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Sammanfattning (Summary in Swedish)Titel: Evaluation of Capital Struture Arbitrage in the Equity-Credit MarketsSeminariedatum: 2007-06-07Ämne/Kurs: FEK 582 Kandidatuppsats, 10 poängFörfattare: Natalia Danilina, Daniel Ferm, Fredrik Hedberg oh Daniel ZakrissonHandledare: Göran AnderssonFem nykelord: Capital Struture Arbitrage, Credit Default Swaps, CreditGrades,Value-at-Risk, ArbitragehandelSyfte: Syftet med denna uppsats är att utvärdera förekomsten av kapitalstrukturarbitrage-möjligheter mellan aktie- oh kredit marknaderna.Metod: Felprissättningen av Credit Default Swap-kontrakt beräknas oh används sedansom indata till en tradingstrategi. Avkastningen utvärderas därefter med en modi�eradValue-at-Risk-simulering.Teoretiska perspektiv: En Merton-baserad strukturerad modell, CreditGrades, an-vänds för kredit-prisberäkning oh en arbitrage strategi med felprisättningskonvergensmellan aktie- oh kreditmarknaden implementeras.Empiri: Dagliga data för Credit Default Swap-spreaden för 37 Europeiska företag sam-lades in för en period av två år, tillsammans med aktie-kurser för samma period samtde två tidigare åren för användning till modell-kalibrering.Resultat: Den totala avkastningen av kapitalstrukturarbitrage-tradingen är 32,9%jämfört med 10,8% för enbart Credit Default Swap-trading. Kapitalstrukturarbitrage-strategins aktiehedge sänker e�ektivt Value-at-Risk oh resulterar i en högre avkastning,vilket stöder argumentet för förekomsten av kapitalstrukturarbitrage-möjligeheter. Re-sultaten är dok myket volatila, vilken kan peka på att den valda strategin är merspekulering än arbitrage.
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Chapter 1IntrodutionIn this hapter we introdue the reader to the subjet of this thesis. We start with abrief bakground regarding the redit derivatives market and the argument for CapitalStruture Arbitrage. We then ontinue with a disussion around the sienti� problemmotivating our researh. Lastly, we present the formal purpose and limitations of thisthesis.1.1 BakgroundThe redit risk market is the world's fastest growing �nanial market, attrating everyonefrom hedge funds to ommerial banks and insurane ompanies. Credit risk appearsdue to unertainty in a borrower's ability to meet their ontratual obligations. Itleads to redit losses and is present in almost all �nanial ativities. Nevertheless, theresearh of redit risk was non-existent two deades ago, beause of the general lak ofunderstanding of redit risk.Due to the growth in the level of bankrupties during the 1990s and early 2000s, riskmanagement has gained inreased popularity among bankers and portfolio managers.Their ability to quantify and manage risk signi�antly improved during the years, asthe advanement in omputer tehnology provided essential opportunities to the devel-opment of risk modeling methods. Consequently, redit risk has evolved from being anunavoidable fator in the world of �nane to an aeptable and almost preditable riskfator.The latest produt of the redit risk market, redit derivatives, is the most popularnew instrument for transferring redit risk. Credit derivatives are partiularly used by�nanial institutions with high redit exposure in order to hedge or assume redit risk.A redit derivative is an OTC bilateral ontrat that permits users to manage theirexposure to redit risk. The redit derivatives market is one of today's most signi�antover-the-ounter markets. The expansion of the market has exeeded all expetations,growing from a notional value of $5 trillion in 2004 to over $20 trillion in 2006 (British1



Bankers Assoiation 2006).Suh a tremendous growth in the market volume has been mathed and to someextent driven by the range of new redit derivative produts. In terms of volume,Credit Default Swap ontrats have evolved as the most popular among them, gainingmore than half of the general outstanding volume in the total redit derivatives market.Generally, a CDS is an over-the-ounter arrangement whih moves redit risk from oneparty to another. Thus, an insurane buyer pays a periodi fee to an investor in returnfor a protetion against a redit event by a referene entity. This gives investors theopportunity to go both long and short in redit without having to hold the underlyinginstrument. Despite being a ustomized over-the-ounter instrument, CDS are tradedin standardized form between a wide variety of market partiipants.CDS ontrats are primarily used by banks and other lending institutions to insuretheir �nanial positions from the redit risk of the �rm defaulting. However, other mar-ket partiipants, suh as hedge funds and other speulators have begun showing interestin trading between the equity and redit derivatives market in pursuit of arbitrage op-portunities. Huge growth in the CDS market and the possibility to go short on thesedebt positions have made a new form of trading strategy possible. This onept of trad-ing between a ompany's di�erent asset lasses, equity and debt, is known as CapitalStruture Arbitrage. It is one of the most reent hedge-fund strategies that has gainedpopularity among investment banks and hedge-funds sine 2002, and is designed to ex-ploit priing imperfetion that exists in the apital struture of the �rm (Chatiras andMukherjee 2004).1.2 ProblemWith the reent emergene of the redit derivatives market, aademi researh and in-dustry pratie is still developing. The huge growth of the CDS market has been themajor fator for the development of CSA strategies. CSA has been drawing more andmore attention from hedge-funds and other �nanial institutes. Researh about CSA isvery limited and there is still no onsensus whether this is a pro�table strategy or not.CSA has been desribed as a trading strategy that ould beome "the next big thing"(Currie and Morris 2002), but there is lak of researh showing any evidene for this.Those who are engaged in this type of trading are surely willing to keep their strate-gies seret, onsequently it is very hard to retrieve information about prevailing marketstrategies. These are the main problems motivating this thesis, as there is evidently noonsensus about CSA pro�tability. Another problem in evaluating CSA opportunities,and one of the biggest issues for the market to solve, is that there is yet to evolve aommon asset priing model for the new and somewhat exoti types of redit deriva-tives. There are numerous CDS priing models and they vary strongly in the underlyingmarket assumptions and priing model omplexity.2



1.3 PurposeThe purpose of this thesis is to test for the existene of Capital Struture Arbitrageopportunities in the equity-redit markets.1.4 LimitationsSine the fous of this thesis is to evaluate CSA from an equity-redit markets perspe-tive, we limit the study by only using the equity based strutural approah when priingCredit Default Swaps. The CSA strategies subsequently used only fous on pure equity-redit trading and we do not evaluate, nor ompare, our results to other strategies.In the equity-redit trading strategy, we are only onsidering equity as a hedge anddo not onsider all-put options. Transation osts are not taken into onsideration asthese osts are hard to estimate. This of ourse a�ets the pro�t of the trade.We limit the study by only analyzing 37 ompanies from the European market, sineno other study fouses on this market. The �rms studied are seleted randomly from theiTraxx index, however, there are some riterias in the seletion proess. The ompaniesmust be listed in the euro urreny in order to avoid problems with urreny adjustmentsand urreny risks, and ompanies without su�ient information available also has tobe exluded.
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Chapter 2TheoryIn this hapter we present the relevant theoretial framework used as a basis for theresearh onduted in this thesis. We start by introduing the reader to the onept ofredit risk and redit derivatives, and ontinue with the relevant asset priing modelsused in aademia and in the �nanial industry. Lastly, we talk about the onept ofCapital Struture Arbitrage, di�ulties of foreasting asset volatility and risk alulationfor Credit Default Swap trading strategies.2.1 Credit RiskThere is always an element of risk involved with debt and redit. This is alled reditrisk and is generally de�ned as the risk of loss due to a debtor's non-payment of a debtor other form of redit. Institutions often use various methods to rank ompanies inorder to determine how large redit risk they will fae.There are three things that are partiularly important for an institution to onsiderwhen entering into a transation that will make them fae a redit risk; probability ofdefault, redit exposure and reovery rate (R). Probability of default is, as the namesuggests, the probability that the ounter-party will default on its obligation, for examplenot manage to repay a loan in a given time-frame. Credit exposure measures how largethe remaining obligation will be if default should our and reovery rate measures howmuh that will be possible to reover after a default.Credit derivatives also inlude redit risk. Certain types of derivatives, like swapsand forwards, are partiularly di�ult to rate sine they have an initial market value ofzero. In this ase, advaned methods are used to evaluate the redit risk ompanies areexposed to.2.1.1 Credit RatingCredit rating indiates the redit worthiness of �rms. The rating is determined through aproess alled redit analysis, whih takes into aount many fators about the ompany4



