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Abstract

The assessment of risk is an important and comialgx with which market regulators and
financial institutions are faced, especially aftez last subprime crisis. It is argued that since
market data is endogenous to market behaviourststat analysis made in times of stability
does not provide much guidance in times of crisiss well known that the use of Gaussian
models to assess financial risk leads to an untiereson of risk. The reason is because these
models are unable to capture some important fagth as heavy tails which indicate the

presence of large fluctuations in returns.

This thesis provides an overview of the role ofexte value theory in risk management, as a
method for modelling and measuring extreme riskghis empirical study, the performance
of different models in estimating value at risk angbected tail loss, using historical data, are
compared. Daily returns of nine popular indicesIZPSCAC40, DAX, Nikkei225, FTSE100,
S&P500, Nasdaq, Dow Jones and Sensex) and sewvanratoket firms (Apple, Microsoft,
Lehman Brothers, BES, BCP, General Electric andd@ah Sachs), during the period from
1999 to 2009, are modelled with empirical (or histal), Gaussian and generalized Pareto
(peaks over threshold technique of extreme valeeril). It is shown that the generalized
Pareto distribution fits well to the extreme valwesing pre-crisis data. The results support the
assumption of fat-tailed distributions of asseumes. As expected, the backtesting results
show that extreme value theory, in both value sk &nd expected tail loss estimation,
outperform other models with normality assumptiorall tests. Additionally, the results of
the generalized Pareto distribution model are mptificantly different from the empirical
model. Further topics of interest, including softevdor extreme value theory to compute a

tail risk measure, such as Matlab, are also predent
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1. Introduction

In recent years value at risk (VaR) has becomerya pepular measure of market risk
and it has been adopted by central bank regula®rhe major determinant of the capital
requirements for banks in order to cover for potdtbsses arising from the market risks they
are bearing. Recent directives issued by the B@seimittee have established VaR as the
standard measure to quantify market risk. The swlyef banks is mainly important for the
stability of the financial system. Central banksl ahe Basel Committee have a well-built
concern in systemic risk, where insolvency in oeet@& of an economy can lead to a national
crisis. The global recession following the stockrked crash of 1987 prompted a revision of
banking regulations as well as new minimum requéets owned by banks that were
imposed in the G10 countries, and after adoptetthéynost of the countries in the world.

According to Jorion (2007), unforeseen adverseasians unaccounted for by existing
models triggered huge losses, eventually endingpitkruptcies or almost bankruptcieshe
financial crisis that started in August 2007 is ase study for extreme risks and risk
management practices. In recent years, the probfesmtreme risks in financial markets has
become topical following the crises in the Asianl &ussian markets, and the unexpected big
losses of investment banks such as Barings and &aditve events prompted regulators to
address the issue, and from the advent of the B2eaital Accord of 1996there has been a
strong concern about quantifying market risk beegwsnks were demanded to put up risk-
adjusted capital as a buffer against likely shéstfa’he Amendment to the Basel Accord in
1996 and the broad lines maintained in the Basel Capitaord of 2004 allowed financial
institutions to employ their own internal markeski management models in order to
determine capital requirements.

Unlike economic capital, when estimating the leg@himum required for the banks
against its market risk exposures, the manageusarseveral risk models and risk metrics or
simply apply the standardized rules that are sethieyregulators. The banks can use an
advanced risk model to estimate the market riskdated by the regulator and provided that
the risk management structure in the bank satisBetin qualitative criteria. It can be one of
the two broad types, either a scenario model oaR Yhodel. The scenario model is used by

The last remarkable cases are Northern Rock, Btari®, ANB Financial, First Integrity Bank, Roskl
Bank, IndyMac, First Heritage Bank, First Natiofdnk of Nevada, IKB, Silver State, Fannie Mae, Hied
Mac, Lehman Brothers, AIG and Washington Mutual.

2 Seehttp://www.bis.org/publ/bcbs04a.pdf

% Seehttp://www.bis.org/publ/bcbs24a.pdf

* Seehttp://www.bis.org/publ/bcbs107.pdf
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smaller banks based on an aggregate maximum loseead major banks usually adopt the
VaR model.

Since the financial crisis began in mid-2007, apontant source of losses and the
build up of leverage occurred in the trading boAkmain contributing factor was that the
current capital framework for market risk, basedtba 1996 Amendment to the Capital
Accord to incorporate market risks, does not capsome key risks. In response, the Basel
Committee on Banking Supervision (the Committegdpsements the current VaR based
trading book framework with an incremental risk it@pcharge, which includes default risk
as well as migration risk, for unsecuritised crgaibducts. An additional response to the
crisis is the introduction of a “stressed VaR” riggment. Losses in most banks trading books
during the financial crisis have been significantiygher than the minimum capital
requirements under the former Pillar 1 market rigks.

In June 2006, the Committee published a compretengersion of the Basel Il
frameworR which included the June 2004 Basel Il framewoHe tlements of the 1988
Accord that were not revised during the Basel dgass, the 1996 amendment to the Capital
Accord to incorporate market risks and the July®2p@per on the application of Basel Il to
trading activities and the treatment of double difaeffects. The Committee released
consultative documents on the revisions to the IBHsenarket risk framework and the
guidelines for computing capital for incrementalkrin the trading book in July 200b@&nd
more recently in July 2009 The Committee has decided that the incremensél capital
charge should capture not only default risk bub asgration risk. This decision is reflected
in the proposed revisions to the Basel Il marksk framework. Additional guidance on the
incremental risk capital charge is provided in gasate document, the guidelines for
computing capital for incremental risk in the traglbook (referred to as “the Guidelinés”)

According to the revised Basel Il market risk framoek, the precise number and
composition of the stress scenarios to be applididoe determined by the Committee in
consultation with the industry by March 2010. Ferthore, the Committee will evaluate a
floor for the comprehensive risk capital charge ahihtould be expressed as a percentage of
the charge applicable under the standardised nerasat method. This evaluation will be
based on a quantitative impact study to be condunt@010. The improvements in the Basel
II framework concerning internal VaR models in parar require banks to justify any

® Seehttp://www.bis.org/publ/bchs128.pdf
6 Seehttp://www.bis.org/publ/bcbs140.pdf
7 Seehttp://www.bis.org/publ/bchs158.pdf
8 Seehttp://www.bis.org/publ/bchs159.pdf
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factors used in pricing which are left out in tladcalation of VaR. They will also be required
to use hypothetical backtesting at least for vaiiaa to update market data at least monthly.
To complement the incremental risk capital framdytine Committee extends the scope of
the prudent valuation guidance to all positionsjetthto fair value accounting and make the
language more consistent with the existing accagnguidance. The Committee has already
conducted a preliminary analysis of the impactmoirecremental risk capital charge where it
included merely the default and migration risksgédy relying on the data collected from its
quantitative impact study on incremental defaudk iin late 2007. It has collected additional
data in 2009 to assess the impact of changes ttratang book capital framework. In the
coming months, the Committee will review the calion of the market risk framework in
light of the results of this impact assessmentsTieview will include multipliers to the
current and “stressed VaR” numbers. Banks are d¢ggeto comply with the revised
requirements by December 31, 2010.

Under the revisions of the Basel Il market risknfeavork proposed by the Basel
Committee on Banking Supervision, VaR must be cdegpwon a daily basis in a 99
percentile. In calculating VaR, an instantaneougeprshock equivalent to a ten-day
movement in prices is to be used, i.e., the miniMatding period” will be ten trading days.
The choice of historical observation period (sampéziod) for calculating VaR will be
constrained to a minimum length of one year. Bankst update their data sets frequently by
no less than once every month and reassess themewdremarket prices are subject to
material changes. No particular type of model isspribed in the framework, however each
model used need to capture all the material rigksbry the bank. In this way, banks can use
models based, for example, on variance-covariareteiaas, historical simulations or Monte
Carlo simulations. Banks can also recognise engbirmorrelations within broad risk
categories (e.g. interest rates, exchange rategyqarices and commaodity prices, including
related options volatilities in each risk factotegory). In addition, banks must calculate the
above mentioned “stressed VaR” measure. This measuintended to replicate a VaR
estimation that would be generated on the bankeewumportfolio if the relevant market
factors were experiencing a period of stress aralldhtherefore be based in the same
conceptions than VaR, but with different calculatio Banks for International Settlements
(BIS) did not prescribe any model to calculate tlsisessed VaR” and banks can develop

different techniques to translate this new addftiomhe additional “stressed VaR”

° BIS gives an example, for many portfolios, a 12athaperiod relating to significant losses in 20@02 would
adequately reflect a period of such stress.
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requirement will also help to reduce the procydiigaof the minimum capital requirements
for market risk.

VaR is formally defined as a quantile of the fosded distribution of profits and
losses (P&L) over a time span. The practical achged of VaR methodology are largely
counterbalanced by theoretical fldWg¢see e.g. McNeil, Frey and Embrechts, 2005; Szegd,
2002 for a detailed review of VaR pitfalls), buiea so, VaR has become a regulatory
exigency obliging financial institutions to obta&tcurate and robust estimates in order to
construct adequate capital structures.

The last years have been characterized by signtfigestabilities in the financial
markets. With the latest market adversity startethe United States of America (USA) with
the sub-prime mortgage crisis it is clear that ehisra need for an approach that comes to
terms with problems posed by extreme event estimathdvances that have been made in
VaR should not be lost with the probable (and vaskserved) adoption of coherent risk
measures into regulatory framework. This has ledumerous criticisms about the existing
risk management systems and motivated the searahdie appropriate methodologies able
to cope with rare events that have heavy consegser@oncerning the extensive range of
applications like risk management or regulatoryumegments and considering that institutions
can use their own approaches, the developmentcofra@e techniques has become a topic of
prime importance. While most methodologies couldhieee that purpose for common
everyday movements, they find themselves unabéetount for unexpected events that take
place in the crisis. It is well known that the ufeGaussian models to assess financial risk
leads to an underestimation of risk. The reasdrecause these models are unable to capture
some important facts such as heavy tails and Vibfatlustering which indicate the presence
of large fluctuations in returns. By comparing taR and the Expected Tail Loss (ETL)
calculated analytically and using simulations, bath approaches lead to almost the same
result. Superior quality of VaR techniques can impleyed to yield superior ETL forecasts.
Academics and practitioners have extensively studi@R to propose an unique risk
management technique that generates accurate faRagsns for long and short trading
positions and for all types of financial assetswideer, they have not yet succeeded as the
testing frameworks of the proposals are still belegeloped. Numerous conditional volatility
models that capture the main characteristics oétassturns (asymmetric and leptokurtic

unconditional distribution of returns, power traorshation and fractional integration of the

9vaR particularly appeals to non-technical audisrae to its conceptual simplicity.
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conditional variance) under four distributional @sptions (normal, generalized error
distribution (GED), Student-t, and skewed Studgrtigve been estimated to find the best
model for financial markets, long and short tradpagitions, and two confidence levels. By
following this procedure, the risk manager can isiggntly reduce the number of competing
models that accurately predict both the VaR andERe measures. ETL estimations can be
significantly improved by using the knowledge ob&d from advances in VaR estimation.
This way, the VaR and the ETL should be regardguhatsers, not rivals.

