,.50% of the fotal variabilty of the four markels, whereas
the second component contributes in 20.1% to the total vanance. The cosllicients of
the first nommalised elgenvector in Panel 8 indicate thal the first component is a
common factor thal aflects the lour countries systemalically. Argeniina, Brazil and
Mexico confribute approximataly in the same proporfion, while the infiuence of
Venozuela on the first factor is slighlly less. The Venezualan siock market geama to
bahave ralher diffarently and this is confirmed by the cosfficients of the second
gigenvectar. Tha coefficiant tor Venezuela in the second wector is highly positive
(0.934), whereas for the other countries’ coefficients are small and negative {betweaan

—.286 and 0.1 44).

Having identified that the magor source of dependence acfoss marke! retums comas
from ane gingle commaon factor, in the analysls we use a decomposition of stock
markel returns inlo Iwo tactors: 1) a systematic facior approximated by tha first
principal compaonent and 2} a country-spacilis lfacior approximated by the residuals of

& regression of the stock refurns on the frst principal component.

On regreasing the first principal component of the distance-lo-defaull on the first
companent of the stock retums, we find that the latter can axplan B9.B2% aof tha
variance of the distance-to-default zccosding 1o the goodness of fit parameter A,
This suggests that most of the dymamics of the common fecior that drives the
distance-to-dedault of the four countries are due to the same comman facior that

drives the stock markets.
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Table A.4.1. Correlatlons between varlatlons In the Distance-to-Defauk
and Siock Market Retums

| Distance to Delaull | Slock Market Returns |
Argenting Brazil Mexices  Wenezusla Argening  Beazil Mawicn Vanezuala
Panel & Pane| B
Stock  [Argenting 0.77% 0,663 A.641 0,554 i
Markael  |Braril Q.542 0.808 08y n5z2 0.E36 1
Returns  [Mexico 0,631 0.6&r7 n.842 0.6 0690 [EE9 1
Wanazuiala 0.33r 0.332 0.2256 0514 0350 O HE D2Tg 1

Table A.4.2. Principel Component Anelysis of the Market Retyrng

Panel A: Loadings

Comp 1 _ﬁ-nmp 2 E‘-l:rmp 3 Compd

Eigenvalug 2540 0.806 0,354 (305
Yariance Prop. 0635 Q.20 0.087 007G
Cumulative Prop.  [.535 0,836 0924 1.0400

Panal B: Eiganvectors

Varighle Vector 1 Vector2 WVectord Yeclord
Argentina {1.5449 1,154 0479 1_GGH
Brazil 521 01458 0.8 2111
Mexico {.539 -(.2H6 [ 1 0. 730
Veneruela .350 0834 0.045 0097

The sample cormesponds to monthly abservationa of prices during the period April 15584
Ctober 2001, The siock market retums correspond 1o the varables expressed in dollars.
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Chapter 5

A Systematic Comparison of Two Approaches
to Measuring Credit Risk: CreditMetrics versus
CreditRisk+

Abstract of Chapter 5

The objective of this chapter is to compare two approaches to modelling Credit-
Value-at-Risk: CreditMetrics and CreditRisk+. This is important for regulators and
for risk managers who are concerned with allocating capital efficiently. The few
studies already available on this subject focus narrowly on the risk of default. This
chapter incorporates both the risk of default and the risk which arises from

changes in credit ratings (migration risk).

The chapter builds on the work done by Koyluoglu and Hickman (1998), but we
make a significant extension by assessing the impact of migration risk on credit-
risk. We make very careful comparison of Credit-Value-at-Risk for the two models
using Monte Carlo techniques on standardised portfolios of bonds.

The conclusion is that for regulators, which model is used matters very little. This
is because regulators are concerned with extreme values, and loss distributions of
both models capture information about defaults at very high confidence levels.
However, for internal purposes, where rating migrations matter more than default,

CreditMetrics can generate higher estimates of risk.



CHAPTER 3: A SYATEMATIC COMPARISON OF TWO APPROA CHEN TO MEASLURING
CREMT RISK: CRELNTMETRICS VERSUS CREINTHISK+

5.1. Introduction

In recant years, Credii Risk Modelling hea become a fopic of active research,
Prograss in the area is the result of saveral fectors; such g8 the success of Credit
Derivatives, and the concern of banking awthorities and risk managers 1o quantify

capital adequacy requirements and agonomic capial,

In the academi; literature and within the banking indusiry, there are two credil porfalic
models which have become popular: Credithetncs of JP. Morgan (1997 and
CregitRisk+ of Credit Suisse Financial Products {1287). Al firs1 lght, the models are
very different, &s they are based on different dedinlticns of eredit risk. On the ona hand
CreditfRisk+ is & Default Model. Under this approack cradit risk is the risk that &
gacuritv's borrower defaults on the promilsed obligalion. Theredore, only bormowers'
defaults can cause losses in the porfolio. On tha other hand, CreditMetrics is 8 Rating
Migration Model. This approach defines cradit risk as the risk that the security hoider
does not obtaln the expected valus of the sacwity due 1o the deteroration of the
borrowed's cradil quality. Thansfore in Credithetrics, it is not only default which can

caUse lpsses, but also a downgrading in the credit quality of 8 bormower,

& faw studiss have already examined the differences betwaen these two modals: sae
for edample Goerdy [2000), Koyluaglo and Hickman (1998] and Flnger (1992). They
cencluda that CreditMetrics and CreditRisk+ are conceptually very similar. Howaver,
these papers exarming only the default component of credit risk and fail to incorporate
changes in cradit ratings as another source of credil losses. The objective of this
chapler 15 1o compara systematically the Credit-Value-ai-Risk (CWaR) for flxed incomea
portfollos, as estimatad by CreditMatrics and CreditRisk+, This measura |s Important
bioth for regulators (who nesd to calculate capital sdequacy requirements) ana for rlsk

managers (who want 1o allocale capital efficiently).
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CRET RISK: CREDITMETRICS VERSUS CREDITRISK+

In this chapier we extend the analysis carried out by Kovluoglu and Hickman (1928].
They formulate CreditRisk+ and a restricted version o Creditbatrics (which considars
that only defaul can cause [0sses in the portlalio) wunder a common mathematical
framewaork, This framewxk allows comparison of lhe default distribulions of both
rdels unoer equivalent paramaters. We extand this analysis in iwo respects: First by
comparirng CreditRisk+ and tha full warsion of CraditMetrics which conaiders migration
risk. Second, by selting up a eommon mathamatical framework to compare the loss
distributions. Less distributions are the main cutput of anmy credit risk porticlic modal,
as Ihey allow astimation of the CWaR and examination of the impact on capial

raguirarmerts.

We use Monte Carlo techniques to implamont the mew mathemabical formulation of
both madels in twe simulated bond porfodios, ons with high eredit quality and the othar
with law credit quality. Wae then examine the sensitivity of CVaR to changes in

parametars, The analysis is restricted to a ona-year fme horizon,

The difierences In CVaR batwesn the modsle can be attributed to three sources: 1)
the omisgion of migration risk in CreditRisk+; 2] the shagpe of the dedault distributon of
each mocdels; and 3} the definiion of "oradit exposure”™ in CreditFisks. We conchiss
that for bath typas of porlolie (low- and high-guality), most of the differances in CWaR
between the models are due to the underlying assumnptions of the distribution of
cefaull. Howesver, for high-guality portfolios and low confidence intervals of CvaR, the
omigsion of migration risk i3 atso aignificant in explaming the differernces between the

madals.

This chapter contribules to the axisting literature because i provides a cormparison
betwaen & Default Model and a Gradit Rating Model. We also assess the impact o
migration rigk on CWal and entity porttolios for which migration risk s relevant to

delerming the differences of CWVaR batweaan ibe modals.
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CHAPTER 50 A SYSTEMATIC OOMPARISGN OF TWO APPROACHES TO MEASURING
CREDIT RISK; CRETITMETRICS VERSUS CREINTRISK+

For praclitionars, the conclusions of this chapter have important implications: 1) For
e caloulation of capital raguiresments, choosing betwsan GradithMetrics ar CraditRiak+
seams to ba irelavant. At the exirams igils of the Iloea distribution, nformation about
default is captured by sither of the two meodels. 2] For intemal purposes, such as
egtimafion of reserves, where rating migrations matter more than defaul,

CredithMelrics may be a better approach.

The chapter is structured as lollows. Section 5.2 briefly describes the concepltual
framoworks of CreditMeincs and CreditRisk+. Section 5.3 presents a revision of the
litorature on the comparison batwesn these two models. In Seclion 5.4 we extend tha
analysiz of Koylueglu and Hickman and derive a commen mathamatical framework for
both modals. Thie formulation allows us to paramaterise the models in a convenient
way 50 hal wa can perfarm a valid comparison betweean their loss distributions. In
Section 5.5, wa implement the models in two types of simuleted portfolios using Monie
Carla techniques. In Section 5.6, we analyse the sources of the differences of Cval

belwesn the moedels. Section 5.7 gives the conclusions.

5.2. Description of the Models

5.2.1. CreditMetrics

The ea of the CreditMetncs modal is an application of the Structural Approach
originally proposed by Merlon (1574). Under this salting the firm value drives all the
dymamics of dofault. Defaull can oeeur only at debt maturity and when the lirm's assat
value falls below & specific threshold, which s tha face value of the firm's lizbilities. i
the firm's A33et returns follow a normal distribution then the probability of default can

be expressed in terma of & normal variable falling betow a speclflc thrashaold.

Im Credibdetics, Merton’s moedel is extended by assuming that the assed returmns of the

firm also drive changes to other credit ratimgs. Therefore, 1o calculate CvaR, the first
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step in CreditMetrics consists of determining tha credit rating of the firm al the end o
the time horizon. To do this, & set of threshedds in the normal digtribution must be

provided to map assel retums into credit ratings.