being rated. The main �rms that perform redit analysis are Standard & Poor's, Fithand Moody's. The ompanies are ranked aording to a rating, usually ranging fromAAA to D where AAA is the highest rating, and D is the lowest. A rating of BBB orabove de�nes that the ompany's debt is rated as investment-grade while a ompanyrated below BBB has a onsiderable risk of defaulting, and its bonds are referred to asjunk bonds. The system of rating di�ers somewhat between the redit rating ompanies.The redit rating proess is of high importane for ompanies, as with a poor ratingit is harder to raise debt, and the interest rate will be higher. The rating eventually alsoa�ets the equity and CDS pries sine the ratings are onsidered valuable informationfor many market partiipants. The CDS market is partiularly in�uened by the reditrating, sine the default of a ompany triggers a debt payment.2.2 Credit Default SwapA Credit Default Swap (CDS) is the most ommon form of redit derivative, whih isaimed to transfer redit exposure of �xed-inome produts between parties. A purhaserof the redit protetion agrees to pay a �xed periodi fee (spread) to the seller of theCDS. The redit protetion is a ontrat, whih guarantees a payout in ase a redit eventours. Its initial value when initiated is zero, as the expeted value of the protetionpayment equals to the negative expeted value of the fee or oupon payments.The standard use of CDS ontrats is for ompanies to hedge redit risks. If, forexample, a bank has extended debt to a ompany, they an protet themselves froma potential default by buying a CDS. If the ompany defaults on the debt during thespei�ed time, the ompany that issued the CDS will pay part of the notional amount ofdebt, N(1−R). In this way, the protetion buyer has eliminated the risk and transferredit to the protetion seller, who is more willing to take it.There has been a large inrease of speulation in the CDS market over the last years.Sine CDS ontrats inreasingly sell diretly over-the-ounter, they an be bought andresold at will. The buyer of protetion has a short position in redit, while the seller hasa long. Shorting a ontrat is muh easier ompared to bonds, whih is a muh moreomplex and ostly proedure.The traded CDS volume has shown exponential growth during the last years, and byJune 2006 the notional amount of outstanding CDS ontrats had reahed $20 trillion.The main buyers of redit default swaps are ommerial banks, but hedge funds havealso beome a major partiipant in the last years. Their share of volume in both buyingand selling redit protetion have almost doubled sine 2004. Banks have went fromabout 80% of the CDS market in 2000 to about 60% in 2006 while hedge funds havewent from 10% to 30% in the same period (�gures for buying protetion). Other marketpartiipants are mutual funds and insurane ompanies, whih onstitutes around 10%of the market. (British Banker's Assoiation 2006)5



2.3 Credit Priing ModelsWhen priing general redit instruments and its derivatives, the most important pa-rameters are the �rm spei� probability of default and expeted reovery rate. Theprobability of default diretly impats the �rm's redit spread, the premium a �rm hasto pay over the risk-free interest, but also determines the CDS spread onsidering thenature of a CDS ontrat. The reovery rate also a�ets the CDS spread, as the prote-tion buyer's reimbursement depends on the di�erene between the notional debt valueand the atual reovered value.CDS ontrats are most ommonly pried using simple ash-�ow valuation, with theextra omponent of unertainty arising from the probability of default added (Hull andWhite 2000). During the lifespan of a ontrat there are two ash-�ows to take intoaount; the protetion buyer's quarterly premiums, known as the premium leg, and theprotetion seller's insurane payment, if and when the referene entity defaults on itsdebt, known as the protetion leg. The two ash-�ows are in turn properly disounted,with respet to the probability of default that impats the expeted ash-�ows, andde�nes the prie of the ontrat as the sum of the two parts.However, CDS ontrats are by de�nition initiated on terms that set the prie of theontrat to zero, making the ontrat spread the determining fator. Subsequently, thislets us solve the ontrat spread from the disounted ash-�ows by modeling what hasbeen the fous of most redit related researh in the past three deades - the probabilityof default.2.3.1 Strutural ModelsThe most important breakthrough in the �eld of quantitative redit assessment, datesbak to when Blak and Sholes (1973) and Merton (1974) introdued their famousasset priing model, originally designed for priing equity options. The model linkedequity- and debt value to the �rm's assets by onsidering a �rm's equity and debt tobe all and put options on the �rm's underlying assets. Merton implied that the sameoption priing model ould be adapted for use in assessing redit, whih led to the useof Merton's model as a base for an entire group of redit priing models alled struturalmodels.The strutural models are heavily linked to the apital struture of a �rm, henethe name strutural, and de�nes the onept of default as the event when the value ofthe �rm's equity falls below a ertain default barrier. The strutural models are veryattrative as the model parameters are readily observable in the liquid and transparentequity market, as opposed to the less liquid debt market.
6



Merton's ModelThe model Merton originally devised to assess redit is a simple one, and assumes thatthe �rm has two lasses of issued seurities; equity and debt. The value of the �rm'stotal assets is de�ned as the sum of the �rm's equity and debt, and it is assumed tofollow the same log-normal di�usion proess as the �rm's equity, most ommonly thestandard Wiener-driven Geometri Brownian Motion (GBM). The assets value an henebe desribed by the stohasti di�erential equation
dVt = µVt dt + σV Vt dWt (2.1)where Vt is the value of the �rm's total assets at time t, µ the drift (ie. the averageasset return), σV the asset value volatility and Wt the Wiener omponent.The key argument in both Blak and Sholes and Merton revolves around the notionthat the equity value is the residual of the �rm's total assets after the debt has beenre-payed, a onept �rst explored by Miller and Modigliani (1958). Intuitively, thisoriginates from the seniority of debt over equity if the �rm was to default, where thedebtors reeive their stake before any of the shareholders would. Thus, at any time t,the value of the �rm's equity an be desribed as

Et = max(Vt − D, 0) (2.2)where Et and Vt is the equity and asset value respetively. This simple statementre�ets the ore insight of Merton and to some extent Blak and Sholes, showing thatthe equity an be onsidered a all option on the �rm's assets, and allows for the modelingof equity and redit using the now famous option priing framework.With similar model assumptions as de�ned by Blak and Sholes, Merton spei�esan option model with the equity prie representing the option prie, and with the �rm'sassets as the underlying instrument. The asset value is suitably de�ned by the GBMas above, ful�lling the log-normal return requirements of the Blak and Sholes model.The equivalent of the option strike prie in this ase however, is not predetermined byan option ontrat, but rather by a default-barrier related to the future value of thedebt the �rm is obliged to repay. Applied, this de�nes the urrent equity prie using theBlak and Sholes model as
E0 = V0Φ(d1) − Xe−rT Φ(d2) (2.3)where V0 is the initial asset value, Φ the umulative normal distribution funtion, Xthe default-barrier (ie. the value of the �rm's debt, adjusted depending on the reoveryrate), T the terminal date of the �rm's debt and r the risk-free interest rate. Theparameters d1 and d2 are represented by 7
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P(ET ≤ X|V0) = Φ(−d2) (2.4)where d2 is de�ned as above. As a result of using the plain Blak and Sholes model,originally devised to value European equity options, equation (2.6) also reveals thatMerton's model is not a so alled stopped model; allowing the equity prie to fall belowthe default-barrier temporarily before the time T without triggering a default.Other ModelsAfter Merton introdued the onept of modeling redit risk using the strutural ap-proah, several researhers has proposed modi�ations to the original model in orderto better estimate the probability of default, resulting in an entire group of struturalmodels. One of the more ommon types of modi�ation relates to the di�usion proessof the �rm's equity, and thus its assets, in order to more orretly model the future ofthe �rm in terms of volatility, jumps and other externally de�ned events. For example,Cox (1975) pioneered the aademially suessful Constant Elastiity of Variane (CEV)model, leading to an improved representation of the asset volatility, something furtherdeveloped by Atlan and Leblan (2005) among others.Additionally, Blak and Cox (1976) introdued the �rst stopped strutural model (orFirst Passage Model), where default ours as soon as the �rm's equity drops below thespei�ed default barrier, providing a more realisti alternative when modeling redit.Other researhers has also attempted to relate fators suh as market risk, using theCapital Asset Priing Model (CAPM) framework to the probability of default (Bohn2000). For a summary of the di�erent strutural alternatives to the pure Merton model,we refer to either Berndt and Veras de Melo (2003) or Bohn (2000).2.3.2 Redued-Form ModelsThe most important alternative redit assessment method to the strutural models, isa group of models alled redued-form. The redued-form models was �rst suggested by8