Further than traditional approaches, various adtiera distributions have been
proposed to describe fat-tail characteristics. @hehe most popularity is based on the
Extreme Value Theory (EVT). EVT has traditionallyedn used in fields like civil
engineering, hydrology, meteorology and actuarigpliaations concerning loss severity
distributions, recently being devoted to finangmirposes. EVT provides a framework in
which an estimate of anticipated forces could belenasing historical data. Today, EVT is
used in telecommunications, ocean wave modelllmynmodynamics of earthquakes, memory
cell failure and many other fields. It is importaatbe aware of the limitations implied by the
adoption of the EVT paradigm. EVT models are dewetb using asymptotic arguments,
which should be kept in mind when applying thenfitote samples. This extreme model
provides a method to estimate VaR at high quantieghe distribution, consequently
focusing on extraordinary and unusual circumstandéss method focuses on the tails
behaviour of distribution of returns. Instead ofciag a single distribution for the entire
sample, it investigates only the tails of the netwlistributions, given that only tails are
important for extreme values. Backtesting EVT reprgations found that EVT schemes
could help financial institutions to avoid hugedes arising from market fluctuations. This
simple exercise illustrates the advantages of EVT.

The empirical study examines the dynamics of ex¢reralues of overnight returns
before and during a financial crisis. It is showattthe generalized Pareto distribution (GPD)
using the EVT fits well to extreme values of the@adances distribution. The examination of
tails (extreme values) provides answers to theemér movements expected in financial
markets and in assessing the financial fragilityotder to accomplish this task, a series of
computational tools have been selected, such &ist&mToolbox and Optimization Toolbox,
an integrated environment for risk assessment dpedl in Matlab R2009a. This standard
numerical or statistical software now provide fuoes or routines that can be used for EVT

applications. Matlab has been designated becaupeovides a well-suited programming
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environment, where both numerical and interfacegtieshallenges can be met with a reduced
development effort.

This thesis is structured as follows. In Sectiorth® literature survey presents the
definitions and reviews used in the empirical stuUsigction 3 delineates topics regarding the
theoretical framework. Section 4 presents the aogbistudy that assesses the normal, the
historical and the extreme values in risk managertieoughout the estimation of VaR and
ETL. The empirical application is based on dailysthgs of the nine major developed market
indices and seven stock market companies fromeotisely, October 6, 1999 to July 13,
2009 and November 4, 1999 to September 12, 20Q&rticular, the EVT results are used to
model the distributions underlying the risk measurg computing the estimations of the tail
risk parameters. Section 5 states the concludintares and outlines some directions for

further research.

2. Literature review

Baumol (1963) made the first attempt to estimateribk that financial institutions
face when he proposed a measure based on a staled@ation adjusted to a confidence level
parameter that reflects the attitude towards riSkace JP Morgan made available its
RiskMetrics system on the Internet in 1994, theybamty of VaR and with it the debate
among researchers about the validity of the undeglgtatistical assumptions increased. This
is because VaR is essentially a point estimatdeftails of the empirical distribution. The
assumed distribution for each market variable il ldod White (1998) can be chosen in a
variety of ways. One possibility is to select arprapriate standard distribution (e.g. a
mixture of normals) and use maximum likelihood noelh to find the best fit parameters.
Another possibility is to smooth the historical tdisution (e.g. using a kernel estimator).
Using high frequency data others “stylized fact$’real-life returns have been studied
namely: volatility clustering, long range dependerand aggregational Gaussianity. Many
econometric models have been suggested to expdatnopthese asset return behavior and
among then this study uses the Generalized auts®gige conditionally heteroscedastic
model (GARCH). Other models have been suggestethpture this behaviour (Rydberg,
2000). The Hull and White approach provides one afdyidging the gap between the model
building and historical simulation approacheshibws how the model building approach can
be modified to incorporate some of the attractieatdires of the historical simulation
approach. Angelidis and Degiannakis (2005) sugtest'(...) a risk manager must employ
different volatility techniques in order to foretamccurately the VaR for long and short
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trading positions (...)",whereas Angelidiet al. (2004) considered thd{...) the ARCH
structure that produces the most accurate VaR &stscis different for every portfolio (...)"
Furthermore, Guermat and Harris (2002) appliedxqgorentially weighted likelihood model
in three equity portfolios (US, UK, and Japan) grdved its superiority to the GARCH
model under the normal and the Student-t distrmstiin terms of two backtesting measures
(unconditional and conditional coverage). MoreovAngelidis and Degiannakis (2004)
studied the forecasting performance of various nskdels to estimate the one-day-ahead
realized volatility and the daily VaR. Regardingyoan the VaR forecasts, they support that
it was more important to model the fat tailed uhdeg distribution than the fractional
integration of the volatility process. Similarly,aBis et al. (2005) argued that complex
(simple) tail models often lead to overestimatianderestimation) of the VaR. On the one
hand, Taleb (1997) and Hoppe (1999) argued thatutikerlying statistical assumptions are
violated because they could not capture many featof the financial markets (e.g. intelligent
agents). Under the same framework, many resear¢bees for example Beder, 1995 and
Angelidiset al. (2004)) showed that different risk management teghes produced different
VaR forecasts and therefore, these risk estimaigistine imprecise.

Bams and Wielhouwer (2000) drew similar conclusjcalthough sophisticated tail
modelling results in better VaR estimates but vatbre uncertainty. They concluded that if
the data generating process is close to be ineyréte use of the more general GARCH
model introduces estimation error, which might hesu the superiority of Exponentially
Weighted Moving Average (EWMA). Guermat and Haf2§02) found that EWMA-based
VaR forecasts are excessively volatile and unnackgsigh, when returns do not have
conditionally normal distribution but fat tails. éarding to Brooks and Persand (2003)
relative performance of different models dependstlan loss function used but GARCH
models provide reasonably accurate VaR. Christedfer Hahn and Inoue (2001)
demonstrated that different models (EWMA, GARCHplied Volatility) might be optimal
for different probability levels. Berkowitz and Q@lBn (2002) examined VaR models used by
six leading US banks. Their results indicated tinse models are in some cases highly
inaccurate. Their results indicated that banks rsodave difficulty dealing with changes in
volatility. Zikovié (2007) found that widespread VaR model consistanitlerpredict the true
levels of risk especially at higher confidence imé¢s and that semi-parametric models
provide superior VaR forecasts in transitional exores.

The normal or Gaussian model is well accepted mnBmics and Finance because of

the central limit theorem and the simplicity of cepts. The portfolio selection method of
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Markowitz (1952), Sharpe’s (1964) market equilibnitmodel and Black and Scholes (1973)
option pricing theory are examples of developméaitang a parent normal model as granted.
This state of the art collapsed with the widespreae of computers, which provided
exuberant evidence that skewness and kurtosis pirieal data could not support a normal
fit in many instances of modelling financial retarihe standard VaR measure presumes that
asset returns are normally distributed, wheresswidely documented that they really exhibit
non-zero skewness and excess kurtosis and, hérec¥aR measure either underestimates or
overestimates the true risk. On the other handy &aR is useful for financial institutions
to understand the risk they face, it is now widbblieved that VaR is not the best risk
measure.

Although VaR is useful for financial institutions see the contours of the risks they
face, a growing number of papers clearly showWaR is not an adequate risk measure. As a
result, more general complex measures of risk lbaes proposed. VaR suffers from various
shortcomings pointed out in recent studies. Fomgta, numerical instability and difficulties
occur for non-normal loss distributions, especiahythe presence of “fat tails” or/and
empirical discreteness. Artznet al. (1997, 1998 and 1999) used an axiomatic appraach t
the problem of defining a satisfactory risk measUieeir study defined attributes that any
good risk measure should satisfy and called fok neeasures that satisfy these axioms
“coherent”. Additionally, the study demonstratettiWaR is not necessarily sub-additive, i.e.,
the VaR of a portfolio may be greater than the soimindividual VaR and therefore,
managing risk by using it may fail to automaticatymulate diversification. VaR can only be
made sub-additive if an usually implausible assumnpis imposed on returns being normally
(or more generally, elliptically) distributed. Sablditivity expresses the fact that a portfolio
will risk an amount, which is at most the sum oé tbeparate amounts risked by its sub-
portfolios. Moreover, it does not indicate the sofethe potential loss, given that this loss
exceeds the VaR. Furthermore, VaR is not a coheneature of risk in the sense of Delbaen
(2002) and Arztneet al. (1997, 1998 and 1999), and it does not take iotoant the severity
of an incurred adverse loss event. A simple alter@aneasure of risk with some significant
advantages over VaR is conditional VaR, expectedtfstl or expected tail loss, abbreviated
CVaR, ES and ETL respectively. ETL became the mopular alternative to VaR and equals
the expected value of the loss, quantify dangeysrm VaR and it is coherent. Moreover, it
provides a numerical efficient and stable tool ptimization problems under uncertainty.
Some recent studies presenting these advantageduaher desirable properties were
included in Acerbiet al. (2001), Acerbi and Tasche (2002), Artzretral. (1997, 1998 and
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1999), Delbaen (2002), Rockafellar and Uryasev 2200esturi and Uryasev (2000), Yamai
and Yoshiba (2002a/b/c/d) and Inui and Kijima (200&mai and Yoshiba (2005) compared
the two measures - VaR and ETL - and argued th&t iganot reliable during market turmoil
as it can mislead rational investors, whereas Edi_lwe a better choice in the overall. While
VaR represents a maximum loss one expects at endeé®l confidence level during a given
holding period, ETL is the loss one expects toeufprovided that the loss is equal to or
greater than VaR. The authors conclude that alth@&IifL is a superior risk measure to VaR,
it lacks the depth of the theoretical and empirieslearch that VaR measure has. Instead of
fighting for supremacy VaR and ETL should be usegether, combined, giving a better
insight into the risks from taking a market positidcurthermore, ETL is a coherent risk
measure and hence its utility in evaluating th& nsodels can be rewarding. Currently,
however, most researchers judge the models onlgdbgulating the average number of
violations. Even though VaR theoretical flaws outheits practical advantages, it is a
regulatory obligation. Banks have to calculatertMaR figures to construct adequate capital
requirements. VaR is incapable of distinguishingMeen situations where losses in the tail
are only a bit worse, and those where they arewhaming. Nowadays, ETL is not
approved by the regulators as a risk measure #rabe used to calculate economic capital.
The field of ETL estimation and model comparisofuist beginning to develop and there is
an obvious lack of empirical research. After algR/and ETL are inherently connected in the
sense that from the VaR surface of the tail ETurfgg can be easily calculated.