For each possible credit rating at the end of the time honzon, the debt is priced by

discounting the remaining cash flows at the corresponding Interest rates'.

In arder 1o integrate all the ndividual axposures in the portlolio, credit correlations
botwesn borowers are approximatad by their assel correlations. Tha distribution ol
the portiolio valus can then be constructed using Monte Carlo techniques®. CVaR is
calculated as the difference between the expected and unexpected value [usually the

Q5% or B9% gquantils) of thae loss distribwion,

5.2.2. CreditRisk+

CroditRisks can be seen as an application of the Reduced Form Approach for gredit

pricirg. Borrowers are groupad within sestors or sub-portfolios, each of which has a
mean defaull rate p, and a default rate valatility rstﬁ. Tha dedault rate or intensity
parameler pylxg ) for seclor k is assumed te be driven by an unknown econanme
factor X, which follows a Gamma Distribution. Therefore, condifional on one

realisation of the econgmic factor X, borrowers within the same seclor k are

independent.

Ity addition, within each sub-portfolio, borrowers are ¢lassified inte bands according to

Thalr credil exposwre. In sach band, the size of each credit exposure ks adusted, 2o

The rleky term siruciure is calculated using a delerministic riskdree yisld curve and cradit spresds
related to gach cradit rating. Due 1o the fact thal CreditMetrics generales eslimales for tha mark-1o-
market value of the debt at the end af the lime-horizon, this medsl iz alss known =3 a Mark-to-Market
Mot (MTA],
© Monde Cado bechnigues arm needed o simulate the pogsible realizatiens of the esset returns and
coasequenthy the cegdit gualily of the borrowar at the end ol 1he 1ime horzon.
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each band ia characierized by & common exposure VW, Therefore, the default rate

Pyiay ) s given by

O Gammalwf)  (51)

W
p{t:l I"rlpk

b
. . P ¥
where & stands for the expected logs in band i, @ = kj and [\ = pk s
a; X

Far homogeneaus sub-portfoling” and given a realization of the economic factor, the
default distribution follows a Poisson distribution, To obtain 1he unconditional default
distrinution for the sub-portalio, we should account for all possible realisations of the
economic factor, This invohes astimating the convelulion of the Paisson diskribution
with the Gamma distribution. This distribution produces a closed-form anzlytical

function fof the koss distribution.

In contras! with CradilMelrics. the value of the debl iz not modelled directly in
CroditRisk+, 0 in the evanl of defaull the debt haolder incurs & loss equal o the

arnount af debl 1655 e rasoveary rata.

5.3. Literature Review on the Comparison
of Models

Thera is only a small Ferature on the eomparison of credit rigk medels, Gordy (2000)
substitutes the distributiona! assumplions of Credithstics into the mathematicsl
strociure of CradilAisk+ and then repeate the process the olher way around. He
shows that iha structuras of both modaels are similar when CreditMetrics is restricted to
measuring only default rsk. Gordy also cares ool an empirical exercise and
simulates portfalios by assuming & single systemallc economic faclor and four cradit-
types ol assets, Models are calibrated so that they vield the same unconditional

expecled default rate and dedault correlation. He concludes that: 1) there are no

® CreditRisk+ suggests oblaining the uncondiional default rte [0 and default valatility { o, ) from
ralirg agoncios,
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dgramalic differences in CvaR belween the resiricted form of CredilMelrics and
CradilRisk+; 2) on average bolh models behave similarty for low values of defaul

volatility; and 3) CreditRisk+ is more responsive to the credit quality of the porifolio.

Finger (1998) compares CrediiRisk+ and also a restricted version of Credithetrics
using twa types of bond portfalios: low and high credit quality portiolice, Within each
portfolio, issuere ara assumed to be homogenecus and their credit quality is driven by
8 single econaomic factor. Large discrepancies between the models occur when the
portfolio s composed of high-quality bonds. The extreme tadls of the defaul
distriputions generated by the models are wory different. Firger concludas thal when
the asset corelation coefficient of CreditMetrcs and the default velatilty of
CreditRisk+ are paramelersed In a consistenl way, both models produce similar
digtibutions  of cefaull, Howewer, In practice discrepancies can arse dug 1o

inGonsistent parametars betwaen the models, or tachnical implamentations.

Kowuoglu and Hickman (1998} analyse the thaoretical similarities betwaan
CreditMetries and CredifRisk+ They ssaume a simple framework: the Vasiosk
representation of assed retumns, fixed recovery rates and homogeneous portfalios. Te
genarate the distibution of losses, they identify three common slermerts in the
mathematical structure of the models, 1) The estimation of Default Ratas. In bath
models defaull rates are driven directly or indinectly by stochastic economic factors.
Thug, lor sach slate of the economy a conditional defaull rate can be gensrated for
each borrewer. Theretore, default rates are also random variables and their probability
distributions depend on sfochastic movemenis ol the economic factors. 2) The

estimation of tha Condilional Distribution ot Portfolio Default Rate. For each state of

the economy, the conditional default rate distribution of 8 hamogeneous sub-portiolio
is estimated a3 i individual borrowers defautted independently. This is because all the
joint behaviour of borrowers has aleady besn considered when caloulating the

conditional default ratos. 3) Agorsdalion or the estimation of the Uncondtional

" & portfolio k2 homageneaus If harrgwsrs have similar credit retings and size axposUres.
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Distribution of Porflolic Defaulls. This dstribotion s obtained by aggregating

hemogensous Eut:|-|'.:||:rrl'h.'.|lin:uz.5 across 8ll poaahble realisationa of the economic tactor.

The above common set up of the models allows Koyleoglu and Hickman 1o examine
their similarities in a atructural way, They perform comparisons between the
distriputions of default rather than between the loss distibutions, arguing that for very
lerge parfolios bath distributions are very similar. Empincally the diferancas betweaan
the delault distributions do nat seem 1o be significant when parameaters have bean sat
up consistently. They conclude that Credithetncs and CreditRisk+ are concaplually
based on the same philozophy. But dilerences betwesn the models can arise dus fo

aqgregatien technigues and 1he estimation of parametars.

Although some of tha assumplions used by Koiuogiu and Hickman (1998) or Finger
11898} might be coneidered unrealistic, they are commaonly used by practitioners. For
inslanca, practitionsra oiten Basume that the determinants of credit 0sses ang
indepandent. The recovary rafe in most cases i3 a deterministic paramestar. Barrowars
within the same specific risk seciors are assumcd (o be the same statislcally.
Practitionara alaa often assume thal model paramatars are stable, Thowgh none of
these assumptions seems ta be Irue emplrically, lack of dala generally limis the wsa

of more saphisficated assumptions,

The above academic analyses confrast with the project on Credil Risk Madalling led
by the Insfijute of International Finance and The Inlemational Swaps and Derivafives
Associalion {IFASDA 2000), which was cared oul by practitioners. The abjective of
thie project was to understand the performance of credi risk models® used in 25 banks
from 19 countries wilh different slzes and specialilies. In this study, risk managers
vrara given standard porfolios and nputs and asked to report CvaR. Practitioners

ware alsd asked to run models through a variety of implementations ard scenarios.

? Each sub-portfolia |8 effecied by one peonaemic Factor,
" The examined models wore: Cradithiatrics {J.P.Margan), CraditPorfolioView [Mokinsey), CrodtiRisks
{Credit Suisse Financial Producta). Portlalio Menager {KeW) anad 11 pragnetary inbemal rmodals,
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The abjeclive was b daterming whelher models used by praciifionars ware
dirscticnally consistert {model gutputs moved in the seme direction}, whan given
similar key inputs. In the and, the exercise led o different outcomes and 1o no very
glear gonclusiong ghout what the sizes and sources of the differences between the
models, as implemented, werg, We should pont out that no efforts were made 1o
paramelense e models so that they vielded consistent results, This might explain the

widde range in the results,

The IFASDA study conclucas 1thal there s consistency amang the resulls abtzined
fram weing the same lype of modsl. For inslance, Credifbetrics results resemble other
ark-to-marked approackes. Credit Risk+ gives the highest estimates of CWaR {in
ralation la inlarmal modals and CreditMetrics]. The explanation lies in the comrelation
assurmption: whersas CraditMetrice and other mark-to-market models wiere run with
equivalent corralation coefficients, CreditRisk+ was fed with a mare consorvative
parameter. Henge it is concluded that the calculations of the coralation costficiant
play 2n impertant role in the generation of discrepancies. Finally [IF1SDA conclude
that differerces between maodels must be atiributed to model inpuls, pre-processing of

data, valuation and different implemeaniations.

In summary, the literature suggests that CredilMelrics and CredilRisk+ are bath
conceptually and practcally wary similar, provided that they are fed with proper
parameters. Howewar, the IIF/ISDA study seems io indicate that discrepancies in

imprementatlon are: cormmon.

5.4. A Common Framework for CreditMetrics
and CreditRisk+

To develop a common Iramewark for both models, we will make the following
ggsumpticns: 1) There are three credit states or ratings defined wnder the standard

version of CredithMetrics: A, B and D, where A rapresants tha highest cradit guality, B
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is an mtermediate state and [ represents the dedaul stale. For CredilRisk+ and tha
restricted wersion of CroditMetrics, the cradit quality of a borrower 5 restriclad ta anly
two states: D and MD, whara ND represants the no-defaul! stals. 2} Tha recovary rale
Is flxed. 3} The lime hofizon is ona single-period. 4) Portfolios are formead of N equally-
rated bonds, with 1he same exposure size, the samea fime to maturity, and affected by

a 5Mgle agonomic or systematic factor.