Du�e and Singleton (1998) and deviates from the strutural models by using a time-dependent default barrier, deoupling the probability of default from the �rm's apitalstruture. Having the probability of default exogenously de�ned provides more freedomin the sense that non-eonomi fators an be addressed, but also inurs a larger errormargin when using model parameters not generally well understood (Bohn 2000).Most ommonly in redued-form models, the probability of default is estimated usingmarket observed redit spreads from the debt market (Hull and White 2000). This isgenerally onsidered a good approah sine the observed redit spread is supposedlyre�eting non-eonomi default a�eting fators in a quantitative way. However, beauseof the low liquidity, high redit-spread volatility and lak of transpareny in the debtmarket, it's not an approah entirely without its share of ontroversies.2.3.3 Commerial VariantsAs a result of the extreme growth seen in the redit derivatives market during thelast ouple of years, researh related to redit priing model has attrated inreasinginterest from the �nanial industry. As many of the redit priing models devised inaademia tend to take a very theoretial approah to solving pratial problems, severalommerial variants of the more suessful models have emerged.The most popular ommerial redit priing model of those publily available is theCreditGrades model, rivaled only by Moody's KVM, and is one of the few ommerialmodels that is published in its entirety.The CreditGrades ModelThe CreditGrades model was developed and published by a joint-venture between Gold-man Sahs, J.P. Morgan and Deutshe Bank, named RiskMetris Group, In. The modelis a modi�ed implementation of Merton's strutural model and is widely onsidered tobe the industry standard framework used for redit assessment (Yu 2005).As one of the main goals of the model was to address the de�ated redit spreadsthat resulted from Merton's model, RiskMetris (2002) �nd that the de�ated spreadsmainly an be seen as a onsequene of two fators; �rstly that Merton's model allowsfor the equity to pass the default barrier without triggering an atual default (ie. not astopped model) and seondly the lak of absolute realism in the pure GBM proess usedto model the asset development.The CreditGrades model deviate from Merton's model by introduing an absorbingand unertain default-barrier, and by triggering default as a stopped-model. The default-barrier is estimated by the �rm's spei� reovery-rate R as in most other struturalmodels, but also assumes that it is log-normally distributed over time with a ertainstandard deviation λ in order to adjust for the lak of jumps and other anomalies in theGBM proess. 9



The model uses the onept of survival probability instead of the probability ofdefault (whih are oneptual equivalents, although not mathematially), and is givenby
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where d is de�ned as above. For a more in-depth review of the assumptions, ideasand alulations behind the CreditGrades model, we refer to either RiskMetris (2002)or Yu (2005).2.4 Volatility MeasuresModeling and foreasting stok market volatility has been the subjet of a great researhduring the last deade. It is probably the most important variable in any priing model.10



Expetations about future volatility play an important role in portfolio management,hedging and asset priing. Volatility is often used as a rude measure of the total riskof apital assets.There are numerous methods for estimating volatility in modern redit derivativesmarket. Asset prie volatility is usually measured in two ways; histori volatility, whihinvolves only histori prie information, and implied volatility whih represents thevolatility of the seurity underlying an option, determined by the prie of the option.The standard model for volatility is the historial estimate, whih involves alulatingthe standard deviation of returns over some historial period. The historial volatility isthe input to options priing models, although there is a growing body of evidene sug-gesting that the use of volatility predited from more sophistiated time series modelswill lead to more aurate option valuations (Chu and Freund, 1996).2.5 Capital Struture ArbitrageCapital Struture Arbitrage (CSA) is an arbitrage strategy for investing in two di�erentasset lasses that referene the same entity. Investors pro�ts by exploiting the mispriingbetween the two di�erene assets. The two asset lasses are orrelated and arbitragepossibilities arise from imperfetions in the interation between market and redit risk.Before the development of CDS, it was not possible to short debt in a onvenient way, butwith the emergene of the CDS market, arbitrage strategies like this beame muh moreonvenient. Consequently, CSA has beome an inreasingly popular trading strategyfor banks, hedge funds and other speulative market partiipants. The number of fundsusing this strategy has shown explosive growth during reent years (Currie and Morris2002). The three most important CSA strategies are ommonly de�ned (Berndt andVeras de Melo 2003) as trading between; equity- and debt-markets, equity- and redit-markets and redit- and debt-markets.The mispriing of debt is ommonly analyzed with a strutural model in order toevaluate if the CDS spread is under- or overpried. When the CDS spread preditedby the strutural model is lower than the market spread, an investor an take a shortposition in a CDS with the belief that the two markets are onverging. If this is thease, the spread will go down and the investor will pro�t from the short CDS position.We are only fousing on the equity-redit markets strategies in our investigation.As previous researh states, it is di�ult to �nd appropriate trading strategies that areused in the market, whih is a onsequene of a new emerging market, and the banks'inentives of keeping their pro�t strategies seret.2.5.1 Hedging Credit Default SwapsHedging �nanial positions is used to lower the risk by avoiding exposure of di�erenttypes of risks suh as prie movements, volatility and interest rate hanges. The CDS11



position is hedged in order to lower the risk of hange in the CDS spread. There area number of di�erent types of hedging alternatives that an be used to hedge CDS po-sitions, and of the most ommonly used hedging strategies is the delta hedge, whihremoves the risk of prie movements in the underlying position, in this ase the CDSspread. Delta measures the relative movement of the underlying position. A hedge isdelta neutral when both positions o�set eah other and the pro�t of the long positionequals the loss of the short position. The position is only delta neutral for small move-ments of the underlying position and the hedge must be rebalaned to sustain deltaneutral when large movements our.A position in both stoks and stok options an be more appropriate to hedge fordi�erent types of risks, but in this thesis we will limit our strategy to only onsider goingshort or long in stoks. This limits the hedge, espeially as the equity volatility is notdiretly hedged. The pro�ts from the hedging strategy is a�eted by the transationosts of the instruments and a hedge with �ne time intervals is less pro�table beauseof these inreasing osts.2.5.2 Equity-Credit Markets StrategiesThe equity-redit strategy is based on a position in both CDS ontrats and equityreferening the same �rm. The equity position is seen as a hedge, but sometimes marketonditions allow for pro�ts in both positions. With a long position in a CDS (boughtprotetion) ontrat, the o�setting position is to buy equity, and vie versa if CDS is sold;equity should be sold as a hedge. The logi behind this is that taking a long position in aCDS is buying protetion of default, having a negative view on that partiular ompanyand as a hedge you must take the opposite position, buying equity.CDS spreads are viewed as an inreasing funtion of equity volatility and leverage(Merril Lynh 2003). With inreasing equity volatility the CDS spread inreases, and ahigh volatility motivates buying protetion. In a study by Zhang, Zhou and Zhu (2005),empirial results is presented that the volatility risk predits as muh as 50 perent ofthe CDS spread. This highlights the great importane of equity volatility regardingCDS spreads. Aording to the equity option volatility smile, the true volatility ofequity is a dereasing funtion of the equity prie. A high equity volatility implies ahigher risk of default, when equity prie inreases the leverage dereases. The equitybeomes less exposed to risk and a lower equity volatility is motivated. There is a longrun relationship between the CDS spreads and the orresponding equity volatility skew.(Berndt and Veras de Melo 2003). In the long run, the CDS rate and equity volatilityskew will revert to an equilibrium.The prie of equity is also a�eted by a large number of fators suh as maro-eonomis and industry spei� issues. The di�erent harateristis of the underlyingdeterminants for the CDS spread and equity prie implies di�erent market behavior.This a�ets the trading strategy, and under ertain irumstanes a pro�t an be made12