Furthermore, Basak and Shapiro (2001) suggestedltamative risk management
procedure, namely Limited Expected Losses basddMamagement (LEL-RM), that focuses
on the expected loss also when (and if) lossesrodtey substantiated that the proposed
procedure generates losses lower than what VaRi bs&emanagement techniques generate.

An alternative way is to use regime-switching msdd#ie latter are able to capture the
previous facts. The issue of VaR calculation undgime-switching has been considered by
Billio and Pelizzon (2000) and Guidolin and Timmarm (2006).

According to Mandelbrot (1963), the behaviour ofseds returns have been
extensively studied. Using low frequency data, tweficmed that log returns present heavier
tails than the Gaussian’s, so he suggested theoustareto stable distributions. In risk
assessment, new ways of dealing with evidence gedviby extreme order statistics are at the
basis of more sophisticated methodologies to aegtdeme losses (Embrechgsal, 2002).
The problem is then how to model the rare phenontiestdies outside the range of available

observations. In such a situation it seems essdaotiely on a well founded methodology.
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Most of the financial concepts developed in thet plesades rest upon the assumption that
returns follow a normal distribution and this istimost well-known classical parametric
approach in estimating VaR and ETL. However, ermgirresults from McNeil (1997), Da
Silva and Mendez (2003) and Jondeau and Rockir2@d3), demonstrated that extreme
events do not follow Gaussian paradigm. Many haesved the EVT in finance such as
Embrechtset al. (1999), Bensalah (2000), Bradley and Taqqu (20&2) Brodin and
Kluppelberg (2006). To investigate the extreme &eMcNeil (1997) applied a method
using EVT for modelling extreme historical Daniskajor fire insurances losses. His study
indicated the usefulness of EVT in estimating ¢@sltribution of losses. Not only is the EVT
approach a convenient framework for the separasgrtrent of the tails of a distribution, as it
allows asymmetry as evidence in LeBaron and San{2ftb). EVT recently has found more
application in hydrology and climatology (De Haal®90; Smith, 1989). As its name
suggests, this theory is concerned with the moudglif extreme events and in the last few
years various authors (Beirlant and Teugels, 1¥rlant et al, 1996; Embrechts and
Kluppelberg, 1993) have noted that the theory igedavant to the modelling of extreme
losses as it is to the modelling of high river lever temperatures. Obviously, the empirical
returns, especially in the high frequency are dttarzed by heavier tails than a normal
distribution. EVT provides a firm theoretical fowattbn on which we can build statistical
models describing extreme events. In many fieldsmafdern science, engineering and
insurance, EVT is well established (Embrecktsal. 1999; Reiss and Thomas, 1997).
Recently, numerous research studies have analymedxtreme variations that financial
markets are subject to, mostly because of currenisgs, stock market crashes and large
credit defaults. The tail behaviour of financialiee has, among others, been discussed in
Koedijk et al. (1990), Dacorognat al. (1995), Loretan and Phillips (1994), Longin (1996)
Danielsson and de Vries (2000), Kuan and Webbeb§}l9Straetmans (1998), McNell
(1999), Jondeau and Rockinger (2003), Rootzen alighpelberg (1999), Neftci (2000),
McNeil and Frey (2000) and Gencay al. (2003b). An interesting discussion about the
potential of EVT in risk management is given in &l et al. (1998). These
recommendations are the natural consequence ofjigheral admission that heavy tailed
models provide much better fit than the normal nho@édli and Kéllezi (2003) advocated the
use of EVT due to its firm theoretical grounds tonpute both VaR and ETL. Furthermore,
Gilli and Kéllezi (2006) tried to illustrate EVT hysing both block maxima method and peaks
over the threshold (POT) in modelling tail-relatésk measures, VaR, ETL and return level.

They found that EVT is useful in assessing the sizextreme events. In depth, POT proved

10
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to be superior as it better exploits the informatio sampling. Gencay and Selguk (2004)
have reviewed VaR estimation in some emerging nmgrising various models including
EVT. The study revealed that EVT-based model prewichore accurate VaR especially in a
higher quantile. In depth, the GPD model fits weith the tail of the return distribution.
Harmantziset al. (2006) and Marinelliet al. (2007) have presented how EVT performs in
VaR and ETL estimation compared to the Gaussiarhg&tdrical simulation models together
with the other heavy-tailed approach, the StableetiRen model. Their empirical study
supported that fat-tailed models can predict riskeraccurately than non-fat-tailed ones and
there exists the benefit of EVT framework espegialethod using GPD. However, Basel I
recommendations maintained some remains of thealamadel in the computation of VaR.
For the purposes of this thesis, the key resulEWT is the Pickands-Balkema-de Haan
theorem (Balkema and de Haan, 1974; Pickands, Mf@igh essentially says that, for a wide
class of distributions, losses which exceed higbugh thresholds follow the GPD. The
concern in this thesis is fitting the GPD to data exceedances of high thresholds. This
modelling approach was developed in Davison (1984&vison and Smith (1990a/b) and

other papers by these authors.

3. Theoretical Framework
This section introduces the definitions of two risieasures namely, VaR and ETL
and outlines the key concepts of theoretical fraorewsed in the empirical study which are

Gaussian and EVT.

3.1. Value at Risk (VaR)
VaR is generally defined as the maximum potentigklthat a portfolio can suffer

within a fixed confidence level during a holdingripd (Jorion, 2007). Mathematically,
McNeil et al. (2005) define VaR, in absolute value,aalﬂ(o,l) confidence leveVaR,(X)as
follows.

VaR, (X )=inf{x|P[X > x| <1-a}=inf{x| F(x)= a} (i)
where X is the loss of a given market index, aimf{x| P[X >x]sl—a} indicates the
smallest numbex such that the probability that the losexceedx is no larger thaifl - a).

Generally, VaR is simply a-quantile of the probability distributidﬁ(x).
VaR,(X)=F(x)*(1-a) (ii)

11
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where F(x)“lis the so called quantile function defined as thneerse of the distribution
function F(x).

According to the Basel Il Accord, the financial iies compute a one percent VaR
over a ten-day holding period, based on an hisibdbservation period of at least one year of
daily data. Each bank must meet, on a daily bastsipital requirement expressed as the sum
of: i) The higher of its previous days VaR number measaexording to the parameters
specified in revised Basel Il market risk framew@2K09) and an average of the daily VaR
measures on each of the preceding sixty busingss rdaltiplied by a multiplication factor
plus ii) The higher of its latest available “stressed Vakimber and an average of the
“stressed VaR” calculated according to the preagdiixty business days multiplied by a
multiplication factor. The multiplication factors illvbe set by individual supervisory
authorities on the basis of their assessment ofgthaity of the banks risk management
system, subject to an absolute minimum of threeakBawill be required to add to these
factors a “plus” directly related to the ex-postfpamance of the model, thereby introducing
a built-in positive incentive to maintain the predie quality of the model. The
“multiplication factor” was introduced because th@mal hypothesis for the profit and loss

distribution is widely recognized as unrealistic.

3.2. Coherent risk measures and Expected Tail LogETL)

Hoppe (1999) revealed that the underlying statibtsssumptions are violated because
they cannot capture many features of the finamoelkets such as intelligent agents. Artzner
et al. (1997, 1999) have used an axiomatic approach tprbldem of defining a satisfactory
risk measure. They defined attributes that a gaski measure should satisfy, and call risk
measures that satisfy these axioms “coherent”.rlyleiere are several axioms that should
be satisfied by a good risk metric. A coherent ns&asurep assigns to each los§ a risk
measure(X) such that the following axioms are satisfied (Adeet al.,1999):

PX)=to(X) (homogeneity) (it
P(X)< p(Y).if X hasa weakstochastc dominanceoverY (monotonicity) ()
PX+n)=p(X)-n (risk-free condition) (V)
P(X +Y)< p(X)+ oY) (sub-additivity) (vi)

for any numben and positive numbdr These conditions guarantee that the risk fundason

convex, which in turn corresponds to risk aversion.

12
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Homogeneity and monotonicity conditions are reabnaonditions to impose a
priori, and together imply that the functip(X) is convex. The risk-free condition means that
the addition of a riskless asset to a portfolid décrease its risk because it will increase the
value of end-of-period portfolio. According to tlast condition a risk measure is sub-additive
if the measured risk of the sum of positiochgndY is less than or equal to the sum of the
measured risks of the individual positions congdeon their own. Furthermore, the risk
measure need to aggregate risks in an intuitive, wapcounting for the effects of
diversification. The managers should ensure thatribk of a diversified portfolio is no
greater than the corresponding weighted averagjgeafisks of the constituents. Without sub-
additivity there would be no incentive to hold golibs and so could not be used for risk
budgeting.

According to Artzneret al. (1999), generally, VaR is not a coherent risk meas
because quantiles, unlike the variance operatornatoobey simple rules such as sub-
additivity unless the returns have elliptical dlstition. VaR can only be made sub-additive if
an usually implausible assumption is imposed oarnst being normally (or slightly more
generally, elliptically) distributed because it bebs like the volatility of returns.
Furthermore, if risks are not sub-additive, addihgm together gives an underestimate of
combined risks, and this makes the sum of riskscéffely useless as a risk measure. If
regulators use non-sub-additive risk measures tta@aga@tal requirements, a bank might be
tempted to break itself up to reduce its regulatapital requirements, because the sum of the
capital requirements of the smaller units wouldldéss than the capital requirement of the
bank as a whole. This is maybe the most charactgrieature of a coherent risk measure and
represents the concept of risk. The global risk pbrtfolio will then be the sum of the risks
of its parts only in the case when the latter cartriygered by concurrent events, namely if
the sources of these risks may conspire to acgether. In all other cases, the global risk of
the portfolio will be strictly less than the sumitsf partial risks thanks to risk diversification.

For a sub-additive measure, such as ETL is, pavtftiversification always leads to
risk reduction, while for measures which violates taxiom, such as VaR, diversification may
produce an increase in their value even when paisis are triggered by mutually exclusive
events. ETL can be defined as the expected valtieeddss of the portfolio in thE00(1-a)%
worst cases during a holding period (Artzeeal.,1999).