Following Koyluoglu and Hickman's spproach {1998), we derive the aistribution of

lessas by idantitying three companants in the distribufion of losses urder sach modal:

1. Detzult Aates and Migration Rates. They vary acress lime and according o
realisations of the systematic factor, Borrowers within a porfiolio are related to the
axtent to which their migration rates wvary 1ogether through diferent states of the
BCONQMY.

2. Conditipnai Digtributions of Portfalio Defaull Rate and Padfolio Migration Rates.

Far =ach realisation of the systematic of economic fzctor, the conditional

distributions in a homogeneous portolio can be caloulated as f bomowers are
independent. This s Decawse all the joint-behaviour has been accounted for when
defaull rates and migration rales were calculated.

3. Aggreoation. The individual conditional distributions under each realisation of the
systematic faclor are aggregeled. This distribution B the convolution of the

unconditional distribution with the distribution of the systemaltic factor.

5.4.1.Default Rates and Migration Rates

CreditMatrics and CreditRiek+ implicitly or explicitly assume thal there is a systamatic
Tactor driving the credil guality of the borrower. Below we will derive transtarmations
oelweon such a syslemalic factor and the default rates and migratlon rates for each

rincdal,
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Cradithelrics
As explained in Section 5.2, dafault is driven by the saast returma of the firm. We can

seg asget returng for the ith firm as driven by a set & set of k nomally distributed

orthogonal systematic 1actors,

ho=byy X = by X, = - IJI| -%be, g - N (5.2)
k

where b;, are the factor nadings, X, represents the k-ih systematic faclor and £, are

mowvements apecific to asch firm,

When the portlolio 8 composed of borrowars who are affectad by a single economic
factor and have similar size sxposures and credil ratings, the systematic faciors in

aguation 5.2 can be represented by a single variable X-MN[},1) a3 follows:

= JpKt 1= pe, (5.3

where 1 = Zl:f ig the correlation of the borrowers” assats in the portfalio.

o

According to Credibdetrics, defaull aceurs whan n < e, where the area balow o,
unciar the nommal distribution represants the uncondftonal default rate, i€,
iz ) = A, - Using the above representation of the retums, Vasicek (1987) derives a

lunctional form for the default process conditioned on the realisafions of the

syslamatic factor, ga follows;

CM _
Pox =

©1 - Kl ] (6.4)

Migration rates o ralings A and B can be obtained similarly (see Appandix A far the

il derivation):

and nfﬂ: t pg';: ~pa (5.6)
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where ¢, = fb"(pB +pp) and pgis the unconditional migration rate to credit rating

B’.

CreditRisk+

CreditRisk+ assumes that default is driven by a systematic factor which is Gamma-
distributed (see formula 5.1). As a result the default rate is also Gamma distributed. In
order to make the comparison of models consistent, Koyluoglu and Hickman (1998)
suggest replacing the gamma systematic factor by a normally distributed factor. To
preserve the gamma distribution of the default rate, they transform the functional form

between the systematic factor and the default rate. The transformation function
consists of all points ( ,T;) that satisfy:

& oo
[ T(ppiuB)dp = [9(x)dx (5.7)
0 x

where T'(z;0,B) is the Gamma density function with parameters « and f, and o(x) is

the Normal density function.

Then the conditional rate of default resulting from the transformation in 5.7 is given by:
pg& =i - o(x);0,B) (5.8)

where ¥(z;0,B) is the Gamma cumulative distribution®,

Thus the no-default rate, given a realisation of the economic factor, is:
PR =1-PSh 59)

The effect of realisations of the systematic factor on migration rates and default rates

are illustrated in Appendix A.

7 The parameter Pp as well as other migration rates p, and pg and their respective volatilities, can

usually be obtained from rating agencies.
¥ Recall that the parameters ¢ and [ depend on the mean and standard deviation of the default rate

(Pp and op ). Both parameters can usually be obtained from rating agencies.

133




CHAPTER 5: A SYSTEMATIC COMPARISON OF TWO APPROACHES TO MEASURING
CREDIT RISK: CREDMTMETRICS VERSUS CREDITRISK+

5.4.2 Conditional Distributions of Portfolio Default
Rate and Portfolio Migration Rates

Given a realizalion of the economic factor, berrowears in the portlollo are Independent.
This is bacauss all the carralation batwaan bofraowass has basn capiured throwgh thair
relalionshin with the aconarmee factor. Under [xed dafault and migration rates and a
homaoganaous pc-rtfnliu“, CraditMetrics implicifly assumeas a Mullinemial distribufion ta
describe the number ot individuals in each credt rating at thae end of the time harzon.
CredilMatrics uses NMonte Carle techniques to simulate tha chenges in the credit

quality ol the borroweers in the porficlic. Al the end of the perod, an individual can

migrate to any of tha three credit stales |4, B, D] with probabilities |p'f“:,p§’;‘,p5.’;‘]

respectively, If we sample N individeals independontly and [NE_';"N':_;';' N'f,":] ara the
n A

number of defauhts, the numbor of Berated bomrowers and the number of A-raled
porrowers in the portfolio at the end of the time-horizen, than this veclor will isllow a

Multinormial Distribution,

_NCM
Bl Cl G
cM al'-.-1ultln1:|mm|-[|:uﬂx__nm.r-.l] (5.10
D|x

OM _ gy oM gy CM ; ;
and Nﬂ = M Na " NL‘-‘Z::" where M iz the size of the portfolio.

In CreditRisk+, the Binominal distribution is approximated by a Poisson disfribution.

Asymiplotic properties of the Binomial Distribution state that when the rale of default

pe? is small and the number of bonds in the porfclic ia largs {N). the number of

defaults in the porfolic = approximalely Poisson-distribuled with parameatar

A=(pgh)N:

NS - Paissanii) (5.11)

* Ml indivicksals in the perifolio have the same uncorditional default rale and migretion retee, gince they
ars hormogenaadus.
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Thus, the rumber of no-defaulls in the perfokio is NSP =N - Nﬁ"'ﬂ )

Doserve that when the Multinomial distribution & restrictad 1o only two states (detault

ard noe-ciefault), this becomes a Binomial distribution with parameters pg':" and M. As

the limit distribution of & Binomial distribution is a Poisson distribution, a restricted
version af CraditMeatrics and the standard werson of CraditRisk+ will asymptotically

vigld similar shapes of the default distnbution.

5.4.3. Aggregation

We aggregate the conditiongl distributions of the portiolic under all possibhke
realisations of the systemalic factor. In CreditMetrics, the conditional distribution of 1he
number of Individuals [n each cradd rating is condiionad on 2 normally distributed
economic faclor. Therslare the uncenditional distribution of tha number of individuals

in each cradit rating is given by the following convolution integral™;

Pena{NCM NCM, M) — IMultinnmia KNPy Py, Il (5.12)
W

Likewise in CreditRisk+, the condilonal distnbution of porffolic default rate is
conditioned upon a gamma default rate. Theralora the unconditional distribution of the
number of defaulis is givan by' "
PeriNG™) = [ PoissoniNp ™ )rip ™, o Bidp (5.13)
P
Finally, to calculate the distribwtion of losses, the information aboul the numbar of
individugals in each credit rating and the size ol the axposuras should be combirad.

For CredilRisk+ the disfribution of losses should resemble eguation 5.13. Only the
random variable NSPneeds to be scaled up by the size of the exposures under

default, CreditMetrics produces a distributlon of the porfolic value rather than g

" radildriog gengrates this mixed distibution using Moma Carlo aimuletionz, rather than a closed
farm distributicn.
" Thie med distribution vields a desed-form funation, which is the Megalive Binomial Distribution
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distribution of losses, For comperison of GWaR figuras, we will transfarm tha

distribution of portfolio values of CreditMelrics inte & disfribution of losses.

5.4.4. Consistent Parameterisation of the Models

redithetrics can be sean as an extansion of CreditRisk+ in which othar credit ratings
apan from default are consicerad, Default distibutions should then be considered as
the link between the models ard they should be parameterised conzistenily.
According to Koviuoglu and Hickman, consisgtency means that means and standard
dewiations of the defaudt distribufions are the same across the mocels. The mean of

tha cefault rate { A ) is an input 1o both models, so the parameter iz the same for both
models, Howsver, the standard deviation of the default rate (oq) s an inpu! |ust for

CreclitRisks, For CreditMetrics the default rale wolatllity for CreditMelrics can be

expressed a5 a function of Pg and p:

~Pp | (5.74)

Ocm = i=n

—o0

2 T CD[(DMI(DMD)_JBX-

If we sat up op = uzm. than the sguation above asiablishes a relationship between
the asset comelation paramster of CredithMetrics () and the varhance of CraditRisk+
tep - Thig relgtionehip is plotted in Figure 5.7, From the plot, the higher the asset
commalation or default correlation, the highar the voletility of the dafault rate, Intuitively,
if azsel raturna arg highly correlated then the cefault of aone borrower is likely o be
followead by the deiault of anather, In other words, if borrowers’ asset values are highly

cormalated through ihe effect of the same economic factor, thair default raies will mowe

togedber, cawsing high waolatility levals.
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5.5. Implementation of the Models

We implement the models in twa stages using Monte Carle iechnigues, First, we
cakulate defaull rates and migration rates given & realisation of the econemic facior,
We then generate the probability distributions of the cefault rate and migration rales
by simulating 1,000,000 reallsations of the econcmic factor. In the second stage, we
combing the number of individuals In each credit rating and its individual losses o
genarate the bss portiolio distribution and CvaR. We simulate two lypes of bond
porfolics: & Low-Credit Guality porttelic (LS} and a High-Cradit Quality porbalio (HG ).
The LG portfolio consisls of bonds whose issuers or bormowsrs have cradit quality "B",
wharaas tha HO portfalio consists of bonds whose borrowers have *A7 credit quality.
The migration rates for cradit rafings A and B appear in Table 5.1, Each bond has
lwo years fo malurily end a face value of §1. Each porffolic haa been designed with

10,0040 borrowers.