in both the CDS and hedge position. In a trade with long positions in both CDSand equity, and where the spread inreases at the same time as the stok prie, theinvestor makes a pro�t in both positions, even though the trade should theoretially bea hedge with the equity position. The main strategy is to arbitrage on the mispriing ofCDS ontrats, by using the onvergene argument illustrated by Fan Yu (2006). Themispriing of CDS spreads are analyzed with a strutural approah to evaluate if itsunder- or overpried, and used as input to a eventual trading strategy.2.5.3 Other StrategiesAs disussed by Berndt and Veras de Melo (2003), several other arbitrage strategies areommonly used other than the equity-redit one pursued in this thesis.Equity and debt marketThe most ommon form of trade with this strategy is to long a onvertible bond andshort equity, where the equity risk of the onvertible bond is hedged with the positionin equity. The onvertible bond is a more seure instrument ompared to only equity, ifthe stok prie rise, the onvertible bond behaves like equity, and if the stok prie falls,the onvertible bond is not as highly exposed to market risk as the equity position. Thisstrategy is a onvertible arbitrage strategy.Credit and debt marketThis trading strategy is based on the fat that the bond market regards the defaultrisk to be muh lower than in the CDS market, and this an be used to make pro�t onthe di�erene of basis points between the two markets. One way is to sell CDS at ahigh prie and buy onvertible bonds at a lower spread. Another word for this kind ofstrategy is basis arbitrage.2.6 Quantifying RiskValue-at-Risk is a popular risk measure used by a large number of �nanial institu-tions. For a �nanial position it is de�ned as the maximum loss during a spei�ed timeperiod given a ertain probability. Consequently, it represents the amount to be lostunder normal market onditions. Thus, while determining Value-at-Risk, it is essentialto onsider the probability of loss and trading holding period, determined by the hori-zon(Christo�ersen, 1999). Common probability values are determined by 1, 2.5 and 5perent, whereas typial holding periods are 1, 2, 10 and 30 business days (Linsmeierand Pearson, 1996).Value-at-Risk is mainly onerned with market risk, but an also be applied to mea-sure two other types of �nanial risks, redit- and liquidity risk. Value-at-Risk has been13



established as the standard for risk adjustment by the most authoritative regulatoryorganizations. This is ahieved due to the oneptual simpliity of the method and itsability to work on di�erent levels (ECB, 2001).Value-at-Risk an be alulated in several di�erent ways, of whih three are themost ommon: variane-ovariane, historial simulation and Monte-Carlo simulation.Both the historial and the Monte Carlo methods are reliable for quantifying risk in thease of a more omplex position. Monte Carlo approah is based on generating largeamounts of random numbers based on a statistial model. Historial simulation maybe inonvenient in ase there is not muh su�ient rate history, for instane for newlydeveloping markets. Thus, Monte Carlo approah is onsidered to be more appropriatedue to its �exibility in using various parameters, suh as historial, market implied oruser-de�ned harateristis (RiskMetris, 2007).2.6.1 Capital RequirementsThe Basel Committee on Banking Supervision, hosted by the oldest global �nanialinstitution in the world, the Bank of International Settlements, has represented a apitaladequay framework, adopted as the Basel Capital Aord (Basel II). This frameworkintends to regulate internationally ative banks' minimal risk apital requirements and isnow rati�ed by more than 100 ountries around the world (Evano� and Wall, 2000). Theframework is aimed to provide "soundness and stability" to the international bankingsystem by demanding higher apital ratios and reduing ompetitive disparity amonginternationally ative banks all over the world.In order to provide greater stability in the international banking system, the reg-ulation proess in the Basel II is onentrated around three onepts, so-alled Baselpillars: minimum apital requirements omputed for three main risk omponents thatbanks fae, redit, operational and market risk; supervisory review and market disi-pline. In our analysis we �nd it suitable to implement the �rst pillar, whih proposesvarious ways for determining risk weights. The "standardized approah" haraterizes aportfolio of bank loans by a relatively small number of risk ategories, and the risk weightassoiated with a given ategory is based on an external rating institution's evaluationof ounterpart risk.The Basel Committee on Banking Supervision regulations requires �nanial institu-tions to maintain eligible apital against their market Value-at-Risk (Carling, 2002).
14



Chapter 3MethodologyIn this hapter we desribe the methodology of the researh onduted in this thesis. Westart by presenting the sienti� approah taken and ontinue with a desription of thedata used in our analysis. Lastly, we disuss the pratial issues and deisions regardingthe implementation of the priing model, trading strategies and risk simulations desribedin the previous hapter.3.1 ApproahThis thesis takes a quantitative approah to test for CSA opportunities in the equityand debt markets. In order to evaluate the mispriing of CDS ontrats, leading toarbitrage possibilities, we build our quantitative investigation on an implementation ofthe equity-redit markets strategy.The quantitative outline of our thesis starts with the olletion of data, whih in-ludes CDS and equity pries for 37 ompanies, as well as debt-per-share and reditrating. Afterwards, the possible mispriings of the CDS ontrats spread are omputedby utilizing the CreditGrades model.In order to ahieve CSA pro�ts we apply the trading simulation, whih is basedon the alulated mispriing results gained from our priing model implementation.Subsequently, after alulating either pro�t or loss from the CDS ontrats, we simulateValue-at-Risk in order to alulate the atual return for CDS trading strategies, whihis done by ombining pro�t and Value-at-Risk.3.2 DataThe data used in this thesis referene 37 European ompanies and was aquired fromDataStream and Reuters. Daily CDS spreads for the ommon �ve year CDS ontratswere olleted from DataStream for a period of two years, and resulted in 522 obser-vations per studied �rm. The CDS data was retrieved from the iTraxx Europe index15



Setor Firm Country Rating Equity Debt MarketAutomotive Continental Germany BBB+ 103 46 14,941Automotive DaimlerChrysler Germany BBB+ 66 152 67,342Automotive Peugeot Frane A- 58 234 13,608Automotive Renault Frane BBB+ 105 167 29,904Automotive Volkswagen Germany A- 113 320 40,238Consumer Wolters Holland BBB 23 13 7,070Consumer Carrefour Frane A 54 53 37,994Consumer Lufthansa Germany BBB 21 34 9,786Consumer LVMH Frane BBB 87 35 42,634Consumer Metro Germany BBB 59 77 19,278Consumer Sodexho Frane BBB+ 56 41 8,894Consumer Unilever Holland A+ 21 16 9,786Energy Endesa Spain A 40 36 42,530Energy Enel Italy A+ 8 7 52,369Energy Fortum Finland A 24 11 21,547Energy Iberdrola Spain A 42 20 48,476Energy Union Fenosa Spain A- 43 37 12,949Finane ABN Amro Holland AA- 36 538 68,502Finane Allianz Germany AA- 163 2,323 73,320Finane Capitalia Italy A 8 51 20,276Finane Commerzbank Germany A 37 903 24,293Finane Deutshe Bank Germany AA- 116 3,253 61,752Finane Uniredito Italy A+ 7 77 73,610Industrial Akzo Nobel Holland A- 60 30 17,186Industrial Bayer Germany BBB+ 53 54 40,151Industrial HeidelbergCement Germany BBB- 119 56 13,821Industrial Lafarge Frane BBB 131 90 23,089Industrial Linde Germany BBB 82 111 13,417Industrial Siemens Germany AA- 96 71 86,239Industrial Stora Enso Finland BBB- 14 55 11,304Industrial Upm Kymmene Finland BBB 19 14 10,114Teleom Deutshe Teleom Germany A- 13 19 56,882Teleom Frane Teleom Frane A- 22 27 58,597Teleom Nokia Finland A+ 20 3 76,925Teleom Teleom Italia Italy BBB+ 2 5 40,158Teleom Telefonia Spain BBB+ 17 18 82,675Teleom Vivendi Frane BBB 32 18 36,521Table 3.1: Setor, name, ountry, redit rating (Fith), equity prie (EUR), debt-per-share (EUR) and market apitalization (millions of EUR) for the �rms analyzed.16