ETL is closely related to VaR. It is known as tloaditional expectation of loss given
that the loss is beyond the VaR level. An intuitexepression to show that ETL can be
interpreted as the expected loss that is incurfeeihvwaR is exceeded (McNeit al, 2005).

(vii)
13
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ETL, (X )=E[X| X 2VaR (X))

3.3. Extreme Value Theory (EVT)

The most famous parametric approach for calcula##a® and ETL is based on the
Gaussian assumption. It is assumed the independentical distribution of standardized
residual terms. On the other hand, EVT is usedddehthe risk of extreme, rare events (e.g.,
1755 Lisbon, 1906 San Francisco or 2004 Aceh-Samaarthquakes). Critical questions
related to the probability of a market crash orrho@quire an understanding of statistical
behaviour expected in the tails. EVT allows us &asure a “tail index” that characterizes the
density function in the tail of a distribution. Theés simulated a theoretical process that
captures the extreme features of the empirical datd estimates the probability of
extraordinary market movements. Embrechts, Klupgeltand Mikosch (1997), Reiss and
Thomas (1997) and Beirlaat al. (1996) provided a comprehensive source of the EvThe
finance and insurance literature. Danielsson andvdes (1997), Embrechts (2000) and
Gencay and Selcuk (2004) also provided referertsa®in for EVT applications in finance.
There are two well-known general approaches to mfmieulation: the block maxima or
minima method stems from the behaviour of khargest order statistics within a block for
small values ok and POT roots in observations exceeding a higlshimld.

The theorem of Fisher and Tippet (1928) and Gnedenko 943) is the core of the
EVT. The theory deals with the convergence of max{lknown as distribution of maxima or
block maxima method. Suppose thaiX;,X,...,X% is a sequence of independent and
identically distributed (i.i.d.) random variable®ih an unknown distribution functiof(x).
Jenkinson (1955) and von Mises (1954) suggested fihllowing one-parameter
representation, with shape paraméter

) < (viii)
H(x)=1¢e if k0
e  ifk=0

Xl

EVT, even without exact knowledge of the distributiof the parent variabl¥, can
derive certain limiting results of the distributioh maxima. As in general we do not know in
advance the type of limiting distribution of therggle maxima, the generalized representation
Is particularly useful when maximum likelihood eséites have to be computed.

Denote the maximum of the first <n observations oK byM ,, = max{Xy,..., X,,).

Given a sequence o#,,, >0 and b, such thafM,, -b,,)/a,, the sequence of normalized

14
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maxima converges in the following so-called geneeal Extreme Value (GEV) distribution
which uses a modelling technique known as the blmekima or minima method. This
approach, divides an historical data set into a&stib-intervals, or blocks, and the largest or
smallest observation in each block is recorded &ttdd to a GEV distribution. The
cumulative function for the GEV distribution witlhdation parameteu, scale paramete,

and shape parametet O, is

1

(x=4) .

TS _
f(Xlk,lu’a'):e ( ag j ’(1+k(x 'U)j>0 (IX)

o

The probability density function is, consequently,
1
1 _
_ -1-= (14 24

{(etesno)=( 2] a2 <o () ®)

As the number of observations over which the maxmms taken tends towards
infinity, the Fisher Tippet theorem summarizes ¢hrpossible limiting extreme value
distributions for the standardized maxima. WHeis greater than zero the distribution is
known as the Fréchet distribution and the fatdaitay as a polynomia) meaning thaF(x)
is leptokurtotic. The greater shape parameter maansre fat-tailed distribution. Kis less
than zero, the distribution is known as the Weibditribution, meaning thaF(x) is
platokurtotic, and the tail decays with finite upgadpoint, such as the Beta. Finallykifs
equal to zero, it is the Gumbel distribution, megnihatF(x) has normal kurtosis, and the tail
can decay exponentially and have all finite momesatsh as the normal, lognormal and
gamma (Gumbel, 1958). Note the differences in #rges of interest for the three extreme
value distributions: Gumbel has no limit, Fréchets ha lower limit, while the reversed
Weibull has an upper limit (see Figure I).

The three cases covered by the GEV distributionoéten referred to as the Types |,
II, and Ill. Each type corresponds to the limitidgstribution of block maxima from a
different class of underlying distributions. The \GEombines three simpler distributions into
a single form, allowing a continuous range of palesshapes. The GEV distribution allows to
"let the data decide" which distribution is appiafe. Among these three extreme value types
of distributions the crucial point is to find thelevant distribution in modelling the behaviour
of equity market returns. Since the concern is stttk market returns that are known to be

fat tailed, then the choice cannot be a Gumbelildigion. Since returns are theoretically

! e.g. examples are the stable Paretian, Cauch@@mtnt-t distributions.
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unbounded, the Weibull distribution is excludedeTbacus will be on the Fréchet domain of
attraction that encompasses numerous distributemmging from the Student-t, Cauchy to the
stable Paretian.

An alternative approach uses a modelling technignewn as thepeak over

threshold (POT) method or the distribution of excedancesover a certain threshold.
Suppose the followingXy,..., X,,ben observations and are all i.i.d. sequences of $ogasih
distribution functionF, (x)=P[X <x] and the correspondiny,.,...,Y, are the excess over
the thresholdu. The subject is to understand the distributioncfiom F particularly on its
lower tail. Firstly, it is described the distribomi over a certain threshold using the GPD
which is the main distributional model for excesgemthe threshold. The excess over
threshold occurs wheX; > /. This approach sorts an historical data set, asadhfe amount
by which those observations exceed a specifiecsliotd to a GPD. Like the exponential
distribution, the GPD is often used to model thks taf another distribution. However, while
the normal distribution might be a good model ntsamode, it might not be a good fit to real
data in the tails and a more complex model mightéeded to describe the full range of the
data. The GPD distribution allows a continuous ean possible shapes that includes both
the exponential and Pareto distributions as speas#s. Let denotes the distribution of excess
values ofX over thresholdi, which is called the conditional excess distribatfunction, is
defined by

Fu(y)=P(X-ﬂ5y|X>ﬂ)=%(Fﬂ()ﬂ), OSySXg - U (xi)
wherey=x-u for X >y is the excess over threshold axds « is the right endpoint df.

At this point EVT can prove to very helpful as rbpides a powerful result about the
conditional excess distribution function which tated in thetheorem by Pickands (1975),
Balkema and de Haan (1974)ollowing the theorem, for a sufficiently high teheldy, the
distribution function of the excess can be appr@téd by the generalized Pareto, i.e., the

excess distributiofr,(y) converges to the GPIIS(W(y)) below as the threshojdgets large,

1
1- 1+klj “if kK£0 [O’(XF ‘,U)] if k=0 )
Fu(y)=Gio ()= ( g ,y0 {o-ﬂ} if k<0’ o0
"k

if k=0

wheres > 0, and the support > 0 whenk > 0, and0 <y < a/k whenk < 0
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In the sense of the above theorem, with distribution of F assumes that the
distribution of excessesy)( may be approximated by the GPD by estimating sccsade
parametewr and tail index or shape paramekess a function of a high threshqgld The tail
index k gives an indication of the heaviness of the ial, largerk means heavier tail. The
parameters of the GPD can be estimated with varitetsods?.

The cumulative function for the GPD with and thi@shparametep, scale parameter

o, and shape parametet 0, is

_1 wen

f(Y|k,,U,U):1—(1+ ij “ (xiii)
o
The probability density function is, consequently,
1

1t _

f(ylk,u,a):(ij[ﬁ“ ij k (xiv)
g o

The k parameter is known as the shape parameter andatee of most interest in
finance is wheré is superior to zero, which corresponds to thedds tommonly founded in
financial return data. Ik andp are equal to zero, the GPD is equivalent to th@e&ntial
distribution. Ifk is superior to zero and is equal tas/k, the GPD is equivalent to the Pareto
distribution. EVT tells us that the limiting diditition of extreme excess returns always has
the same form. It is important because it allowstagstimate extreme probabilities and
extreme quantiles, including VaR and ETL, withoavimg to make strong assumptions about
the full shape of the unknown parent distributiBor the security returns or high frequency
foreign exchange returns, the estimatek afe usually less tha®5 implying that the returns
have finite variance (Longin, 1996; Dacorogetaal. 2001). Fork greater than0,5, which
corresponds to heavy tails, Hosking and Wallis {)9Bresents evidence that maximum
likelihood regularity conditions are fulfilled anthe maximum likelihood estimates are
asymptotically normally distributed. Therefore, tlpproximate standard errors for the
estimators ot andk can be obtained through maximum likelihood estioratiThe GPD is
the limiting distribution of sample extremes (Emthts, Kluppelberg and Mikosch, 1997).
This distribution is analogous to the GEV. The taistributions differ in their definition of
extremes. While the GEV is the limiting distributiof the extremes taken oversamples,

the GPD defines extremes as all points above ainethreshold. Both distributions are

2 The methods are the maximum likelihood estimatite, method of moments, the method of probability-
weighted moments and the elemental percentile rdetfor detailed discussions about their use ftingtthe
GPD to data, see Hosking and Wallis (1987), Grims{i93), Tajvidi (2003) and Castillo and Hadi (799
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parametrized by the scale, location and shape peaswith the same interpretation in both
cases. Jondeau and Rockinger (2003) fit a GPDramge of emerging and developed market
equity return series.

Additionally, if the i.i.d. condition fails, the EW may still be an accurate
approximation of the actual distribution functiof maxima (Reiss and Thomas, 1997).
Furthermore, a discussion on dependency, extremdakiand its implications in practice can
be found in Longin and Solnik (2001) and Embreehtal. (1997).

Assuming a GPD function for the tail distributi@malytical expressions for VaR and
ETL can be defined as a function of GPD parametedowing McNeil (1999), the formula
used to obtain VaR for a given probabilitys,

o (xv)

-k
— _ o aln )
VaRa(X)—,u+k (Nﬂ @ a)] 1

wheren represents the number of observationsini$ the number of observations in the tail

beyond the threshold. The associated ETL%T% (X) > u, can be calculated as,

ETLo(X) =VaRs (X) + E| X -VaRy(X)| X >VaRy(X) | = VaR"(XZ;”‘ K- (xvi)

In effect, the first step is to estimate the paramseof extreme value distribution and
then project the tail out beyond the data sampiereby allows to estimate extreme risk
measures and the probabilities associated with.them

4. Empirical study

As the financial system becomes more complex, tedrfor complicated statistical
models to measure risk and to price assets becgreater. Indeed, the credit crises, which
started in the summer of 2007, showed that risketsodre of somewhat lower quality than
was generally believed. This does not suggeststiagistical models should not be employed.
On the contrary, they play a fundamental role i ithiternal risk management operations of
financial institutions. According to Danielsson (B) the main problem was the unrealistic
expectations of what models can do. However, factitioners, regulators, academics, and
especially model designers, using models are yvapprtant not only for internal risk control
but also for the assessment of systemic risk wigctrucial for the regulation of financial
institutions. Additionally, remembering the 199ndncial crisis in East Asia, where 75%

drop in the Thai stock market contributed to a $&#t drop in the Dow Jones index, proven
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that VaR models have excessive dependency on yigtainrealistic statistical assumptions.
These crisis apparently moved events that haveaat three things in common: they occur
rarely, they are extreme in scope, and they afedlif to predict. The most crucial subject is
to predict the likelihood and severity of a crash financial markets and assess their
probability and magnitude. Statisticians have auph variety of techniques in their attempts
to model rare events. These techniques frequentglypased on EVT, a branch of statistics
that analyzes events that deviate sharply fromnthren, and copulas, which can be used to
model the co-movement of dependent variables whposieability distributions are different
from each other and might not be normal.