Te gain some ingights in1e the performance of the models we run several Mente Carko
exgrcises to test the sensiwity of CVaR to different values of the correlation

parameter’” {p=0.05, 0.15, 0.25, 0.35, 0.45} and confidence levels {[1- o 1%=80, 93,

95, 97, 99, 92.9%), The time horzon for CYaP s one vaar.

5.5.1. Generation of the Default Rate Distribution
and Migration Rates Distributions

We use Monte Carlo technigues 1o simulate realizations of tha systematic factor and
congiruct the default distribution and migration distributlons for CredilMetrics. Thea

maan and wolatility of the default distibution of Creditdelncs are used as input

" Transition Probabilities are consislent with data releasad by Moody's.

'* This range of 1he comelation parametsr has besn chosen considering that e one-year detaull
volatiliies eslimatad by Moody's over the perod 10920-10098 & less than 5% lor all the credit ratings.
Sea Moody's Investons Savics (1990),
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paramatars to construct the default distribution for CreditRisk+, The description of the

Monte Carle Simulations are givan in Agpendix & (Seclions B,1 and B.2)

Figure 5.2, shows the distributions of the default rate for CreditMetrics, for different
values of the correlafion parameter ™, Chserva that high correlations (rho=0.45) are
associated with long and fat tzils. Note that the distributions of the HO petiolics ara
shifted 1o the lgft, which indicates a higher probability of getting kow default rates than

for LG portiolics,

In Table 5.2, we report some descriptive slatistics for he distributions of both types of
portlclics and different levels of asset correlefion (0,05 1o 0.45). There are soveral

featuras Lo obsare:

The higher the carralation, tha highar the standard deviation, skewness and kurbosis.
The sy guality (L) portfolio exhibita significantly higher levals of slandard deviation
than the high guality {(HQ) porffolic. For both models, skewness and Kurtasis of HQ
portlolios ars more sansitive 1o changes in the correlation parameter than those of LQ
portiolios. For axample, in CreditMeirics & change of 28% in fhe coralation level {from

p =035 10 p=0.45] produces & change of 10% In the kurtosis of the LG portfolia drom

11.47% 10 12.85%), whereas this figure & 27 (rom BB.95% to B7.58%) for the HO

peoriflic.

CreditRisk+ is more sensitive 1o changes in the comelstion parameter than
CreditMeirics. For instance, for an equivalent chanoe af 28% in the correlation

coellicient from p=0.35 to p=0,45), the change In kurtesis for CreditRisk+ for LG

portfolio |5 32% (irom 13.76% to 18.14%), whereas for Craditdetrics this figure is

10%%.

' Flots ook wery similar for CraditRisk+.
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For HQ porfolios, Credikesncs distributions are dramatcally more  leptokurtic
{coefficient is larger than 3) than those for CraditRisk+, Dnly 1or LD porlfolics and kigh
correlations does CreditRisk+ produce highar estimates than GradilMaltrics. Tharafore,
for HQ portfolios, and for LD portfolios which are poorly correlated, CreditMetrics
forecasis larger oredit losses and capital reguirements due to defauli than
CraditRisk+. This implias that more capital would be required by requlators i

rrigraliaons te othar non-default states ware considarad.

Looking at the distributions of default, we conclude thal although the two modals can
ke parameterised to yield the same mean and standard deviation of 1he default
cistribution, the differencea between higher moments suggest that CvaR figures (of
credil kisses) may differ significantly. This difference is even more proncunced far HS

partfodiog than far LG portiolios,

5.5.2. Generation of the Distribution of Losses

Tao caleulats the distribution of losses, lor each realisation of Ihe econamie factor™ wa
compuia the number of individuals in the porficlie that fall inta sach eradit state at tha
end of the pericd. These numbers can b found by inverting the integrals in equaticns
5.2 and 5.13 and using Monle Carlo tachniques. The number of individualz in each
rating class is combined with the size of the exposurss to produce an estimate for the !

Iossea in the portfolio,

We need o explain briefly how the 088 function is defined for each of the maodels: In
the standard version of CreditMetrics, tha mark-lo-markat valua of a bond at the end
of tha tima horizon is caloulaled by discounting the remaming cashflows and using the

lerm-structure associated with the credit rating of the borrower at the end of period.

Let F,,,, bethe mark-to-market price of the bond associated with cradit rating J (d=A,
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B, D). Therefore the mark- 1o market value of & bond {R,,,) at the end of the time
horizon is;

Py = % Peyligy - J=A 8,0
J

Whara I, is an indicalor tunction with value 1 when fhe borrower has been rated with

credit quality J at e end of the pericd, and O othersisa.

Define the credil koss of a bond for the standard versicn of CreditMetrics as the
difference belween the expected value of the bond and its value af the end of the time
horizon'™;

standard Version of Craditherics(Ca)

L = E (EePyd-Poallyy =ABD (313
i

whare E (P, ] is 1ha expected value of the bond, which is egual to ZPJP'.HJ , and
J-82D

[ry i5 the probability of migration 1o rafing d {=4, B, C). &lso remember that the valoe of
the bond in case ot default is defined as the recovery rate’”, which in this case is

assumed fixad.

Likawi=a, for tha restricted or default version of GredithMetrics, we defing osses as:

LS =% (Ey{Piy)-Pui iy J=DND  (5.16)
J
| Z APk
where MD is the no-default stale and Py = d-AB Is the value af a nan-
! E Pu
L Al
defauttad bond.

"™ Racall that & realisation of the economic factor generates & sol of eondilional prebabilities of
megratian, which ara needed o estimate fwe probab@ies of nurmbar of borowers ineach credil rating
gt the end ot the period.

"™ This delirdlion of losses is consistent with tha definiion of mark-to-markst value of & bond, in the
g=nga That the Cval of both dietdbutions (pedtfcllo value and bases) soulil vield the sama results
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For CreditRisk+, credit losses gccur only when default occurs:

L'fp,'* = [Exposure]lo,

wharae different definitions of "Exposure” have been used in the Iterature and among

pracfifionars™.

In arder 1o carry out comparisons between the models, we consider threa warsons ol

CraditRisk+. They difter only in the definition of exposure:

Men-defaul-Yalye Version of CraditRlsk+ (GH+1]

?-91—1 = {Flu-:,.'qn - F;+1,n :"L'n:. {5.17)
Book-Value Version of Crediifisk+ (CH+2)
LTTE = (BY, - I:"||1,|:: ]I.;n] (5.18}

Ex -Value Versi
L?E'B ={Ey[Fy41- I:"r..‘.n :".;n] 15.19)

where "BV is the book value of the bond and is the ariginal version of the model,

The ateps o generate the loss distribuion using Monte Carlo methods are givon in
Appendix 8 (Sections 5.3 and B.4), Table 5.3. shows some descriptive statistics of the
Izas distribution under the standard version of CredithMetrics and ke Book Valug
version of CradilRisks. The latter model produces simifar levels of shevwnoss and

kurtosis for any varsion.

Comparing Tabies 5.2, wilh 5.3, we can observe that the properties of the distribution
of lossas inharl the proparties of the default distribution. Therefore we can anficipate
that the defaull distributlon will have a significant effect on the CVaR of the portialio.
Obgerve that the largest diferences between skewness and kurtosls for tha two
distributions are those for the High Oually porficlio, under the wersion of

CraditMetrica. This is consistent with the beliaf that tha tail of the distribution of losses,

' & recovery rate of 35% for the LG porlfolio and 45% lor the HO portiolio are assumed.
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urdar GraditMetrics, incofporates irformation nat only about defadll but also abow

gawngrading in the pertfalio.

5.6. Analysis of the Differences in CVaR

between the Models

Wa allribute the differences in CWaB belween the two modeis 0 hrae faciors: a) 1he
omission of migralion risk in CreditRisk+; b) the shape of the tails of the defaul
distributions of aach maodal; and &) the defintian of credit exposura in CreditRisk+. [n
Saction 5.6.1., we awamine the individual impect of these three factors in ihe
dgigcrepancies ol CWaR. In Secfion 5.6.2., we put these three lactors ogether and

analyse their global impact on CYaA.,

5.6.1. Effect of Individual Factors that explain

the Differences in CVaR

The Effect ot rati
Consider the two versions of CreditMcincs: the standard version and ils restricted
veraion, The difference between the two versions lies in the definition of cradit kbes.
The resiricted version o Credithelrics aggregates inlormation from the bwo non-
default states (A and B), keaving out the etect of migratien risk. 10 contrast, tha Full
varsian of Credithelncs conslders bath states Individually (sguations 5.15 and 516

respactivaly}, 1aking into account migration risk.