whih onsists of the 125 most liquid CDS in the market.Equity pries were also olleted from Datastream for a total of four years, two yearsmore than the CDS spreads. The data used was the daily lose quote from eah ofthe �rm's primary listing loations. We used the additional data in order to alulatethe historial equity volatility. After ombining the CDS and equity data available, our�nal per �rm data sets onsisted of 522 equity prie observations for the CDS spreadperiod, and 523 observations for the volatility estimation period. We also olleteddebt-per-share for eah ompany, in order to model the default barrier.3.3 ModelingThe empirial modeling performed in this thesis was implemented using the mathe-matial software suite MATLAB and onsists of three parts; priing, trading and risksimulation.3.3.1 Priing ModelIn order to alulate the fair equity-implied CDS spread, and in extension the model-market mispriing, used for speulating between the equity- and redit markets, we usean implementation of the CreditGrades model. The reasons that motivate the hoieof using the CreditGrades model mainly arise from the model's status as the de-fatostandard priing model in the industry (Berndt and Veras de Melo 2003), as it is knownto produe aurate and reliable redit spreads. Also, the simpliity of using a struturalmodel, as opposed to a more omplex redued-form model, regarding the availability ofrequired model data ontributes to making it an ideal hoie among the di�erent reditpriing models. Lastly, sine we subsequently use the output of the priing model asa base for our trading model, where we trade between the equity and redit markets,using an equity-based strutural model provides a good approah in order to identifymispriings between the two markets.Model ParametersWhen implementing the CreditGrades model, a number of deisions regarding the inputparameters must be made. The main parameters in our implementation is the equityprie S, equity volatility σS , debt-per-share D, reovery-rate R, standard deviation ofthe default-barrier λ and the risk-free interest rate r. These parameters an be dividedinto market observed data (S, σS ,D, r) and �rm spei� model onstants (R,λ).While the original CreditGrades model uses data from a proprietary risk database(RiskMetris 2002) in order to estimate the �rm spei� model onstants, we mustinstead approximate some of the parameters based on publily available information.Though some researhers have suggested (Yu 2005) that the reovery-rate and the stan-17



dard deviation of the default-barrier an be estimated by numerially optimizing thepriing model equations using CDS market spreads, we use average reovery-rate datafrom information published by RiskMetris (2002), �tting the alulated CDS spread toits market equivalent, on a per �rm basis. The base parameters used are
R = 0.5

λ = 0.3where R is the reovery-rate and λ the standard deviation of the default-barrier.The method of �tting the alulated CDS spreads is a simpli�ation of Yu's (2005)numerial optimization. Initial optimization testing resulted in extreme values for both
R and λ and hene motivated developing alternative approahes. As the unmodi�edimplementation initially produed aurate and reliable CDS spreads in the majorityof the �rms analyzed, but resulted in responsive but displaed spreads in a few ases,we introdue a alibration onstant in order to adjust the default-barrier and thus therelative level of the spread. The alibration onstant was estimated using Mean-Square-Error (MSE) minimization of the alulated spread and by using market data from aalibration period in order not to bias the trading.Initiated ContratsWhen a CDS ontrat �rst is initiated between two parties, the atual prie of theontrat is set to zero. The ontrat spread is in hand determined by the probabilityof default, and remains �xed over the life-span of the ontrat. However, if any ofthe parties want to get out of their ommitment before the ontrat expires, the CDSontrat will have an intristi value if the market CDS spread hanged sine the ontratwas initiated.If, for example, the market spread has inreased sine the ontrat was �rst initiated,the ontrat will have a positive value to the protetion buyer as it provides defaultinsurane heaper than is urrently available from the market. The protetion buyerwill thus be able to sell the ontrat to another party - and make a pro�t. The sameargument applies if the market spread has dereased, and the protetion seller will beable to sell its ontratual obligation for a pro�t.This idea is entral to the onept of speulating in the CDS market and is used todetermine the prie of previously initiated ontrats. Due to the fat that seondarymarket CDS ontrat prie data is not available, beause of the OTC trading nature,we need to approximate the prie of those ontrats based on the di�erene between theagreed ontrat spread and urrent market spread. This is done in line with Yu (2005)and is essentially the equivalent of the risk-weigthed disounted spread di�erene, withthe approximation that the time elapsed sine the ontrat �rst was initiated is very18



small ompared to T . The hange in the present value of the ontrat, originating fromthe ontrat-market spread di�erene, an hene be expressed as
∆CDS(c̃, ct) ≈ (ct − c̃)

∫ T

0

1

r
e−rtp(t)dt (3.1)where ct is the market CDS spread at time t, c̃ the agreed CDS spread of the initiatedontrat, T the life-span of the ontrat, r the risk-free interest rate and p(t) the survivalprobability as spei�ed by the CreditGrades model. Additionally, as the prie of a CDSontrat at initiation is zero, the absolute value will equal the delta value of the ontrat,

CDS(c̃, ct) = ∆CDS(c̃, ct), and provides the approximated seondary-market prie ofthe initiated ontrat relative to its notional debt protetion value.Volatility EstimationThe volatility measure used in our priing model in order to foreast the equity volatilityis the 500-day historial standard deviation of the equity return. While some researhers(Yu et al 2007) has suggested that the option implied volatility an provide importantquantitative redit information when priing redit derivatives, we base our hoie onthe mean-reversion argument for volatility due to the long lifespan of �ve years for theCDS ontrats.Using a 500-day volatility window, and not a �ve year one, is a trade-o� between themean-reversion argument and the idea of using a shorter volatility measure in order tobetter re�et reent volatility hanges that may have an impat over the entire ontratlifespan.3.3.2 Trading AlgorithmIn the pursuit of CSA pro�ts we devise a simple trading model based on the alulatedmispriing resulting from our priing model implementation. The trading model is basedon a portfolio of equity and CDS ontrats, both seurities referening a single �rm, anduse the delta-hedge CSA approah desribed in the previous hapter. Our implementa-tion is an extended version of the trading model developed by Yu (2005) and is basedon the argument of mispriing onvergene over time.Trading TriggerThe triggering fator in our trading model is the theoretial mispriing of the CDSontrat spread. By denoting the urrent market spread ct and the alulated modelspread ĉt, we de�ne the absolute spread mispriing as εt = ct − ĉt. While the absolutemarket and model spread value is of great importane when priing CDS ontrats inthe ase of debt insurane, the relative mispriing and its movement over time is more19



important when speulating in the equity and redit markets. We de�ne the relativespread mispriing in relation to the standard deviation of the absolute mispriing as
ϕt =

E(ε) − εt

σε

(3.2)where E(ε) is the expeted value of ε and σε its standard deviation. The relativemispriing provides a good indiator of how over- or under-pried we think the CDSontrats urrently are, and is used as the algorithmi trading trigger in our model. Forexample, if the relative mispriing is positive, it indiates that the market CDS ontratsare overpried and that we should take a short position (vie verse if it is negative). Sinea higher mispriing inrease the likelihood of onvergene over time, we adopt a strategywhere the number of ontrats held is diretly proportional to the relative mispriingin order to ahieve a higher gearing in the ases where the mispriing is the greatest.Number of ontrats long or short ranges between 10 to -10.When the relative mispriing later reahes zero, the position is losed by either sellingor buying bak the portfolio omponents, depending on whether the urrent position islong or short. The pro�t (or loss) realized from the losing trade will equal
∆P = ±

|n|
∑

i=1

CDS(c̃i, ct) (3.3)where n is the number of urrently held ontrats (negative if the position is a shortone), c̃i the i-th held CDS ontrat spread and ĉt the urrent market spread. Therealized pro�t is added umulative to our main pro�t indiator P and is like equation(3.3) expressed in relation to the notional debt protetion value.Equity Delta-HedgeThe delta-hedge strategy of hedging CDS ontrats by buying or selling the referene�rm's equity, as motivated by the CSA argument, provides a mean to redue the riskand inrease the pro�t in optimal irumstanes. The size of the equity position taken isalulated in a similar way as Yu (2005), by numerially estimating the partial di�erentialof the CDS ontrat value with respet to the stok prie in order to derive the hedge-ratio. The hedge-ratio is given by
δ(CDS,S) =