In this thesis the tail estimation of loss sevedtsgtributions assumes a particularly
interest. In this situation it is essential to fiadjood statistical model for the largest observed
historical losses. The benefits of this study aeelietter understanding and implication about
the VaR and the ETL in fat-tailed environment, éfitciency in risk measurement prediction
and the tail distribution of the financial returns.

4.1. Data and methods

This empirical study and its modelling is basedtba EVT, a theory which until
comparatively recently has found more applicatiorhydrology and climatology (de Haan,
1990; Smith, 1989) than in finance. As its namegssts, this theory is concerned with the
modelling of extreme events and in the last fewyearious authors (Beirlant and Teugels,
1992), Embrechts and Klippelberg, 1993) have ntitatl the theory is as relevant to the
modelling of extreme finance or insurance lossei igsto the modelling of high river levels
or temperatures (following McNeil and Frey, 20009r this study purposes, the key result in
EVT is the Pickands-Balkema-de Haan theorem (Baikemd de Haan, 1974; Pickands,
1975) which essentially says that, for a wide clafsdistributions, losses which exceed high
enough thresholds follow the GPD. The GPD can Hedfito data on excesses of high
thresholds by a variety of methods including theximam likelihood method. In this
empirical study the maximum likelihood method hagr chosen. Different methods can be
used to estimate the parameters of the GPD. Irethgrical study, the model will fit GPD to
data on exceedances of high thresholds.

It will be presented how EVT framework performs andhe select risk measures,
such as VaR and ETL, on a data set. The dates gbkidaily closings of the nine major
developed market indices and seven stock markepaoies from, respectively, October 6,
1999 to July 13, 2009 and November 4, 1999 to Sapte 12, 2008. This historical market
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data was downloaded from YaHdoThere are 2.455 observations in the data sehéonine
market indices and 2.226 observations in the dztéos the seven stock market firms. Table |
gives the list of the financial series consideredthis empirical study. VaR and ETL
estimation are made on daily basis and their calimris are based on the realized losses (left-
tail) within given historical window size. The esation is conducted at 99% confidence
level.

The daily logarithmic returns (also called geonmgtor continuously compounded,

returns) are defined b :In((R/R —1), whereP; denotes the daily closing prices at dan

the Figures Il the historical prices and the encpirireturns series are presented. This
empirical study will exemplify the tail distributioestimation of a set of financial series of
daily returns and use the results to quantify ttaeket risk. This approach is compared to the
Gaussian-based model and the historical simulatiastly, the predictive accuracy of the

models is evaluated using backtesting procedure.

4.2. Empirical tests and estimated parameters

This empirical study presents a series of compurtati tools that can be used to
calculate these different risk measures. The datanalyse VaR and ETL Gaussian-based
model, is tested in ECVaR software developed by-Riuwks*. The data and parameters to
analyse the VaR and the ETL EVT based models aexuted in a Matlab R2009a
programming environment. Standard numerical oristieal software, like for example
Matlab, now also provide functions or routines tbah be used for EVT applicatior3ther
software for extreme value analysis can be usetl ascExtreme Values In S-Plus (EVIS)
developed by Alexander J. McNeil at the Swiss Faldestitute of Technology Zurich (ETH)
and Xtremes developed by Rolf Reiss and Michaelnd® at the University of Siegen in
Germany.

The implementation of the POT method involves tbdofing steps: select the
thresholdy, fit the GPD function to the exceedances aovesind then compute point and
interval estimates for VaR and ETL. Modelling theceedances over a given threshold
provides estimations in high quantiles of the netdistribution and the corresponding VaR
and ETL, using the maximum likelihood estimatiorhieh is one of the most common

13 Available for free ahttp://finance.yahoo.com/
14 Available for free atvww.rhoworks.com/software/index.htm
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estimation procedures used in pracficeThe greater computational complexity of the
likelihood-based approach is nowadays no longeolastacle for its use. Matlab has been
chosen because it provides a well-suited programremvironment, where both numerical
and interface design challenges can be met witbdaced development effort. The tools
integrated in Matlab permit the selection of selvatdoregressive models, such as GARCH.
These tools also provide a graphical user interfdbe estimation of the GPD parameters,
such ask andg, can be computed using Matlab software by fittimig distribution to théNu
excess losses given the data and the calculateati@eeding threshold VaR and ETL may
be directly read in the plot or calculated from &tipns (xv) and (xvi) by replacing with our
estimated parameters. The crucial step in estim&RD parameters is the determination of
the thresholdu. According to Pattarathammas and Mokkhavesa (2@08)choice ofu
ultimately involves the trade-off between bias aadance. If the threshold is conservatively
selected with few order statistics in the tail,rthike tail estimate will be sensitive to outliers
in the distribution and have a higher variance.t@other hand, to extend the tail more into
the central part of the distribution it creates arenstable index but results in a biased value.
This sensitive trade-off can be dealt in a varadtyays but there is no standard methodology
of selecting the right threshold. However, in tleisipirical study theN, is constant and
calculated from Matlab (see Code 1V, VI, IX and KdaTable V) to be the $9percentile of
the GPD distribution, where is the rolling window size which is equal to 2.4&ld 2.226
observations, respectively, for the nine markeicesl and the seven stock market firms, or
approximately ten years length. A tool that is vleejpful for the selection of the thresheld

is thesample mean excess pldhese values are located at the beginning of aopodf the
sample mean excess plot that is roughly linear.hWhis procedure, it actually fixes the

number of index return data in the tail by using trgest one percent of the realized losses

!> Maximum likelihood methods perform better whenstaire thicker providing greater observations edirep
the threshold. This can be a severe constrainffentie estimation when studying relatively shoigtories of
emerging markets. Additionally, it has the assuomptibout the distribution and dependence struciutiee data
that are used to calibrate the size of sub-sanmgiesto estimate standard errors. Jansen and ds {A991)
show that in the Fréchet domain of attraction fhatudes most distributions of financial returnsaximum
likelihood methods are consistent but not the refftient. An alternative to maximum likelihood msétion, a
“nonparametric” school offers efficient estimatattsat rely on the largest order statistics of theepa
distribution and only require that the data genegadistribution be broadly well behaved. Nonpartaioe
estimators have a long history in EVT, beginninghviill’'s index first proposed in 1975 (Hill, 1975y he Hill
index measures the average increase in the Pdottaljpve the tail cut-off point and can be intetpd as the
slope of the linear part of the Pareto quantild.pltie Hill index relies on the average distancaveen extreme
observations and the tail cut-off point to extrgpelthe behaviour of the tails into the broadet pérthe
distribution. In the case that a Fréchet limit lapplies, this index is a powerful measure of tathdviour. The
weakness of this index lies in the a priori needdtermine the size of the tail.
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as a threshold for historical rolling window. Acdorg to Pattarathammas and Mokkhavesa
(2008) this effectively give us a random threshatithe Ny+1)" order statistic.

McNeil and Frey (2000) proposed a two stage methaticonsisted in modelling the
conditional distribution of asset returns agaihst ¢urrent volatility and then fitting the GPD
on the tails of residuals. On the other side, Dasa and de Vries (2000) argued that for
long time horizons an unconditional approach igdretuited. Indeed, as Christoffersen and
Diebold (2000) noticed, conditional volatility farasting is not indicated for multiple day
predictions. The above references can give a ddtdiscussion on these issues, including the
I.i.d. assumptions. According to the above mentibaethors, the choice between conditional
and unconditional approaches depends on the fisalai the risk measures and the time
horizon considered. For short time horizons of ahder of several hours or days, and if an
automatic updating of the parameters is feasibtenaitional approach may be indicated. For
longer horizons, a non conditional approach mightjustified by the fact that it provides
stable estimates through time requiring less fraupdates.

Additionally, fitting the data in the tail is theaim concern. The GPD was developed
as a distribution that can model tails of a wideietst of distributions, based on theoretical
arguments. One approach to distribution fittingdsuse a non-parametric fit, such as the
empirical cumulative distribution function, in regis where there are many observations, and
to fit the GPD to the tail(s) of the data. In teisidy, to assess the GPD to tail data, functions
in the Statistics Toolbox™ were used, for fittitgstdistribution by maximum likelihood (see
Code V).

The tools for the examination of fat-tailness asginaptotic normality assumption in
the data are the sample histogram, quantile-qeaf@Q) plot and the mean excess function.
As other studies have also found, different methafdestimating the optimal tail size does
not typically settle on a consensus (Lux, 1990)ré&re value analysis works with the right
tail of the distribution that corresponds to retlomaeses. To estimate the optimal size derived
from a sub-sampling the use of the bootstrap teglais recommended (Danielsson and de
Vries, 2000). This technique settles on a rangepdimal tail sizes that vary across markets.
A common remedy for that skewness is to estimag#rameter and its standard error on the
log scale, where a normal approximation may be measonable. A QQ plot is a better way
to assess normality than a histogram, because awnatity shows up as points that do not
approximately follow a straight line. The optimaliltselection with QQ plot technique can
evaluate whether the data have fat tails, disptayire quantiles of the sample data against

those of a standard normal distribution. These riegles serve as a useful device to

22



Aurea Marques | Why standard risk models failethénsubprime crisis?

gualitatively compare the normality of the dataheiit any other assumptions. QQ plot gives
some idea about the underlying distribution of engi@. Specifically, the quantiles of an
empirical distribution are plotted against the dilas of a hypothesized distribution. If the
sample comes from the hypothesized distribution aorlinear transformation of the
hypothesized distribution, the QQ plot should edir. If there is a strong deviation from a
straight line, then either the assumed shape paeansewrong or the model selection is not
accurate (see Code VII).