In grder to guantify the differences between the two versions, wa compule the ratio of
CVaRe, for & given confidence level. Thig ratio (CVaR of the restricted version of

CredithMatrics divided by the CWaR of the standard version) will be referred 1o as the

" Recall that "exposure” has been delined as the amounl owed minus the regowery rate (which is the
aclual valua of the dabl under dafaull).
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“Effact of Migratian Rigk", As tha CVaR for the stancard version is always higher than

the CAvaR for the restricted version, this ratic is bounded by ane,

& gummary of the affect of migration risk for 3 range of comelations and conficence
levals of CVaR is reported in Table 5.4. Qbserve that for the LG portfelio, most of the
rating are close o one, The omission of ron-default crodit states or migraton risk s
practically irrelevant, At high confidence lewels, the coofficlents are ona. This indicatas
that for the LQ porfolic the Information contained l& the talls of the loss distributions
for both wersons [s the same, provided that modal inpuls are the samae axceqt for the
number of credil stales, Therelore, il seams that for LD portfalios, informaticn about
ksses aceumulatad in ke tails of the doss distribution comes mainly from defaults in

he portfalio, and nat from downgradings to other non-default states,

The omission of migration rigk in the restricled wersion is more relavant for e HO
poriclic. From Table 5.4, figures are significantly less than one for a ghvan cormalation
coefficient. For a given kw confidence level {90%, 93%, 35%). e higher the

correlation levals the more the information that is omitted. For example, for p=045%

and for CvaRs at 99% configance, the ratio is .908, whoreas this nwembar is 0954

when p=0.05. In percentage terms those numbers are egual o -2.2% (=0.908-1) and

—d 8% {=0.354-1}) raepactively. Therefore, the default version of Credithetrics omils
up to 9.2% of information abowt downgrackes. Intultlvely, higher correlafions ara
associated with higher levels of volatilities of the migration rates. Thereiore, mare

downgrades and lpsses are expocied Lo take place.

Also, for the HQ portfolio and high corfidence levels, ratios are closar 1o ona. This
supgests thal in the very extreme tails, distibutons contain more information about
losses (enaraled by defaulis than by downgrading everts, At the 99.9% confidence
leved, the langest omission of information i only for 3% (=0.97-1}. For high correlation

levels, ratios are even closar 1o ona. This is bacause high volatility of the default rate
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causes mara dalaults in the porfolic. Therstoras, bolh varsions of cradit nsk should be

more alika in e Lails.

b The Effecl of tha Disirbuban of Detaull

Consider the resfricted version of CreditMetrics and the first version of CreditRisk+ {its
loss function is given by 517 and derdted by CR+1). The definifions of credit losses
far the two models (3,16 vs 5.17) are algebraicalty the same, excepd for an additive
constant, This constant is irelevart for CWaR calkulations. As each model uses is
awn distributional assumptions, the differenceas in CVaR resull from the discrepancies
between thelr distributions of dedaull. In order %o guantily such discrepancias, for 8
given confidence level, wa computea tha ratio of CvaRs (CVaR of CR+1 divided by the
CvaR of the restricled version of CredidMalnics). This ralio will he referred gz the

“Effect of the Distribution of Defaul”,

A summary of the discrepancies in CVaR due to the distributions of default for a range
o corrglallons and eonfidence levels is repared in Table 5.5 Mote that for the LD
porifelio, most of the ratios are less than one. This means that the distribution of
defaull produced by CreditMeirics i3 thicker and longer. As a conseguencea,
CreditMetrice forecasts higher CWaR numbers and capilal requirements than
Crediffisk+ due 1o default, Only for high contidence infervals (88.9%) and high
carrglation  levels ((.23-0.45), does CrediiRisk+ produce higher CvaRa than
CreditMetrics, These conclusions are consislont with the results obtained in Section

5.5.1,

For the HQ porfolio, differences in CYaA for the two modals are mora dramatic. For
high contidanca miervals {85.9%), CreditRisks produces CWaR up 10 17% (=0.827-1)
lower than Credibelrics. This s because the teil of the delault distribution of
Crodithatrics is thicker. For low confidence intervala, the opposite occurs: CreditRisk+

produces CVaRs up o 26.3% (=1.263-1) higher than Credithelrics,
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¢ The aifect of the Exposurg

Finalty, considar the differsnces batween the three versions of GrediiRisk+ equations
8.17, 518 and 5.19 respeciively). The lpss functicns are algebraically the same
axcapl for the definifion of credit exposure. Hence the difference of CWaHs between
ary twao versions should be a multiplicative constant. This constant s egual to the ratio
of the exposurae. Tharsfora, CWaR ratios between CR+2 and CR+1 or betwaan CR+3
ard CR+1 shauld be interpreted as the “Effect of the Exposure®. Contrary 1o other
effecis, the effect of the exposure Is theoratically a fixed number'” | as the exposuras
for each maodel are calculated exogenously, under CredilRisk+. The discrepancias of

CVaR due o differences in the definifion of “exposure™ are shown in Table 5.6

5.6.2. Global Effect of the Factors that explain
the Differences in CVaR

In this section we axamine the interaction of the three factors that explain the
giscrepancies in CVaR. Tabvas 5.7 and 5.8 illusirate the differences of CvaR between
the Book-Valus wersion of CrediRigk+ (CR+2) and the standard wersion o

CradilMetrics™, for the low quality and high quality portfolios respacilvely.

In each table, the first line of each block represents the differences of CVaRs in
percentage terme. The second ling corresponds to the simple ralio of CVaR ligures.
Tha third lina raprasants tha effect of the exposure, Tha fourth lina indicalss e affast
of the default distribution. Finally, the last line comesponds to the affect of migration
fisk. Obsarva that numbera in the second line are the arthmaiic products of tha
numbars in tha follewing three lines. This means that the variation In CWVaB can be

decomposad inte thass three fagtor.

"® Some diffarances can erise dus 1o caleulation eror
Similer anarysis can be done wsing the third version of CraditFRisk+ {CA+3). Results are found in
Appendix G
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From the LO portfolio in Tabsa 5.7, wa can concluca the following:

Differerces of CWeR wvary between —5.43% and 16.18%. The most dramatic
differences correspond o when there are high comelations (0.35-0.45) and high
confidences intervals (95%, 99.9%), Observe the joint eflect of the three components
thal explain CVaR, The effect on the overall difference of omitting migraton risk is
practically nil. Thege numbers are close to one, so they do not make any contribution.

The most relevant effect is that of 1he distribution of dedault,

In most cases, the ellect of the exposure raduces the discrepancies dua fo the affect
af the defaull dstribution. Tha nagalive effect af the distribution of default (numbers
lass than one) is offsat partially by the positive effect of the exposurs {numbera bigger
than ana). Howaver, for a very large corfidenca intarval, 99.0%, and corralation levals,

p=0.25 035, 0.45 both affects are positive, and therefore differences in Cval

becorma larger.

Frorm tha HO portfolio in Table 5.8., we can conclude the following:

The differerces of Cval are wider than thase for the LO portielic. They vary babwean
—18.96% and 17.73%. Considering the owverall eflect of the three faclors, we can say
that CreditRisk+ generally gives higher estimatas than CraditMatrics al low confidence
levals ard lower estimates than Credithetrics at high confidence levels. These
differences are mainly cue to the discrepancies in the distribution of default. At low
confidence imtervals (90, 93, 95%) CreditRisk+ produces highar CVaRs estimates due
Lo default risk (numbers are much larger than one). This positive effect is slightly offset
by the fact that CreditMetrics measures migration risk. For low confidence intervals,
Ihe effect of omilling rating changes iz less than one. For high confidence internsals,
the reversa occurs. Dwverall, CreditFisk+ underesfimates CraditMetrics. This 1s dug to
mpartant undergsienation of tha default riek with regpect 1o CreditMetrics. In addilon,

CreditRisks does not account for migration risk, eo differances bacome karger.
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The difference batwean modals dug to the definition of exposure in CreditRisk+ iz not
gignificanl. This diferenca accounls 1or only 13%(=1.007-1) of the overall difference,

Perhaps a debt with longer maturily would predsse a mora significan slifect.

Ta summarise, we fingd ihat mog! of the discrepancies beiwsen tha models ara dua to
the differences in their probabilties of defaut. The omission of migration rsk is
relevart only for high-quality {HGY porfolics and low confidenca levals. Roughly
speakirg, f we assume thal ihere are no discrepancies in the distrioutians of default,
than the use of a two-credit-state model instead of a three-credit-stale moede! will miss
out up to 3% of infermation about downgrading at very extreme conlidence levels

199.9%). This figure s 9.2% for lower confldence levals [90%).

5.7. Conclusions and Implications

Having assumed homogeneous podiolios and a single systematic factos, wa carnad
oul a structural comparison belween CrediiRisk+ and the standard verslon of
CreditMetrics. We mads an estensicn of the Koyluogly and Hickman (1928)
framework and ienfified comman components to darive the distribuotion of lossas,

Likeswwise, wa darvad consislant paramatars, in order to make tha modals comparabla,

We find differancas in Credil Value-at-Risk of up to 19%: babtwean the maodals. The
madel that lorecasts higher values is not always the same: resuita depend on the

quality of the porfolic, perameter values and confidence levels,

Thrae particular faciors might explain the dillerences batwean ihe models: ) the
amission of migralion risk in CredidRisk+, b} the shape of the probability of defaol in
iha twa modals, and &) the definifion of credit exposure in CraditRisk+. in general, the
diftararces in tha shape af tha defaoll distifibutions generated by s wo models
g plain most of tha differences ol CYaf. Tha omission of rrigration risk is significant

only for high-guality portfolios and low contdence lavels {lower than S0%). I we
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assume that mo discrepancies exiat in the distribution of dofault, then CreditRisk+

astimatea lower CVaR than Creditbetrics, by up to 10%.

For we-guality pertiolios, the twe modals behave similarly for all excepl extreme
conlidence intervals (langer than 99%). In these exireme cases CradiRisk+ estimales
CVaHs up to 16% higher than CreditMelrics. For high-quality portiolics, differences
are morg dramatic. CradilRisk+ again astimates Righer CvaRe than CraditMetrics,
except for high confidence imtervals. In all thess resulls the main driver of the
differences belwesn the models is the shape of the distribution of defaull, These
rasults are itnpoerlant since the use of high confidence levels in the measurement of
cradit risk is a common practice in the banking community, High conflderce levals
ofien compenaate for the inahility to test the reliability of the models. Hence capital
requirameants based on high confidence inlervals seem to capend highly en whizh

modal i3 chagen.