∂CDS

∂S

∫ T

0

1

r
e−rtp(t)dt (3.4)where CDS is the value of a CDS ontrat, S the referene-entity's stok prie, T theterminal date, r the risk-free interest rate and p(t) the �rm spei� survival probabilityas spei�ed in the CreditGrades model.This hedge ratio determines how muh equity should be bought or sold to get adelta-neutral position. In our trading model we use a more or less stati hedge, only20



re-balaning it when our CDS position is hanged, whih means that the position willnot stay delta-neutral as the underlying stok prie hanges. In order to optimally re-balane the hedge as the stok prie and CDS ontrat spread hanges, daily tradeswould inur substantial trading osts and redue overall pro�tability. This however, isnot explored in the thesis and may still in some ases redue the risk enough to o�setthe related trading osts and inrease the return.Return CalulationBeause the main pro�t indiator P in our trading simulations is an absolute measure(although expressed in relation to the nominal debt protetion value of the ontratstraded), it does not onsider the apital employed in reating the pro�t. This makesthe pro�t made from our trading impossible to ompare to similar trading strategies, forexample those employed by hedge-funds.The problem arise from the fat that even though one annot pratially enter a CDSontrat without some sort of apital reserve, the prie of the initial ontrat is zero,whih makes it impossible to alulate the return of CDS trading in the same manner
(log pt

p0
) as with other �nanial instruments suh as equity. However, we propose usinga modi�ed Value-at-Risk approah, in aordane to the reent Basel II regulations, inorder to produe omparable returns for CDS trading strategies.Basel II regulates �nanial institutions suh as banks, insurane �rms and varioustypes of funds (ommon CDS market partiipants) in order to guarantee that they anful�ll their risk-dependent ontratual obligations. Thus, it an be assumed that marketpartiipants would not enter a CDS ontrat agreement with a speulator, in ase hedoes not meet approximately the same �nanial requirements.The �nanial requirements spei�ed by Basel II uses an n-day, 99% Value-at-Riskmodel, weighted with an asset- and �rm spei� risk multiplier. The Value-at-Riskhorizon depends on the type of asset and the harater of the holding, and the suggestedhorizon in the ase of redit derivatives is 10 days (BIS 2004). As for the risk multiplier

h, used to alulate the required apital, the suggested value varies between 1 and 4 forredit derived assets depending on the �nanial status of the holder (BIS 2004). Dueto the fat that a speulator probably is less �nanially stable than any of the large�nanial institutions regulated by Basel II, we use a onservative value of h = 5 in orderto not underestimate the apital requirements.As we now have a method of estimating the required apital reserve, the equivalent ofthe apital employed in reating the trading pro�t P , the return of our trading strategyan be expressed as
r =

P

hV
(3.5)where r is the relative return, P the absolute trading pro�t (relative the notional debt21



protetion value), h the risk-weighted apital requirement multiplier and V the absoluteportfolio Value-at-Risk (10-day, 99%, relative the notional debt protetion value).3.3.3 Value-at-Risk SimulationIn order to estimate the total portfolio Value-at-Risk, used to alulate the requiredapital and in extension the return of our trading strategy, we take a Monte Carloapproah to statistially estimate the trading risk. Using Monte Carlo simulations foralulating Value-at-Risk is partiularly appealing when dealing with non-linear �nanialinstruments suh as options and redit derivatives (Barkhagen 2002), as it is almostimpossible to solve the problem analytially using a parametri approah.As we use an equity-based strutural model in our trading strategy, we assumethat equity data an suessfully alulate CDS spreads using the apital struturelink implied by Merton (1974). The same assumption an be applied in the MonteCarlo approah when estimating Value-at-Risk for CDS based trading, where the totalportfolio risk depends on the development of both the CDS spread and the equity prie,in order to approximate the CDS Value-at-Risk omponent based on the simulated equitydevelopment. The iterative approah taken omprise of three sequential steps; stohastiequity simulation, CSD spread alulation and portfolio loss estimation.Equity SimulationTo simulate the equity development, we assume that the equity value follows a log-normalGBM di�usion proess and we model the equity prie using the disrete equivalent ofthe stohasti di�erential equation
dSt = µSt dt + σSSt dWt (3.6)where St is the �rm's equity prie at time t, µ the drift (ie. the average equityreturn), σS the equity prie volatility and Wt the Wiener omponent.The stohasti development of the equity is simulated using a large number (i = 1000)of n-day random paths, and by using the historial return and volatility of the �rm'sequity, at time t, to bias the distribution proess. As mentioned earlier, we use a 10-dayhorizon (n = 10) for the Value-at-Risk estimation.Subsequently, the CDS spreads for eah of the simulated n-day equity prie valuesare alulated, and are used as an approximation of the future CDS market spreads.Unfortunately, this undeniably results in model unertainty, as the priing model doesnot perfetly predits the CDS spreads, whih in turn may underestimate the atualportfolio Value-at-Risk. Using a Monte Carlo approah in onjuntion with historialsimulation, in order to alibrate the CDS spread modeling, would probably inrease thereliability of our Value-at-Risk model. However, onsidering the limited sope of thisthesis, this is left as an interesting starting-point for further researh.22



Portfolio LossUsing the simulated equity prie and CDS spreads, we alulate the portfolio value foreah of the generated equity paths in order to estimate the potential loss and thus theValue-at-Risk. This is however where we deviate slightly from the ommon pratie ofalulating the Value-at-Risk as a perentage of the total portfolio value. The reasonfor this is the problem disussed above, the prie of an initiated CDS ontrat is alwayszero. Instead, we estimate the Value-at-Risk in terms of the absolute loss using the totaldelta-value of the portfolio, similar to the approah re�eted by equation (3.3). This alsohas the positive side e�et that our Value-at-Risk measure shares the same dimension asour pro�t indiator P , eliminating the notional debt protetion value from our tradingreturn.3.4 Methodology CritiismThe ompanies used in the analysis are large ompanies with a low asset volatility andhigh redit rating. The priing alulations are based on the assumption that there is aertain risk of default for eah ompany, whih is derived from the redit rating. Sinethese ompanies are large and stable �rms, this risk might in reality be even lower thanthe redit rating predits. This may be explained by several fators, suh as defaultprotetion and bailouts provided by the government. Sine the investors are aware ofthis, and possibly at aordingly, this may alter the prie in a way not predited by themodels hosen.The auray of the priing results are further ompliated by the fat that we donot know the auray of the CreditGrades model in relation to other priing models.Although the CreditGrades model has shown good results in prediting redit spreads,there might be other more appropriate models.Transation osts have not been aounted for in our modeling. There are a lot ofdi�erent transation osts for di�erent types of transations, whih makes it hard toinorporate this in the trading models. These osts are sure to a�et the total return ofthe trade, whih means the alulated results are somewhat higher than the results thatwould be ahieved if the trading had been done for real.We were initially planning on inorporating volatility to a higher extent in the anal-ysis, but were unable to due to time onstraints. The results ould possibly be improvedby further inorporating implied volatility in the trading strategy. The hedge might alsobe improved with options to fous more on volatility, as it an be used to predit equitypries, and other hedging strategies, suh as gamma- or vega hedging, might provide abetter alternatives to lowering the risk and thus inreasing the return.
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Chapter 4AnalysisIn this hapter we present the empirial �ndings that are the result of the priing- andtrading model simulations. We illustrate the results using a variety of graphis, analyzethe main results and omment on the most important �ndings. Lastly, we test the returnsprodued by our trading model for statistial signi�ane.4.1 TrendsBy analyzing the input data used in our model, as well as the priing output from thesimulations, a ouple of lear trends an be observed. Firstly, the equity markets has,during the period of the data sample, enjoyed a strong positive trend with rising equitypries and inreasing orporate earnings for most of the �rms in our sample. The strongequity markets has in turn lead to dereasing redit- and CDS spreads, beause of theinverse relationship between equity pries and default probabilities, something furthermagni�ed by the relatively large size of the studied referene entities.This trend has several impliations for a CSA strategy suh as the one pursued in thisthesis. Clearly, in maro-eonomially good times, the probability of dereasing reditspreads is greater than in a reession when using a strutural priing framework. Thus,if maro-eonomi foreasting models were to be ombined with a priing model suhas the one used in this thesis, a better, prediting model ould be developed, providingleading indiators for the equity-redit mispriing.Seondly, the output of our priing simulations, illustrated in �gures 4.1- 4.6, showsevidene of time-based lustering for the alulated market-model mispriing. As oursimulations lak a periodi omponent, the most probable onlusion to draw, is thatthere are market parameters that are unaounted for in our models. Sine we assumethat the risk-free interest rate is onstant over time in our simulations, a likely lakingfator ould be the term-struture of risk-free seurities as well as the overall risk moodin the marketplae - but also other unknown maro-eonomial fators that an provehard to quantify. 24
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Figure 4.1: CDS spread mispriing over time for the Automotive group; Continental,Daimler Chrysler, Peugeot, Renault and Volkswagen.
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Figure 4.2: CDS spread mispriing over time for the Consumer group; Wolters, Car-refour, Lufthansa, LVMH, Metro, Sodexho and Unilever.
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Figure 4.3: CDS spread mispriing over time for the Energy group; Endesa, Enel, For-tum, Iberdrola and Union Fenosa. 25
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Figure 4.4: CDS spread mispriing over time for the Finanial group; Allianz, Com-merzbank, Deutshe Bank and Uniredito.
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Figure 4.5: CDS spread mispriing over time for the Industrial group; Akzo Nobel,Bayer, Heidelberg, Lafarge, Linde, Siemens, Stora Enso and Upm Kymmene.