To quantify the precision of the estimates, thenddad errors computed were used
from the asymptotic covariance matrix of the maximiikelihood estimators. The function
gplike computes, as its second output, a numeapploximation to that covariance matrix
(see Code VI). The computation of these standamtsiassumed that the Pareto model is
correct and the simulation has enough data for aBgmptotic approximation to the
covariance matrix to hold.

Finally, it is important to backtest the resultsdrder to examine the performance
among various VaR and ETL methods within a givelting window size. Entities that use
models as a risk disclosure or risk managementaiamfacing growing pressure from internal
and external parties such as senior managementaters, auditors, investors, creditors, and
credit rating agencies to provide estimates ofabeuracy of the risk models being used. As
the use of models extends from pure risk measuretoensk control in areas such as VaR-
based stress testing and capital allocation,a@sgential that the risk numbers provide accurate
information, and that someone in the organizatisraccountable for producing the best
possible risk estimates. In order to ensure theracy of the forecasted risk numbers, risk
measurement models need regular backtests to anthlgir accuracy and evaluate alternative
models if the results are not entirely satisfactdfya particular model does not perform its
intended task properly it should be refined or aeptl and the risk measurement process
should continue. In its simplest form, the backtesiprocedure consists of calculating the
number or percentage of times that the actual @atfreturns fall outside the model
estimation and comparing that number to the confiddevel used. The setup for this test is
the classic testing framework for a sequence otesg and failures, also called Bernoulli
trials. According to the 2006 revised frameworknfr@asel Il: international convergence of
capital measurement and capital stand&rtisontains a detailed description of the backtest

that supervisors will review and models that fakm will either be disallowed for use in

16 Seehttp://www.bis.org/publ/bcbs128.pdf
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regulatory capital calculations, or be subjecthe highest multiplier value of four. Banking
supervisors will only allow internal models to b&ed for regulatory capital calculation if they
provide satisfactory results in backtests. The B&nmittee recommended a very simple
type of backtest, which is based on a one percaity ¥aR estimate and which covers a
period of only 250 days. For purposes of the batkteanks will compare daily end-of-day
VaR estimates calibrated to a one-day” 99ercentile standard with the next day’s
hypothetical trading outcome(see Directive 2006/49/EC of the European Parligraad the

Council). Therefore, the expected number of exceeelis 2,5 and the standard error of the
number of exceedances{/@,SXQQ% . The regulators are very conservative and Basaillll

only consider that models having four exceptiondess as sufficiently accurate. These so
called green zone models have a multiplier of thiédghere are between five and nine
exceptions, the model is yellow zone, which mednis iadmissible for regulatory capital
calculations but the multiplier is increased fromd @ 0,85. Then the multiplier takes its
maximum of value four, or the model is disallow@dother coverage test is known as test of
frequency of tail losses or Kupiec test. Kupied@995) test attempts to determine whether the
observed frequency of exceptions is consistent with frequency of expected exceptions
according to the model and chosen confidence iatekinder the null hypothesis that the
model is “correct”, the number of exceptions folka binomial distribution. From Timotheos
and Degiannakis (2006), the null and the altereatiypotheses should be,

Ho:N/T=1-a il

Hi:N/T 21-a
wherea is the confidence levelN is number of exceptions afdis the sample size of the
backtest, henc®l/T is the proportion of excessive losses or violatiatio. The appropriate

likelihood ratio unconditionaf coverage test statistics is,

" The institution can monitor the accuracy and pemince of its model by conducting a backtesting
programme on both actual and hypothetical changé#sei portfolio's value. Backtesting on hypothdtatsnges
in the portfolio’s value is based on a comparis@tween the portfolio's endf-day value and, assuming
unchanged positions, its value at the end of thseuent day. Competent authorities may requitéttiens to
perform backtesting on either hypothetical (usihgriges in portfolio value that would occur were-efday
positions to remain unchanged), or actual tradiegcl(ding fees, commissions, and net interest ijom
outcomes, or both.

'8 There are two general approaches in risk foramgstieither conditional on current market condiiam on
the unconditional market environment. Both appreadiave advantages and disadvantages. Thus, tice cifio
methodology is situation dependent. Furthermor@ritial returns data have at least two stylizetsfdat tails
and volatility dependence. For longer time horiz@rsunconditional model is appropriate for theeghtion of
large loss forecasts. In many situations wherearhestment horizon is short, conditional volatilityodels may
be preferable for risk forecasting. However, eviethe time horizon is shorter, financial institutoften prefer
unconditional risk forecast methods to avoid undéxde frequent changes in risk limits for trademd portfolio
managers (Danielsson and de Vries, 2000).
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T-N N
LR,. =-2In (1—a)T‘NaN]+2|n[(1—¥] (g} } (xviii)

Automatically, the log likelihood ratio is chi-sqeadistributed with one degree of
freedom. This test can reject a model for both tagld low failures. When Kupiec’s test is
bigger than the asymptotic chi-squared distribytithe null hypothesis that the model is
accurate is rejected in the sense the total nurabexceedances is close to the expected

number.

4.3. Empirical tests and results

The main results for the tested data obtained faR\And ETL are summarized in
tables from Il to VI and Figures from 1l to VIll.able V displays the VaR and the ETL for
different models and with different parametric .filthe rows are labelled according to the
model used to compute the values: empirical (otoh=al) VaR and ETL, normal (or
Gaussian) VaR and ETL and, finally, GPD VaR and HWith parameters calculated in
Matlab).

The kurtosis of all the data sets is greater tihameet’ indicating the evidence of fat-
tailed. Regarding to the standard deviation, tmdi Lehman Brothers, Apple, Goldman
Sachs and Microsoft are most volatile. Lehman Brthalso exhibits the lowest and highest
daily returns during the period from November 499% September 12, 2009 following by
Apple and Microsoft, respectively. The daily pricesd the log returns of each country index
and firm can be seen in Figures Il (see Code 1).

After computing the parameteksand o that maximize the log-likelihood function for
the sample defined by the observations exceedmghtteshold., the results obtained for the
left tail exceedances that the left tail is heati@n the right one. This can also be seen from
the estimated value of the shape parameter whiplsgive in most of the cases, but higher
in the left tail case, with the exceptions of CACHAX, DJ, Apple and General Electric.
Consider that itk = 0, k > 0 or k < 0, this indicates an exponentially decaying, power-
decaying, or finite-tail distributions in the limitespectively. The standard errors calculated
indicate that the relative precision of the estenfatr shape is quite a bit lower than sigma.
VaR and ETL may be directly read in the plot or poed from equations (xv) and (xvi)
where the parameters were replaced by the estinvatads. As we can observe in Tables V
and VI, with respect to the right tail, the lefilthas a lower VaR but a higher ETL which

% Normal distribution has a kurtosis of three an@vakess of zero. If the skewness is greater thagethr
regardless to their mean or standard deviatioepitesents the leptokurtic or fat-tailed distribuati
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illustrates the importance to go beyond a simpl& \¢alculation. As described in section 4.2,
it is possible to transform scale and location peai@rs to obtain a GPD model which fits the
severity distribution itself in the tail area abdbe threshold.

VaR and ETL estimation for the empirical, normatld®PD are made on daily basis
and their calculations are based on the realizedel® (left-tail) within given historical
window size, conducted at 99% confidence level. Tdsults in Table V indicate that for
general the left tail is heavier than the right .obheoking at estimated VaR and ETL, the
firms Lehman Brothers, Apple, Goldman Sachs, Miofp<General Electric and BCP are the
most exposed to extreme losses, followed by anecesdDJ, DAX, Sensex, CAC40 and
Nikkei225. The less exposed firm is BES and the gosed indices are S&P500, Nasdaq,
FTSE100 and PSI20.

With this study the results suggest that within-glamisk measures are fairly sensitive
to the model selected. For the probability level®@ll models fits basically predict the same
risk measures, except for the normal, which bedmsexhibit its shortcomings and it
underestimate both VaR and ETL (see Tables frono Vitand Figures from VII to VIII).
Whether the asymptotic decay is algebraic or exptimleis of some consequence. ETL is
especially sensitive to this issue. The empiricel &PD models predict fairly consistent risk
measures, particularly empirical ETL and GPD EThisTfact results because the simplifying
assumptions about market or portfolio behavioudusevVaR models that can only measure
risk in normal market conditions (see Table VI). we can see in (see Tables V and VI and
Figures VII), when the market works with stablemar conditions, normal VaR and ETL can
be precise, but when the market is characterizegidpyificant instabilities, like the latest
market adversity started in August 2007 from US-guime mortgage crisis, it is clear that
there is a need for an approach that comes to tesithsproblems posed by extreme event
estimation, such as the GPD or a non parametricemsgch as the empirical approach.
Further, empirical VaR and ETL, in all cases, a®gyér than that predicted from using the
parametric approach assuming normality. The confiddevel and thus the quantile chosen
for the VaR and ETL estimation had a great effdcextreme values in the asset's return
distribution. This has the important implicationaththe existence of a fat-tailed return
distribution implies that at high confidence levéle parametric-normal underestimates the
exposure to market risk, with the difference likéty become larger for higher confidence
levels chosen and fatter tails.

The bootstrap estimates for shape and sigma doappéar acceptably close to

normality. The histogram of the bootstrap estimdias shape parameter appears to be
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asymmetric. A QQ plot for the estimates of signmatlee unlogged scale, would confirm the
skewness that is in the histogram. As a resuliyauld be more reasonable to construct a
confidence interval for sigma by first computingedior log(sigma) under the assumption of
normality and then do an exponentiation to tramaftinat interval back to the original scale
for sigma. A better characterization of fat-tailidtribution of each index returns can be seen
in the histogram of the bootstrap (Figures IX ar@d€ VIl) and in QQ-plot (Figures X and
Code VII). In this case, quantiles of empiricalces or index returns distributions are plotted
against the standard normal quantiles. If the ibistion of the returns is normal, the QQ-plot
should close to linear along the 45-degree linewéieer, the empirical data shows that there
exist the deviations from normality. In this caslee plot curve upward at the left and
downward at the right which is the evidence of hyetils distribution rather than normal
distribution. As a result, it is sensible to estimg¥aR and ETL using EVT technique through
GPD.