The implications of the above results for risk managameant are quile clear. For lgw-
quelity porliclics we may forget about Creditbdetrics, since migration risk agpounts for
wvery little of the overall CWaR of the podfclie. In this case, CreditRisk+ iz & faster and
less expensive approach for calculaling capdal reguiremants. On the other hand, § awr
pUrposE 8 to estmate roserves ol capital, then CreditMeirics may provide mare

BCCUracy about the sources of lossas.

In answering the question about which is the better model to implerment in banks, it is

necessary 10 lake inte account tha following congiderations:

¢  The type of credil risk that is 10 be measured. In solving this paradigm, it might be
halpful to think of the objective of the measurcmant. In the calculation of capital
reguirarnents, the main interest 5 in the very extreme values of he distibutions.
lMeredore, as was mentonad, default modela should be sufficient to estimale tha

ovorall peture of the lossas. Howewer, if the madel is nesded o ostimate reserves
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ar pravisions for credit sk, CreditMetrics would give more information about the

aire of the reserves needed for non-defauled loans,

= The coste and reliability of the inputs, In paricular CreditMetrics requires large

amaunt af data. Whereas CreditfRisk+ s cheaper and gasier 10 implement,

# The averall environmeant of the rigk management process, .2, how aften the modal
is to be revised, ihe cortrol processes, the ability of the manageral feam o
wnderstand inputs and culpute of the model, ez, Good technical knowledge and
skills are required to interpret oulputs from both models. Howevar, Gredilbatrics

sepms 1 be more demanding in the administration and control of inpuls.

Further research is nesded inte finding what typas of portiolios or parameaters produce
bigger discrepancies. Stress-tasling soma paramelars, such as the unconditional rate
of cefault, the asset correlation coelliclent, the recovery rate or intarest rate could give
mord insights about the sansitivity of results. Likewise, it would ba uaeful to analyse
ther impact of specilic grading systems on the owarall pedormance of the models, For
oxample, does the number of grades in the rating system matter? What is the impact
of rarking borrawears in one credit class or in anather? This analsis would provide a
belter understanding of the wulnerability of the medels 1o other inputs. This |s
particularly impaortant in credit risk, because the quality of data Is usuvally the most

imporiant restriction in the implementation of mooels.

In thiz exercize the omission of migration risk in CreditRisk+ seemed to hava bean
marginal. Howaver, two broad credit states {default and no-cefault) might not
represent accurataly the riskiness of the portfolio for multi-year term loans. Also, it
would be waorth explering the effect of the time horizon, a3 1his is likely 1o Influgnce the

resuls, Ratings migrations will perhaps make more difference a1 longer horizons.
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Finally, there are some otner caveats 1o discuss about the models. For inslanca,
neither of these models has besen expcily cdesigned fo caplure scomomic cycles.
Although implicitly there are some econaomic factors that drive the credit quality of the
borrowers, transiion mairices, standard deviations and comrelafions are usually
calculated from historical data across many credit cycles, In this sense, both models
have been critlclsed, gince I s amplically clear that parameters depend on business
ovelas., Hance credil losses mighl be overestimatod in recession perods and
urderastimated In boom pariods [Micksll and Perraddin and Warcdte (20000, 10
remaing o balance lhe bensfits of the simplicity of the assumplions against the
rediability of the aulputs. Howewar, it would ba important 1o investigaie the sansitvity of

thesa modals to transiion matrices that reflect different perioda of the businese cycle.
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Table 5.1. Unconditional Transitien Probabillites

Transition Probabillties
Rating Low Quality  High Quality

A 0.68 35 .45
B G206 8,55
D (default) 7.06 1.00

Table 5.2. Statistics of the Distributions of Default for CreditMetrics and CreditRisk+

STATISTICES OF THE RS TALBUT IO OF DEFALLT

Crodithigtr ics " CrediiRisk+
Coarrelation Nle=an Stamd Dav.| Skewnasg Kurtasis | SKewnass Kurtasla
LOW QUALITY PORTEOLIO (L)
0.08 706% 310% 0.967 4,531 o.A7E 4180
018 708% £ E3% 1.753 7.304 1.800 £ Bt
0.25 708% T ET 2271 8.735 2167 10.004
0.35 T08% BE1% 2,555 11.472 2 536 13.758
0.45% 6% 11.28% 2811 12 a2 1188 18.128
HIGH QUALITY PCRTFOLID (HG)}
0.05 1.00% o B4 1.728 8183 1273 5418
0.15 1.00% 1.78% 3524 24714 2508 12531
0.25 1.00% 1845 5.061 4B EST 3,863 22805
0.55 1.00% 2458 £.d24 BB B4R 4070 A8.206
048 10055 309 ¥R AF.RIR 17 59.430

leane and Standard Devietone are the zame lor baih models.

Table 5.3. Statisties of the Loss Distribulions for Craditetrics and CreditRisk+

STATISTICS OF THE DISTRIBUTION OF LOSSES

CreditMetrica CredilRisk+
Correlation] Skewness Kurtosls Skewness Kurlosls
LOW QUALITY PORTFOLIO
Q.05 .99 4513 0.a7a 4.155
01& 1.720 TA7T 1.800 B.B22
0.25 2.207 9713 2187 10008
035 2583 11455 2 65 13337
0.45 248140 12840 31488 18,140
HIGH GUALITY PORTFOLUC
0,05 1.889 7.843 1.272 5404
01% Z4m 25214 Z2513 12426
0.25 4. 8304 43 G687 3.664 229490
0.35 {209 il 42 4 871 38 245
.45 7285 B2 865 6.173 58 4885

This version of CreditMeirics comasponds o the astancdand vergion. The versicn of CR+
correaponds to the Back Walue werslon.
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Table 5.4. The Effect of Migration Risk on CreditMetrics

Differences of C¥aR: Default version of CreditMeirics vs M version of CreditMelrics
Confdencs Levals

Corralation ng (.53 95 Dav 0.54 0.239
LOW QUALITY FORTFOLIO
0.0 ek L [ 1.0 ALY 100K 1.000
0.3 1.000 1000 1.000 1.000 0593 1.000
0.23 1.000 059 1.000 1.000 1.000 .00
0.3 995 T 0K 1.0 1,000 1 000 1,000
0.43 0909 0.502 1.000 1.000 1.202 1.0a0
HIGH QUALITY PORTFOLIO
(.15 {n 5154 [EaT 0], %03 o 46T 0.49710
0.15 k= | 0265 0.0 A6 n.363 0.979
0.23 o944 0.B5E 0.25E DgEL 057 0.833
055 Lo [ s 0534 k11 DTS naar
(.45 {908 0534 (.04 .96 D377 0.5 1

The takée cormpares the CVeR generatad by the default version of CraditMetrice with
its slamdand wersion.

Tabla 5.5. Tha Effect of the Distributions of Default of CreditRisk+ and CreditMetrics

Ditterances of CVaR: CR+1_ve Dwlault varslon of Creditatrics
Conildencs (ntervals

Carrelalion B 0.83 0.B5 .37 0.98 0.540
LOW QUALITY PORTFOLID
0.05 1.002 {.Ba7 J.9ER .98z 0.%73 0BG
0.1& 1.049 {1.5HE (.49 0,981 D572 38TE
0.25 1005 pR o by 0.483 0,975 0,574 1.3
0.35 0550 (87T 0.564 0.952 0577 1078
(.45% .86 (iME 0. 4] 0.840 0574 1.154
HIGH QUALITY PORTFOLID
0.0% 1.042 1020 1.004 0.472 D.620 0.854
015 1153 1118 1.080 1.034 0.E51 0.827
0.25 1.239 1193 1.183 1.0r84 0.841 0.9354
0.38 1.2493 1236 1.1648 1.1.28 1.018 1Y
_ 045 1217 1231 1.215 1167 1.036 1. 452

The teble compares tha CWaR ganerated by the defeult version af Credithelbics with & version
af CreditRigks (0R+ 1] which defings cradit lsses according 1o equalion 5.17.

Table 5.6. The EMecl of the Exposure in CreditRisk+

Differences of CYaR: CA+2 and CR4+3 vs EA+1

CR+2ICR+H CH+ICH+1
LWy QUALITY PORTFOLID
1407 D.E2n
HIGH QUALITY PORTFOLID
140t L.E3R

The table compares 1he three versiona of CraditRisk+ (CR+1, CR+2. CA+S) which defines cred kases
accarding i equeton 517, 518 and 519
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Table 5.7. Differances of C¥aR belwesn CR+2 and CraditMalrics

Low Quality Portfolio,

carnedxiion | auamiles ) A A% BT % BE% HE. 505
SaWariatian in CVaR O ES% =50 % =1,11 -3,18% -1, 08%

.05 Yanaton nCvaR 1007 1333 0.98E C.HEE 0 ETE [} =]
EH=cl uf Exposuns 1004 1007 1.0LH ILET i DG 1.7

EHes:t ol Qe of Defpalt 1012 Jdar [ [ TTES (R} Fo] L

E et al Migralion Fiss 0903 2888 1,068 100 10 10480
“=Wariatkan In CvVaR 15T% 4 5 A% -1.25% -2.23% -2.08%

1.15 Wanstion novaH 105 1035 0.nam C.BET 0eTE [k ri-]
EHeil ) Emprinzure 1006 1007 1.007 1G0T 1007 1007

EHat gl Qi 2 Ditpuir 107 2008 0 a7 088 0572 0§72

Fhial ol Migralion Figs 1K 103 1069 1,000 (=2 1,048

A ariatian in GV 175% FRrT) 102% 1.83% .88% 1.H%

.28 Wanaton nCVaR 1011 2930 L.aan C.BZ 0 B0 1.2
Etecl i Zxepomure 1207 1237 1.007 |.CET 1oCT 1.0