0 50 100 150 200 250 300 350 400
−6

−4

−2

0

2

4

6

8

M
is

pr
ic

in
g 

(r
el

at
iv

e)

 

 
Deutsche Telecom
France Telecom
Nokia
Telecom Italia
Telefonica
Vivendi

Figure 4.6: CDS spread mispriing over time for the Teleom group; Deutshe Teleom,Frane Teleom, Nokia, Teleom Italia, Telefonia and Vivendi.26



4.2 MispriingGenerally, our priing implementation provided very reasonable CDS spreads when om-pared to market observed ones. The optimization desribed in the previous hapter, withregard to the level of the CDS spread and the referene entity's debt-per-share/reovery-rate, proved very suessful, espeially so in the ase of the �nanial �rms. Due to thenature of the industry, �nanial �rms are heavily leveraged, and beause of our hoieof priing framework, this resulted in very high CDS spreads, often an order of magni-tude larger than what the market deemed fair. However, this is not very surprising as itould possibly be explained by the regulatory ontrol imposed by governments and othernon-governmental organizations world-wide, meaning that the probability of default isatually substantially smaller than suggested by the �nanial �rms' large leverage. Theseresults are exempli�ed in �gures 4.7 and 4.8, and most notably in the ase of ABN Amro,where the original model spread was in the hundreds.Further, the model spreads seems to exhibit lower volatility than the market spreadsfor most of the �rms. As the equity volatility for the referene �rm is the prime non-stati parameter (besides the equity prie, for whih the model spread is less sensitive),this suggests both that the volatility used as input generally is less volatile in it self,but also that it is lagging (as an example, see �gure 4.8 and model-market mispriing)when ompared to the volatility implied by the market CDS spread. This questionsthe hoie of a 500-day historial volatility as the main volatility metri in our model,supporting other researh (Yu et al 2007) that onlude that a more responsive (suh asthe Exponentially Weighted Moving-Average or equity-option implied volatility) metrimight prove to better model the market observed CDS spreads.4.3 TradingOverall, our onverging arbitrage strategy is pro�table, both with and without the equityhedge. The size of the equity-positions taken in order to hedge the (sometimes highlyrisky) CDS ontrats is substantial, and requires a speulator to have aess to largeamounts of apital in order to delta-hedge. Beause of the size of the equity position,the pro�t (and loss) often dominates the total pro�t of a single lose, sine we do notrebalane our hedge dynamially, and overall lowers the total pro�t of our strategywhen ompared to the one where no hedge-position is taken. The total pro�t, returnand Value-at-Risk for eah of the studied �rms are available in table 4.1.For 10 out of 37 �rms studied, the total pro�t is atually higher when ompared tothe trading with only CDS ontrats, a hedge pro�t is made and ould be explained bysimultaneous pro�ts from both positions. A more in-depth investigation of the our-rene of double pro�ts or losses has not been made in this thesis, but we refer to Yu(2005) for a analytial disussion about the issue.27



Most of the �rms studied show negative pro�ts for the equity hedge and for 9 ofthe �rms it results in a negative total pro�t. The lower trading pro�t with the hedgeshows that quite substantial losses are made with the equity hedge. The premisis ofthe hedge, to lower risk of the total position while having small e�ets on pro�ts ouldhere be disputed as the standard deviation of the pro�t atually inreases (from 0.26to 0.27 with the hedge) at the same time as a quite large derease in pro�t is made.A more so�stiated hedging strategy, suh as gamma- or vega hedging, as well as adynami rebalaning of the hedge ould prove to more e�etively mitigate the risk fromthe trading.However, with the equity hedge, the modi�ed Value-at-Risk dereases signi�antly(0.09 ompared to 0.16 with only CDS speulation). This means that less apital has tobe held, whih leads to a higher mean return (54% ompared to 16% without equity),even if the atual pro�t is lower. The equity hedge is highly e�etive in lowering Value-at-Risk, and thus inreasing the return. There is a statistially signi�ant (95% single-sidedt-test) return of 10.8% without the hedge and 32.9% with the hedge.Figure 4.15 and 4.16 are examples where the hedge is e�etive, the Value-at-Risk getssigni�antly lower if the hedge is inluded in these examples. In �gure 4.17 however, thehedge isn't that e�etive. This varies between ompanies, but overall the hedge lowersthe Value-at-Risk enough to produe a higher return than a strategy without a hedge.The implemented strategy, disussed in the previous hapter, of having di�erentnumbers of ontrats in proportion to the mispriing, should serve for a more auratetrading, limiting large losses as well as making it possible for larger pro�ts when thereis a large deviation between the market and model spread. When a large deviationbetween these two spreads our it is likely to be a longer period of onvergene anda higher number of ontrats for both CDS and equity is long or short, whih largelya�et the pro�ts of the trade. This is also when the largest pro�ts or losses from thetrading ours, espeially from the equity position, as a large short position in equityover a long period has a high probability of inurring a loss, sine the overall trend ofequity pries is inreasing.When there is a large jump in the mispriing there is a high probability of positiveresults from trading. This ours when there is a large hange in number of ontratsbought or sold, and at the same time the hedge is hanged aordingly. There are manyreasons for the jumps, the �rm might for example have liquidity problems, whih willhange their debt struture and possibly also their redit rating. There an also be otherunknown �rm variables, or hange of market onditions. The jumps are partiularlypro�table beause they result in a large pro�t in a small amount of time, leaving moretime to make additional trades.
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Pro�t Return Value-at-RiskFirm CDS Total CDS Total CDS TotalContinental 0.00 -0.43 0.00 -0.48 -0.18 -0.03DaimlerChrysler -0.12 -0.20 -0.02 -0.02 -0.45 -0.45Peugeot 0.20 0.44 0.17 0.79 -0.09 -0.03Renault 0.59 0.50 0.23 1.54 -0.19 -0.03Volkswagen -0.03 -0.54 -0.01 0.06 -0.16 -0.15Wolters 0.04 0.23 0.01 0.05 -0.27 -0.25Carrefour 0.16 0.04 0.13 0.07 -0.09 -0.04Lufthansa 0.31 0.01 0.16 1.29 -0.14 -0.02LVMH 0.15 0.16 0.07 0.47 -0.16 -0.03Metro 0.60 0.48 0.30 1.02 -0.15 -0.05Sodexho 0.32 -0.06 0.15 0.21 -0.16 -0.06Unilever 0.27 0.32 0.22 1.05 -0.09 -0.02Endesa 0.33 -0.10 0.33 1.40 -0.07 -0.02Enel 0.08 0.12 0.08 0.75 -0.08 -0.01Fortum 0.18 -0.36 0.06 -0.02 -0.21 -0.13Iberdrola 0.03 -0.27 0.03 -0.61 -0.10 -0.01Union Fenosa 0.08 -0.30 0.06 0.42 -0.10 -0.02ABN Amro 0.35 0.23 0.66 0.71 -0.04 -0.03Allianz 0.09 0.19 0.05 0.23 -0.12 -0.04Capitalia 0.67 0.33 0.34 0.49 -0.15 -0.08Commerzbank 0.26 0.16 0.45 2.07 -0.04 -0.01Deutshe Bank 0.83 0.64 0.64 2.81 -0.10 -0.02Uniredito 0.06 -0.18 0.06 0.53 -0.07 -0.02Akzo Nobel -0.36 0.11 -0.23 -0.65 -0.11 -0.04Bayer 0.30 0.26 0.16 1.04 -0.14 -0.03Heidelberg -0.15 0.35 -0.03 -0.04 -0.38 -0.28Lafarge 0.01 0.01 0.00 -0.68 -0.15 -0.02Linde 0.25 0.23 0.15 0.37 -0.12 -0.04Siemens 0.17 0.43 0.17 1.63 -0.07 -0.02Stora Enso -0.26 -0.26 -0.03 -0.01 -0.69 -0.64Upm Kymmene 0.17 0.02 0.13 0.07 -0.09 -0.13Deutshe Teleom 0.38 0.07 0.26 0.13 -0.11 -0.16Frane Teleom 0.32 -0.11 0.22 0.95 -0.11 -0.02Nokia 0.16 0.09 0.11 0.41 -0.11 -0.03Teleom Italia 0.66 0.00 0.23 0.36 -0.22 -0.13Telefonia SA 0.48 0.12 0.19 0.38 -0.19 -0.10Vivendi 0.53 0.13 0.27 1.11 -0.15 -0.03Mean 0.22 0.08 0.16 0.54 -0.16 -0.09Standard Deviation 0.26 0.27 0.18 0.75 0.12 0.13Table 4.1: Summary of the trading simulations; pro�t, return and Value-at-Risk for theCDS-only and CSA trading strategies. 29
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Figure 4.7: Equity prie, equity volatility, market and model CDS spread, mispriing ofCDS spread and trading results for Metro.
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Figure 4.8: Equity prie, equity volatility, market and model CDS spread, mispriing ofCDS spread and trading results for ABN Amro.
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Figure 4.9: Cumulative trading pro�t for the Automotive group; Continental, DaimlerChrysler, Peugeot, Renault and Volkswagen.
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Figure 4.10: Cumulative trading pro�t for the Consumer group; Wolters, Carrefour,Lufthansa, LVMH, Metro, Sodexho and Unilever.
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Figure 4.11: Cumulative trading pro�t for the Energy group; Endesa, Enel, Fortum,Iberdrola and Union Fenosa. 32
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Figure 4.12: Cumulative trading pro�t for the Finanial group; Allianz, Commerzbank,Deutshe Bank and Uniredito.
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Figure 4.13: Cumulative trading pro�t for the Industrial group; Akzo Nobel, Bayer,Heidelberg, Lafarge, Linde, Siemens, Stora Enso and Upm Kymmene.
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Figure 4.14: Cumulative trading pro�t for the Teleom group; Deutshe Teleom, FraneTeleom, Nokia, Teleom Italia, Telefonia and Vivendi.33
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Figure 4.15: Monte Carlo simulated portfolio Value-at-Risk (99-perent, 10-day) overtime for LVMH.
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Figure 4.16: Monte Carlo simulated portfolio Value-at-Risk (99-perent, 10-day) overtime for Siemens.
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Figure 4.17: Monte Carlo simulated portfolio Value-at-Risk (99-perent, 10-day) overtime for Heidelberg. 34