Before using EVT to model the tails of the disttibn of an individual index or stock
market, the data must be i.i.d. Most financial metwseries exhibit some degree of
autocorrelation and, more importantly, heteroskecis A quick review of the data reveals
that it is not i.i.d justify with the financial @is that causes wild swings in the stock market.
For example, the sample autocorrelation functicee (Bigure Xl) of the returns associated
with the selected Lehman Brothers stock marketaegseme mild serial correlation. This
tendency reflects a degree of heteroskedasticitwhith today’s volatility is dependent on
yesterday’s volatility. Unless the data is prectinded or filtered, this dependence will
undermine the value of EVT. To produce a seriesi.of observations, a GARCH model is
needed to filter out serial dependence in the @aigure XIl and Code Il). The step that
involves a repeated application of GARCH filtratisnone of the most important steps in the
overall modelling approach. The GARCH model produaeseries of i.i.d. observations that
satisfy the requirements of EVT (see Figure XlInho® the data is filtered, the data must fit a
probability distribution to model the daily movenm&nThis empirical study never assumed
that the data comes from a normal distribution @mf any other simple parametric
distribution. Rather, it is assumed a more flexihepirical distribution that will let the data
speak for itself. A kernel density estimate workalvior the interior of the distribution where
most of the data is found, but it performs poorlyew applied to the upper and lower tails. In
this study it will be tested a reasonable modehefmore extreme observations, large losses
and large gains. Figures Xlll and Code Il providee empirical cumulative distribution

function for the Lehman Brothers stock market, witie kernel density estimate for the
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interior and the GPD estimate for the upper ancelotails. The underlying Matlab code uses
the Statistics Toolbox function paretotails to aiéde the curve fit shown in Figure XIII.

Since a copula is a multivariate probability distition whose individual variables are
uniformly distributed, we can now use the univarigistributions that we just derived to
transform the individual data of each index or ktatarket to the uniform scale, the form
required to fit a copula (see Code VIII). Copulas/ér experienced a tremendous surge in
popularity in recent years. They enable analystsstdate the dependence structure of
portfolios from the description of the individuahnables, and offer a compelling alternative
to the traditional assumption of jointly normal golio returns. By decoupling the univariate
description of the individual variables from the Itiwariate description of the dependence
structure, copulas offer significant theoretical darcomputational advantages over
conventional risk management techniques.

To visually assess how good the fit is, the data platted in a scaled histogram of the
tail data overlaid with the density function of testimated GPD. The histogram was scaled
so that the bar heights times their width sum te ee Code V). To visually assess the GPD
fit, the Matlab Statistics Toolbox function gpfitaw used to plot the empirical cumulative
distribution function curve to find the parametsthe GPD in the tails of the curve. Figures
XIV 5 shows that the empirically generated cumukatdistribution function curve matches
quite well with the fitted GPD results. With thersiarity of the curves providing a level of
confidence in the results, the analysis for allided and stock prices is repeated. The fitted
density follows the shape of the data, and so thB @Godel seems to be a good choice.

The six models of VaR and ETL estimation were besidd with historical series of
indices and stock firms log returns starting framspectively, October 6, 1999 to July 13,
2009 and November 4, 1999 to September 12, 2009 witdow range size of 250 is placed
between the Stand the 258 data points, each model is estimated and the dstés obtained
for the 251" day. Next, the window is moved one period aheadht@in the forecast of the
252" day return with updated parameters from this nemme. Table VIII displays the result
of the backtesting methodology by the Kupiec’s umtittonal coverage test as well as
empirical statistical test (or Bernoulli test), vithe parameters recommended by the Capital
Accords (see Table VII). The rest of the columres labelled according the model at which
the risk measures are computed. The models testedis study were namely: Gaussian,
empirical and GPD. To show the validity and accurat overall period, the violations for
each model are exhibited in Table VIII. As a demisiule, the interpretation of Bernoulli test

and ratio Kupiec's test less than the losses efiegtincurred, or the number of exceptions,
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cannot proof the null hypothesis (see equationd)(and (xviii)). The result in Table VI
presents that, in almost all models, violations el@sest to the expected ratio at 99%
confidence level. The table shows that VaR and E$timated under normal model are the
less conservative comparing to GPD and empiricatletso The VaR and ETL estimation
based on empirical and GPD approach are very singkpecially when it is interesting to
demonstrate the VaR and ETL performance on Septed®e2008 or “Lehman Brothers
bankruptcy”. The result shows that all of Gaus$iased models cannot capture the extreme
loss occurred providing a result underestimatede €mpirical ETL and the GPD ETL
perform better than the Gaussian-based modelsoédftn VaR estimation by empirical and
GPD models are also rejected at 99% confidencd, Ipeeforming less accurately against
ETL estimation by empirical and GDP models. It d@ninferred that the estimation under
normality assumption tend to underestimate at hdrigonfidence level as its violations ratio
are almost two times higher than the expected withi&e corresponding Kupiec’s test is
extremely rejected in almost all Gaussian VaR &b $®nfidence level. Empirical ETL and
GPD ETL perform well in all given confidence levelsnlike Gaussian models and VaR
estimators. Unfortunately, the simulation cannattidguish the estimation based on both
empirical and GPD models as they perform insigaifity different in almost all cases. The
GPD ETL and empirical ETL are the best overall chei Between the two, GPD ETL is
considered more appropriate for the equity marketsause this model do not overestimate
the expected losses. For example, if the risk memnag interested only in the higher
confidence level and for short positions, he shaisd the GPD distribution. Any other model
would generate inaccurate risk forecasts. To sumait is plausible to consider these
models, which forecasts the market risk number rately for equity positions with 99%
confidence level. The risk manager can select driiase models, irrespective of the equity

position, and satisfy the requirements of the B&hmittee.

5. Conclusions

The Basel Committee for Banking Supervision, inBtsel Il proposals, has failed to
address many of the key deficiencies of the gldlmancial regulatory system and even
created the potential for new sources of instabilithe proposed regulations fail to consider
the fact that risk is endogenous. Additionally, uagors always respond to crisis by
retrenchment rules and increasing the minimum abpuirements but this fact exacerbated
the problem because the only way out of the sulminisis was to create liquidity. Basel

Accord failed to control the systemic risk in fircgsd market while the focus is on micro-
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managing the banks in their jurisdiction, and diarel on macro-financial decision making
under uncertainty.

In risk management, the VaR methodology as a meaxfunarket risk is popular with
both financial institutions and regulators. Trawlital VaR models tend to ignore extreme
events and focus on modelling the entire empiristiribution of returns. By wrongly using
the Central limit theorem it is often assumed theturns are normally or log-normally
distributed, but little attention is paid to thestlibution of the tails. Inference about the
extreme tails is always uncertain, because of lowlrer of observations and sensitivity to
the values of individual extreme observations. Kég to estimating the distribution of such
events is the EVT theorem, which governs the distion of extreme values, and shows how
this distribution looks like asymptotically. In et research is observed that statistical EVT
has been successfully used for modelling stockinddx prices log returns, since there is
empirical evidence that all important samples eixHieavy tail behaviour. However, the
evidence for goodness-of-fit of an EVT model isnthand it is always important to
complement with the empirical characteristics sashthe VaR or the ETL. Besides, the
classical normal model has very light tails, whatéarly do not provide a good fit to the data.
Bank supervisors increasingly rely on models agydomponent in their activities and this
carries with it the risk modelling danger throughthe financial system. The natural response
to these limitations is for banks to implement sev@ress tests to complement the results of
their VaR analyses. Stress tests are exercisestéontine the losses that might occur under
unlikely but plausible circumstances. There hasmbe@ramatic increase in the importance
given to stress testing since the last financisicthat started in August 2007. Indeed, many
firms and regulators now regard stress tests atesm important than VaR methods for
assessing the market risk exposure.

This thesis illustrated how EVT can be used to rhaaierelated risk measures such
as the VaR and the ETL. By combining Gaussianphtstl and EVT, this empirical study
illustrates an approach for modelling market rigkl @haracterizing the tail behaviour during
financial and economic crises. It was presented BEM¥ framework performed under the
select risk measures, such as VaR and ETL, onaasgat EVT offers exciting possibilities to
further our understanding of tail events. Using diady closings of the nine major developed
market indices and seven stock market companies, frespectively, October 6, 1999 to July
13, 2009 and November 4, 1999 to September 12, 288Gt example, this study shows how
Matlab, Statistics Toolbox, and Optimization Tootb@&nable the managers to apply this

combined approach to evaluate a popular risk m&trawn as VaR. The study conclusion is
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that EVT can be useful for assessing the size tiEme events. In this application, the POT
method proved that exploits the information in tbdata sample. For VaR and ETL
estimations, the historical and the EVT methodstheemost accurate for 8confidence
level, since the number of backtesting rejectiagzero. According to the testing results,
Gaussian method always underestimates VaR and Hidre are few comparative studies of
tail behaviour across markets in the literatureesehresults are based on fitting a GPD to the
data return and then calculate the maximum likelchestimation of the scale, location and
shape parameters of the GPD distribution. Methoaiseth around assumptions of normal
distributions are likely to underestimate tail ridkethods based on historical simulation can
only provide very imprecise estimates of tail ri&/T is the most scientific approach to
predict the size of a rare event.

It is important that the models to be used in risknagement should produce
relatively stable quantile forecasts since adjgsthine implemented capital frequently (daily)
in light of the estimated VaR is costly to implerhamd regulate. In this respect, the GPD
models provide robust tail estimates, and therefooee stable VaR projections in turbulent
times. EVT method has solid foundations in the reathtical theory of the behaviour of
extremes. However, even when we have abundant,-goality data to work with and an
accurate model, our parameter estimates are agbiest to a standard error. Furthermore,
inference is sensitive to small changes in therpatars and to the largest observed losses,
when with the introduction of new extreme losseshie data set may cause severe impacts.
Another aspect of data uncertainty is the famiesumption of i.i.d.. In practice this
assumption can be clustering, trends, seasonatefésd other kinds of dependencies. The
tail risk is the result of the interaction amongioas factors. These include the tail index, the
scale parameter, the tail probability, the confietevel and the dependence structure. To
capture the information disregarded by VaR and Eiflis essential to monitor diverse
aspects of the profit/loss distribution, such akfédness and asymptotic dependence. These
issues lead to a number of interesting statisegg#nsions to research. For example, it can be
tested the dependence in the data under some forpolatility persistence applied to
measures of VaR and ETL in each market specific tai