E Hem:t ol Dhet o Dol 10 ME-FE IR-TE} LHTE [ I ) 1073

FHenl o Migralior Figh 10680 288 1.0 1.6 e 1.L00
Sarlation In CVaR .38% ATo TN EXTTS 1.85% B.80%

.35 Wanzhan & CYaR == o 0993 1.974 0.96E 9685 1086
EPeid o = geemure 1.007 10407 1.0107 {1 H o f.cavy 1.CoOT

CHeil o Ot of Celault [R= ] P = 1y 7] J.968 0.8GE C.a877T 1.CT3

FPect o Bligration Rigk RE2 7] 1 LKE] 1.0 [HHE BN e 1.CDOD
LMarlatan [n CVaR T FNTTY AT BAA% .88% 16.18%

.45 ‘Wanzhan i CYaR [l = pred =111 ] .94 I 460 A1 UEE
ket of Exposune 1007 1007 1.047 1.007 N H 8 EOT

Lzt of Diss of Celaal R = c] [T ] 2347 0.340 C.O74 e
EFeia of Migration Bisk DB [y 1033 1.000 1.COC ]

The tabla compearee the CWeHA generetad for tee Low Quallty Porfollo by ihe Book-Yalue versoas af
CraditRigk+ (CR+2) with the standan version o mark-le-market varsion of CreditMatrics{MTH).
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Table 5.8. Differences of CVaR belween CR+2 and CreditMelrics
High Quality Portfollo

caralatan | Auantibas Frica e A5% 07% 195 09.90%
=:A'arlatian In CVaR 0.06% 2 5 291% -5.0% -1 0.06% 17.011%

046 Waiatior ' CAaR 1010 {gra .36 ICEE (R [ e
EPact of Sqtgung 1005 1004 1.1 1,007 LK s 1000
Efrirt o Dise of Drwlaul 1 b 102 1.0 navs o g RS

Etert 7 Migriion Fisk 0954 0957 1.9E0 L.OES C.OET L5700
seV'arlaton In CVaR 10.46% ETT% EETT 013% T 18.96%

a.15 yarmaban in CYaR 1105 1058 A KE] 0.HES C.B25 CEID
Lt of Cxpomsure 1000 10 1:K12 1.LGE 1LEN L

E¥eet of Cig: of Dwlaud 1153 1115 1.280 1,004 (R LT
EFact of Bigralion Risk D9S3 0955 LY 1 HRE [ 5% &7

S w¥ariatian In CYaR 17.08% 13.57% 04 5 Eh% “3.50% A7.A0%
Q.25 Varalion ir ChaA 1171 1135 113 1.0E7 C.OEE 0ESS
Efewt of Expotiure 1.001 1000 1222 1.002 1.0co" 1.001
E¥aet of Dt of Clail L 113 1181 1.044 C.HE 0HEE
Efacz of MiEgraton Risk I g4 (R P L] 1864 [HE P I 0
*uNarlaticn In CvaA 17.73% 16.95% 14.75% 0AT% L51% A4,47%

035 vanalion in CYaA R Fr 1 163 1123 1.497 nogs mAcs
Lt oof Lagiosure o 1.0 1002 1.00! 1.004 1,00
Efwet of Disd of Dkl EE 123G 1186 1.128 1.0E 0.BEG
Fiag of Migaton Aizk I B ER=S 1] a5 T nueg Gany
Nariation In C¥aR 11,22% 15,08% 151345 11-27% 1.24% -11.62%

0ds Varation in CyaH 1.54g 1.151 1151 1.1183 1.012 I.BES
C¥fec of Capoture .00 1000 1291 1.0mM 1.0M 1.004

Pl of Dist of Dakad) 1,877 120 1215 1.167 1.036 0.BHE
Effact ol Migisdon Riak L300 R [ 1861 1LHT? 0.HH1

Thi Lable ecnparas the GYaR generated lor the High Cuality Portfolio by the Book-Velue version of
CreditRigk+ (G FR+2) with the gtandard varsion o mark-to-market verslon of Creditheties (T M),
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Volatility & Correlation

0.1

p=0.05

0.08

Default Rate Volatility
o o
o o
5 ®

[0} T T T T T T T T T
0.01 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

Asset Correlation

p is the unconditional probakility of dedault,

Figure 3.1, Cansistent Parameters for CrediMeinics and Greditfisk+
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Distribution of the Rate of Default
Low Quality Portfolio

0.25 -

0.2
rho=0.45

0.15 1 == * = rho=0.05

0.1

0.05 ~

0 0.04 0.08 0.12 0.16 0.2
default rate

Distribution of the Rate of Default
High Quality Portfolio

rho=0.45

-— rho=0.05

0.08 0.12 0.16 0.2
default rate

Figure 5.2, Defautt Halta Distributions far Creditdeinics,
Leow-Cuality (LOY and High-Cuality[HG) Porflofios
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Appendix A: Derivation of the Migration Rates
for CreditMetrics

Assume & credit rating system composes of three states: &, B and I}, where A
represents the highest credit guality, B represents and intermediate state and D
represents the stale of defaull. The transifion probabilitics or migration rates are

determined by the wector [pﬁ, Pe: Fo ]

Azaume that the firm's returns follow a VYasicek's represeniation:
L= JpX+.1-pE;
where X and & represent the systemalic ard non-systematic factors of the firm

respectively, and both are normally dstributed. According o CreditMetrics, for very
large porticlios, the ceconomic 1actor drives the cradl quality of the lirmg or bofrowsrs

in the portfodio.

In Credifietrics, default ocours with probability p, when the firm's raturns fal bedow a

threshold oy in the standard Mormal distripution, See Figure A,.5.7.

' Firm
Firm \ receives
defaults \ rating A

Po M B\ /pA

duantiles o e

Figure A.5. 1. Distabunion of the Credit Quaity of the Firm

Lat pS™ be the conditional default rate for CreditMetrics, c.=® {pg), where pp is

the unconditional default rate and $4s) is the formal cumulative density funcfion.
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Then the default rate is the probability 1hat asset retums fall bekow a speclilc quantile
Gi, given a specilic valug of the economic or systemalic factor X. This rale can be

cakeulated as follows;

W-p J1-p

| e — TN NN e
pﬁl':l = Pr =g =F'|I.ll|l|:|?.'+ -..||1 —F:IE"EG1|H'}=F1 E< --1—|_--I"—p— =} |= rD| i

The density function far the default rate can be estimated as follows:

)

!
PipEM < p} = F'¢1 T p

T A m|’c. - 1-pe'(p) ]

II -I 1
k' 1 p ; y "'1'3 '.'F |
P e e THRR
".II]- ol F"ﬁ “ I ] IF{} I:p]
fpy= S - e y
dp jum%n ipﬂ

whiarg [|']|fz:| is tha standardised normeal dansity tunction.

According o Koyluogiu and Hickman {1883), the detaul rale wvolatility can be

expressed ntorms of p and pp, using the definition of variance ag lollows:

4. CM ] Y@
§ (Pg ) —px
o po | atnon

« P ) plx)ex = T

b

62 = ]:{DCD}M

—oo

The migration rate to the credit state B can be derved in a similar way. By agauming

that migration to rating B oocura when returna fall bebween the threshalds o, and c;
{see Figure A.5.1.), where cz= @' (B, + Pg ), then the migration rate to state B gven

A spectfic value of 1he background factor is:
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Finally, the migration rale o the credil state A can be derived using the fact that the

sum of the iransition probakilities should equal oneg, Thersfore:

oM _,_ .CM_ _CM
pn]x_! Py pl:lx

The effect of the systematic factor on the determinalion of the defaull rale and
migration rates can ba illustrated in Figure A.5.2. The realisations of the econemy are
modelled by a normal randem variable, which is the disiribution at the fop of the
dimgram. The five fransformations that we have derived {eguations 5,4, 5.5, 5.6, 5.8
and 5.49) map realisations of the economic factor into the default rates and migration

ratas.

Assurma a derrowar wilh inlermeaediale credil guality B at tha beginning af the parod. In
Figure AL 2. assumea a realisation of the aconomic f&clor represantsd by an
observation from the laft-tail of the normal distibwtion Xa. A& small walue Xa indicates
an econamy in recession, which leads to more defaults in the portiolio, or equivalkantly,
ta high values of the borrower's default rate. In CreditMetrics and CrediiRisk+ such

default rates are represented by ppy - and pb‘ra respeciively. In Figure A.5.2., the
realization of Xa generates a high value of P In CreditMetrics, which means a

point at the right-tail of the Defaull Rate Distribution. The effect on CredilRisk is

similar,

The reallsation of the economy Xa, alse affacts the migration rates 1o stales & and B,
In tha diagram lor CroditMetrics, caly the disibutions for the cafaull rate and
migration rate 1o rating B are plotted, When the economy is In recession (Le. lor small
values of Xa}, the probabkility that a borrower suffers a downgrading in his credit rating
increases, Therefore, the probability that g B-rated borrower keeps the same rating at
the and of the perod iz amall, A9 his credit quality is likely 1o deteriorate, Thersfore, a
low value of the economic factor implies low values of migration rates to ratings A ar

B, ia, pﬁxﬂand F:'Ei::_, raspactivaly. In the figura, P, i located close to zero,
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repregeniling & low value for this variable, The reverse is rue for a kigh value of e

gcanamic fachor xg.