Chapter 5ConlusionsIn this brief hapter we summarize the researh performed in this thesis and its �ndings.We disuss the main theoretial and pratial impliations of our work and talk aboutsome of the shortomings of our researh. Lastly, we list some areas of researh that ouldprovide interesting starting-points for further researh in the area of Capital StrutureArbitrage5.1 SummaryOur purpose in this thesis was to test for the existene of Capital Struture Arbitrage inthe equity-redit markets. In our analysis of 37 ompanies, we alulated a mean returnof 16% with pure CDS trading and 54% with the CSA approah, with a statistiallysigni�ant return of at least 10.8% and 32.9% respetively. These results support ourtheory of Capital Struture Arbitrage opportunities.5.2 DisussionIt is di�ult to get information about the trading strategies employed by the �nanialindustry, as they are not publily shared by the banks and hedge-funds using them. Ourinterpretation of the equity-redit markets CSA strategy ould ertainly be improvedwith more e�ient trading strategies.The trading strategy does not take maro fators into onsideration. The markethas had a positive trend during the whole trading period, and it would have been apro�table strategy to just short a lot of CDS ontrats. Although there is no way ofknowing how long urrent market trends will ontinue, there might still be some marofators that ould be worth taking into onsideration to predit the trend and improvethe trading strategy.There might also be trading onditions that we are not aware of. Our thesis istheoretial in many ways, and there are usually some fators that you never think of35



until you experiene them in pratie. These unknown fators ould possibly in�uenethe trading strategy, making it less e�etive or even pratially impossible. Anotherpratial point worth mentioning is the problem with liquidity problems in relation tothe ability to buy/sell ontrats. If any �nanial problems arise during the trading, thatmight hange the trading ability, and the results will thus be a�eted.5.3 Further ResearhThe area of Capital Struture Arbitrage provides many interesting starting-points forfurther researh as the CDS market is showing strong growth and has beome moreliquid with a growing number of outstanding CDS ontrats and market partiipants.Researh about CSA strategies is limited and few omprehensive studies of the markethave been onduted. Even though this thesis shows some support of CSA strategies,there is still no onlusive evidene.The market has been positive with inreasing equity pries during the researh pe-riod, a negative market senario with a higher volatility and dereasing equity prieswould probably produe di�erent results. This would result in higher CDS spreads andinreased volatility of mispriing, whih raises the likelihood of a higher return.There are some ways to improve the trading algorithm, as outlined in the disussion.This ould also be ombined with a tehnial analysis on the equity side to furtherimprove the strategy. Considering risk, there are Value-at-Risk alulation methodsthat ould possibly alulate a more exat Value-at-Risk, one option is to use MonteCarlo simulation with alibration using historial simulation.

36



BibliographyAtlan, M. and LeBlan, B. Hybrid Equity-Credit Modelling, Universite Pierre et MarieCurie and Equities & Derivatives Quantitative R&D, BNP Paribas, 2005.Barkhagen, M. Value-at-Risk & Vega Risk - Using the implied volatility surfae to om-pute Value-at-Risk for option positions, Royal Institute of Tehnology, Stokholm, 2002.Basel Committee on Banking Supervision. International Convergene of Capital Mea-surement and Capital Standards, Bank for International Settlements, 2004.Berndt, O and Veras de Melo, B. Capital Struture Arbitrage Strategies: Models, Pratieand Empirial Evidene, Shool of HEC at University of Lausanne, 2003.Blak, F. and Cox, J. Valuing Corporate Seurities: Some E�ets of Bond IndentureProvisions, Journal of Finane, 31:351-367, 1976.Blak, F. and Sholes, M. The priing of options and orporate liabilities, Journal ofPolitial Eonomy, 81(3):637-654, May - Jun 1973.Bohn, J. A Survey of Contingent-Claims Approahes to Risky Debt Valuation, The Jour-nal of Risk Finane, Spring 2000:53-70, 2000.British Banker's Assoiation, Credit Derivates Report, 2006Chatiras, M. and Mukherjee, B. Capital Struture Arbitrage: An empirial investiga-tion using stoks and high yield bonds, Isenberg Shool of Management, University ofMassahusetts, 2004.Christo�ersen, P., Hahn, J. and Inone, A. Testing, Comparing, and Combining Value-at-Risk Measures, Finanial Institutions Center, The Wharton Shool, University ofPensylvania, 1999Cox, J. Notes on Option Priing I: Constant Elastiity of Variane Di�usions, WorkingPaper, Stanford University, 1975.Currie, A. and Morris, J. And now for Capital Struture Arbitrage, Euromoney, De2002. i



Engle, R. and Manganelli, S. Value-at-Risk Models in Finane, European Central Bank,Working Paper, 2001.Evano�, D and Wall, L. Reforming bank apital regulation: using subordinated debt toenhane market and supervisory disipline, Contemporary Eonomi Poliy, 19(4):444-453, Ot 2001.Du�e, D. and Singleton, K.Modeling Term Strutures of Defaultable Bonds, The Reviewof Finanial Studies, 12:687-720, 1999.Hull, J. and Nelken, I. and White, A. Merton's model, redit risk and volatility skews,Journal of Credit Risk, 1(1), 2004.Hull, J and White, A. Valuing Credit Default Swaps I: No Counterparty Default Risk.Journal of Derivatives, 8(1):29-40, 2000.Linsmeier, T. and Pearson, N. An introdution to value at risk, University of Illinois atUrbana-Champaign, 1996.Merril Lynh, Credit Derivative Handbook 2003, 2003Merton, R. On the priing of orporate debt: The risk struture of interest rates, Journalof Finane, 29(2):449-470, May 1974.Modigliani, F. and Miller, M. The Cost of Capital, Corporation Finane and the Theoryof Investment, The Amerian Eonomi Review, 48(3):261-297, Jun 1958.RiskMetris. CreditGrades: Tehnial Doument, Risk Metris Group, In, 2002.RiskMetris. Using the historial and Monte Carlo simulation-based approah to estimaterisk, Risk Metris Group, In, 2007.Yu, F. How Pro�table is Capital Struture Arbitrage? Finanial Analysts Journal,62(5):47-62, 2006.Zhang, B., Zhou, H. and Zhu H. Explaining Credit Default Swap Spreads With the EquityVolatility and Jump Risks of Individual Firms, FEDS Disussion Paper, 2006.
ii