Economic factor
x = iidN(0,1)

of
Xb

CreditM etrics 77 CreditRisk

Rating Model S Default Model

Distribution of | [
the migration I
rate to B rating

efault Rate
Distribution

Figure A.5.2. Effect of the Economic Factor on Migration Rates

To generate the distributions of default and the distributions for the migration rates in
Figurs A.5.2, we nead saveral realisations of the economic factor, According to
CredilRisk+, the digtribution of the default rate follows a Gamma distribution, whereas

that for Greditheatrics this distribution is as equaltion fip) abowe.
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Appendix B: Monte Carlo Simulations

B.1_Sirmulations for 1he dgeneration of the CHetribytiops of the Default Rate and

Miaration Rats for CreditMalrics

The inputs required to generate fhe default distibution of CredilMathics are the

urncenditional default rate and migration rates, le., pp, Pg and py, and the
correlation betwesn the borrowsrs In the portfelie p. The Morte Carko simulations

involve the lallowing steps:

1. Simulala a standard Normal variable, which represents the economic factor of the
porifolio. I order 1o get raliable results we need a large number of simulations. Faure
guasi-random sequence numbers ara wsad to generats randomn fnombaers in Lhe
imarval [0,1]. Apalication of the inversa of tha Mammal distribudion provides us with a
standard normal distribution®.

2. For each realsstion of the economic {actor, calculale the defaut rate

Fﬁrﬂ aocording to aquation S.d4.

d. Aapaat the procese (1 and 2} 1,000,000 times [the number of realisations of the
Boonomic factor).
4. Calpulate fha mean, standard deviation, skewnasa, and kurtcais of the sampls.

5. Cakulate o and [ for CreditRisk+ using the estimated mean and standard

devlation of CredithMeirics.

This procadurs 5 repaated lof all the combinations of the weclor of transiion
prababilitias [ py . pg . Pp ] and the corralation coeificient. Ses Table 5.1. for the values
of tha wegtor of transilion probabililies, Use the following comelation coefficients

p=0.05, .15, 0.25, 0,36, 045

* Mara (1995 derivallon is used 1o approsimale the imverse cumulative Normal distabudion,
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B.2_Simulalions for the gensration of the Cistribulion of ihe Default Rale under

Creditisk+
The inpuls required to generale the defaull distribution for CredidRisk+ are o and P

a5 estimatad by using Cradilbatrics.

1. As for CreditMealrics, simulate a slandard Mormal variable, which reprasents The
eoonomic factor.

2. For a realisalion of the esconomic faclor calculate tha defaul rate according ta
equation 5.8

3. Repeat the process (1 and 2) 1,000,000 tmes (numbsr of reelisaticns of the

economic factar),

4, Calculate skewness and kurtosis of the empirical distribufion of the default rate.

As inputs for this process we uso:! a) the above generated samples of the rates of
rmigration and dedault, generaled under Credithetrics; B a set of transition
probabllides {they determing the type of portfolio); and c) a specific value of tha

correlation cosficant p.

1. For each set of transitkon rates, calculale the conditional number of Indlviduals el
fall into each rating category. These varabbes follow a multinomial distribution.
Theretore, we apply the Kemp and Kemp (12B7) algorithm to simulate multinomial

ARG MUmbars:

1.1 Simulate the number of defaults Ng':" as a binomial wilh parameters

{M=10,000, pg';‘}.

** The cakulation of thiz eguation may not be straightforsard. Insteed, solve equation B.7 wsing
numgrical infegration. For a given value of %, find &, such thet both integrals are egual. To

approximate the curmdadive distribufion of a variable ¥- i, B}, it is mors comaniant to aporoximals
the irtegrad when ¥ T[0e1] and use the lact that X - BY - e ).
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oM
Bl

1.2 Then simulate NS as a binomial (M- Ng':' ’;M l.
pl.'.'a-:

1.3 Calkeulata M“” =M- I"-.I‘:M Na':

2, Cotain the porbolio kss by adding the individual lossas of each bond according o

the following aguation:

PLM - Z (E4(Pri) =P 5 J=AB,

Ty

Also calculale the portiolio oss lor the restricled yersion of CredithMetrics:

PLEME = % (Ey{Pryd - Pra N5 U=D, ND
o

1-1|x

3, Im order to abtain the wnconditional distribution of losses, repeat steps 1 and 2 for
- ik O _CM _Ch

Bach set of fransition ratas [p-DI.)< 'pB{X P 1

4. Caleulate dascnptive statistics, including CWaR atf the confidence lpvels: 90%, 93%,

B3, 97%, 99% and 99.9%.

5. Repsaat 1-4 for all possible semples, i.e., combinations of different portfolios

qualitias (LQ and HQ) and levels of the correlation coefflcient p (=005, 015, 026,

0.35, 0.45).
B.4 Simulations for the generatign gf the Digtripution of Losses under CreditRisk+

Far CrediiRigk+, the number of defaulls is simulated in a similar way, axcapl lor sleps

1 &nd 2, which are as follows:

- . ; CR
1. Calculate the conditional number of defaults in the porfolio Ny by simulating a

Poissan variable with parameter 7 =M* Py

2. Obtain the portfalio koss using MD, end the size of the exposures under each
sCenaro,
CR R
FL H _{PIND _F1IIID':INaJ:

1-|x
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Also calculate the porficlic loss for the other two wersions of CreditRisk+, using

equations 5,18 and 515,
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Appendix C: Differences of CVaR between
CR+3 and CreditMetrics

Panel C.56.1, Low ﬂuali Portfiolio

coereladan cuanhles 0% 23 % 9E5% ST it S0 00 %
“Warlaticn In GyaA -7.03% -T.50% B.08% BTE% -A70% -10.43%
0.0 Warialion in ClaR [ R 0 B (RE=) ] a2 HICHE] HEL L
Effast of E¥praiing [HE T [ 2 (R ] R HRR 2830
Effest of Cistol Dzt 1.0 CLEeT OGS 3R n.a73 1.ARE
LAezt of Migeaticn Hisk L.BEE 0550 1,000 1,001 1.001 1.001
~Warialicn in G¥aR -6.30% -7.22% 7.5 BT -A7T¥% - 50%
FRE Warialion in CWaR (0 P =8 s a311 HIEHE 2,804
Eftnrt of Espralm 0.928 R RR=] a8 0,832 Q80
Eftect of Cist.ol Dota.H 1.005 009 =11 aaad A7 HE
Efnct of Migration Ak 1.040 4 CO0 1 00 1 0K ILARR 1,200
*Wanaticn in Cy¥aR -6.6B% -7.B5% B.ET% 5.35% ET5
0. Warialion in 0vaR 0.ga: g oelE b=t 1,935
Tt f Eapteary HE L LHEE it 0923 2424
Flecd of Rigl ol Datauh 1005 ase (3 aars 2470
Sfwct of Migration Ak 1.G00 r.29% Ly 1 KK 1090
=Warkailon in GY¥aR -B.06% -5.29% -0.085% ARESH 0 St
.36 Waristion in e 2418 Loy CLEEE 0za3 0,394
ENacd of Exparista L] (HE P LGes (IR ] dazd
Efect o Dk Dafank a84an 0478 [ERTHY IR+ E R
Ezct o Mgraian Risk 1933 1.000 1000 1 G 1 K
= VWarkailon in GY¥aR 1037 % 11,81 % A2.71% ALEF 55N
(L] VEnigl o in TWEs u.ue7 TN LTS nETd 0,995
ENad of Expapsa AEI0 624 L5 nazd agza
Efect ol Dislrd Dadank 1L.UAA 1 948 0940 0240 090k
Efect ol Migration Risk 0.008 1999 A0 1 [ 1 K1

Panel C.5.2. High Quality Portfolla

Compar ivon al Dietrbulions ol Loses: SR+ semue Conditfalrics (RTTA)

HIEGEH CRIALITY POATRGLIN

ceeralaban UGk ek g [ [ Bt [T HA, A

“:¥arlabion In CVaA A1.40% -3.36% 4 TS% A -11.08% -18.08%

QEE  Waealionin CVeR [ 505 (= 0:and HIER LL.EEH LBy

Efars of Exposning [ 952 (K=cy| LETH HIET'E (TS .58

Efret of Cist iof Oalaall gl b 1 050 1061 d.a72 .83g I HEd

Efecs of Migraton Rlsk C.554 0G57 01 LETE 0.887 970
=¥ariation In C¥aA 9.11% 5.48% 2.7, AT BTN RTET]

(*H |} Wanalior in Claf 1.LET 1055 1227 d.388 o.a12 C.BCt

Effass of Exposany [ B0 (EE=E] 0l NELT! L] C.HEG

Effart of Clskof Dedauh 1155 1115 1080 1434 u.BE1 L2y

Efmct of Migracicn Akk rass r9es =51 {965 0. BAl .80

=¥ariatice In CyaA 15.67% 12.41% .25 4 455 BT BAT%

035 Waniatior In SWaR 11E3 1,154 108 1008 0,954 DHIE

Sfiect of Exposaes 0.98% (R (=) AR L 080

Effmct of Cisl.cl Dafautt .88 1,963 1153 1024 n.am HLET)

SMect of Migratizn Ak 0844 L.Eog (1N HETT 0.373 0.983

W ariatom in CYaR 18,57 % 15,54%, T3.05% Y ) -180% -1536%

0.35 ‘arialon in Cva= 1.1EE L 9ES 1151 1085 ELE FLTH

Effaci of Eapisaary HIET TR .EEE o aad hRaah! 2000

Efpct of Cial.cl Datayh 1.263 PEum 118G 1.139 1018 1.966

Eh=cl of Migrainn Alsk 083z i1 446 03 G P HE-FE .447

“Vareaiion bn CYaR 4855 13.69% 13.93% A0 FRETS BTy

0.45 Varlancn In SyaR 1008 1047 115 1100 190 0975

Efgct rl EvpRn.ma 0,804 .50 (5% ey 2330 331

Efect ol Del.ol Defauk 1247 1.8% TEE 1157 15096 .

Efact el W gration Ask 1.908 0.n%4 4 0951 977 Q881
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