Most studies of financial return distribution settin the Fréchet domain of attraction.
According to Longin (1996) who studied a long saenpf a century of daily returns of the
NYSE while the mean and variance definitely exibird moments and higher such as
skewness and kurtosis could be infinite. Dacorognal (2001), da Silvaet al. (2003) and
Pattarathammasgt al. (2008) found similar evidence for other developatd emerging
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market series. Basak and Shapiro (2001) arguedwthah investors use VaR for their risk
management, their optimising behaviour may resulmiarket positions that are subject to
extreme loss because VaR provides misleading irdbom regarding the distribution tail.
Additionally, regarding Taleb (2007) “The Black Swadescribed the existence and
occurrence of high-impact, hard-to-predict and ravents that are beyond the realm of
normal expectations. The "Black Swan Events (capad)" refers only to unexpected events
of large magnitude and consequence and their dorirde in history. Taleb regards as
undirected and unpredicted almost all major sdientiiscoveries, historical events, and
artistic accomplishments as "black swans". Thifaugives the examples of the Internet, the
personal computer, World War |, and the Septemider2001 attacks. His claim was that
almost all consequential events in history camenftbe unexpected, nevertheless humans
later convinced themselves that these events grkiea&ble in hindsight. A famous 1997
debaté’ between Nassim Taleb and Philippe Jorion set omtesof the major points of
contention. More recently, David Einhorn and AarBnown debated VaR in Global
Association of Risk Professionals Review and theygared VaR todn airbag that works
all the time, except when you have a car accideN&w York Times reporter Joe Nocera
wrote an extensive piece Risk Mismanagement onalgrdy 2009 discussing the role VaR
played in the financial crisis of 2007-2068

A regulatory body may prefer a model overpredictihg risk since the institutions
will allocate more capital for regulatory purposdastitutions would prefer a method
underpredicting the risk, since they have to aliedass capital for regulatory purposes, if
they are using the estimation only to meet the le¢gry requirements. For this reason, the
implemented capital allocation ratio is increasgdthe regulatory bodies for those models
that consistently underpredict the risk. Advandes have been made in VaR should not be
lost with the adoption of coherent risk measurés regulatory framework. Superior quality
of VaR techniques should yield superior ETL forésahowing that VaR and ETL should be
regarded as partners not rivals. The weak pointsistf measurement models cannot be
ignored and they will continually come back everewhlhe model is switched@he focus of
future research should be on improving both VaR BhH estimation techniques as well as
finding optimal combinations of VaR-ETL models. &ddition, banks must calculate the
“stressed VaR” or “stressed ETL” measures in oftdestress the model parameters since

these models have the unrealistic normality assiompf his additional “stressed VaR” or

20 Seehttp://www.derivativesstrategy.com/magazine/archi987/0497fea2.asp
21 Seehttp://www.nytimes.com/2009/01/04/magazine/04rikenl .
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“stressed ETL” will also help to reduce the prosality of regulation and the susceptibility
of the financial system to systemic crises.

Additionally, the GPD models can also be implemértg the Basel Committee on
Banking Supervision since they calculate robustestimations, and can be easily applied to
measures of VaR and ETL in each market specific D models are also more accurate
and more appropriate for risk market projectioqpgcgally, in turbulent times. For example,
The Committee could establish GPD ETL as the stahdseasure to quantify market risk,
with a fixed thresholqu (instead of the fixed confidence level). Accordiiogthis model, the
financial entities could, for instance, compute radeterminedu, over a ten-day holding
period, based on an historical observation perioat ¢east one year of daily data. The GPD
ETL model will generate more accurate risk foregdben the VaR or the ETL estimations
with normal assumption (regarding the empiricalulssfrom this thesis). The practical
advantages of GPD ETL methodology are largely sapénen Gaussian methodology, and
this can become a regulatory exigency obligingrfaial institutions to obtain accurate and
robust estimates in order to construct adequatéatagructures. With all the issues facing
statistical modelling and finance being better ustb®d, it is fundamental to increase the
accuracy of the models and that is why the superviare increasingly advocating the use of
improved models in assessing the risk of individaostitutions and financial stability.

The solution to the supervisors to a problem Ihe subprime crisis is a Basel Il more
accurate, with reliable and complemented modelsvever, this regulatory risk assessment
has a purely statistical basis and tend do negtecsubjacent financial product complexity. It
is important to have in mind that risk models aratmematical models and the respective
parameters need to be correct. This accomplish neednly a strict regulation and accurate
models but supervisors that understand the procheitgy traded in the markets, to have an
idea of the magnitude and potential for systens& end endogenous risk with a pro-active

compliance to act when necessary.
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Tables

Table | — Data analyzed

This table presents the symbol and the name ofite set tested in the empirical study. The dategeirts to i) seven
countries indices: Portugal, France, Germany, Japaited Kingdom, United States of America and &dind to ii) seven
firms: Apple, Microsoft, Lehman Brothers, BES, BCP,né@l Electric and Goldman Sachs. The total nunifer
observations is 2.455 days and 2.226 days rangorg, frespectively, October 6, 1999 to July 13, 2688 November 4,
1999 to September 12, 2008 (excluding holidays).

Symbol NET Start End Observations
PSI20 |Portuguese Stock Index
CAC40 |Cotation Assistée en Continu - French stock index
DAX Deutscher Aktien Index - German stock index
Nikkei225 |Nihon Keizai Shimbun - Japanese stock index
FTSE100 |Financial Times Stock Exchange - English stockinde 06-Oct-1999 13-Jul-2000 2.455
S&P500 |Standard & Poors - American stock index
Nasdaq |National Association of Securities Dealers Autordafaiotations - American stock index
DJ Dow Jones Industrial Average - American stock index
Sensex |Bombay Stock Exchange Sensitive Index - Indiankstoarket index
Apple  |Apple Inc.
MS Microsoft Corporation
LB Lehman Brothers Holdings Inc.
BES Banco Espirito Santo, S.A. 4-Nov-1999| 12-Sept-2098 2.226
BCP Banco Comercial Portugués, S.A.
GE General Electric Company
GS The Goldman Sachs Group, Inc.

Source: Author

Tables Il - Basic statistics

This table presents the basic statistics extrafoten ECVaR software, such as daily/annual returnsdsilg/annual standard
deviations, for seven countries indices: Portugaince, Germany, Japan, United Kingdom, UnitedeStaf America and

India. The total number of observations is 2.45fdeom October 6, 1999 to July 13, 2009 (excludiotidays).

Asset

SP500 -0,0157 % / -5,5761 Y6 0,0141/
DJ -0,0098 % / -3,5008 Yo 0,0133/
Nasdag -0,0190 % / -6,6915 Y6 0,0195/
PSI20 -0,0234 % / -8,1706 Yo 0,0111/
CAC40 -0,0232 % / -8,1256 Y6 0,0159/
DAX -0,0091 % / -3,2792 Y6 0,0169/
Sensex 0,0440 % / 17,4067 Po 0,0180/
FTSE100 -0,0146 % / -5,1734 Y% 0,0135/
Nikkei225 -0,0284 % / -9,8517 Yo 0,0163/

Daily return | annual

Daily Std.Dev. | ann

This table presents the basic statistics extracted ECVaR software, such as daily/annual returnsdailg/annual standard
deviations, for seven firms: Apple, Microsoft, LeamBrothers, BES, BCP, General Electric and GoldmahsSa he total

number of observations is 2.226 days ranging fravewber 4, 1999 to September 12, 2008 (excluditigdys).

Asset

(NSl -0,1362 % / -39,1855 Po 0,0519/ 0,991(
Apple 0,0259 %/ 9,9279 %o 0,0352/ 0,6717
Microsoft -0,0539 % / -17,8688 Po 0,0238/ 0,453§
[elolbERISERIY 0,0327 %/ 12,6702 Yo 0,0232/ 0,443]1
GE -0,0128 % / -4,5603 %o 0,0181/ 0,3464
BES -0,0518 %/ -17,2253 Po 0,0141/ 0,268¢
BCP -0,0686 % / -22,1518 Po 0,0171/ 0,3274

Daily return | annual

Daily Std.Dev. | ann

Source: ECVaR
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Tables Il - Covariance Matrix

This table presents the covariance matrix extraftech ECVaR software for seven countries indices:tiRml, France,
Germany, Japan, United Kingdom, United States oéAra and India. The total number of observatien®.455 days from
October 6, 1999 to July 13, 2009 (excluding holgjay

(DN] Nasdag PSI20 CAC40 DAX Sensex  FTSE100 Nikke
110/ 0,0001988 0,00018(¢3 0,0002389 0,0000037 -0,000p07160(H -0,00001G8 0,00003¢3 -0,00001L43
DN] 0,000180% 0,00017%9 0,0002008 0,0000038 -0,000p078 0OQWIP-0,000009)7 0,00003p3 -0,0000428
\EEELIM 0,0002389 0,0002008 0,0003415 0,00000067 -0,0000018G00MH
PSI20 0,0000037 0,0000038 0,0000467 0,0001227 0,0000472 -O0H
[e7.XeZ 10l -0,0000071 -0,0000018 -0,0000918 0,0000472 0,000R528001D]
DAX $ 0,0000007 -0,0000Q02 -0,0000033 0,000Pp100028%14
SIeal{=Y@-0,0000108 -0,0000097 -0,0000471 0,0000109 0,000018800(B(
FRS1=lefe)} 0,0000343 0,00003()3 0,0000383 0,0000073 -0,0000042C00UCH
Nikkei225 p -0,0000128 -0,0000138 0,0000041 -0,000008060021

This table presents the covariance matrix extraftecth ECVaR software for seven firms: Apple, Micrasdfehman
Brothers, BES, BCP, General Electric and Goldman Saldes total number of observations is 2.226 daygjirg from
November 4, 1999 to September 12, 2008 (excludatigdys).

Apple  Microsoft GS BES
0,002690% 0,00021%5 0,0001353 -0,0000104 0,0001559 0Q&IP-0,000012p
0,000215% 0,0012361 0,0002407 0,0000273 0,000[963 00BAP®,000022B
\I(eI(e)e}illl 0,0001353 0,00024( 0,000(L.648 -00&3 0,000000F

-0,0000104 0,000027% 0,0000p108G0¢RE -0,0000005
0,0001559 0,00019¢ 0,000B291 000GDP®,000013p
0,0000067 0,0000031 -0,0000463 -0,0000045 0,000000500 0,0000091
-0,000012% -0,0000228 0,0000405 -0,0000005 0,000013000@®3 0,0002937

Source: ECVaR

Tables IV - Correlation matrix

This table presents the correlation matrix exthdtem ECVaR software for seven countries indidesrtugal, France,
Germany, Japan, United Kingdom, United States oeAra and India. The total number of observatien®.455 days from
October 6, 1999 to July 13, 2009 (excluding holgay

SP500 DN] Nasdag PSI20 CAC40 DAX Sensex  FTSE100 Nikke
SP500 1| 0,9657592 0,8687463 0,0239265 -0,03171066 -0,007}448926771 0,1807697 -0,0622411
DN] 0,965759% | 0,7755985 0,0259943 -0,0373444 0,0032848083¥4 0,169981/0 -0,0594400
N\EETeEIl 0,8687463 0,7755985 1 0,0308457 -0,0054832 -0,00068020208% 0,14584(Q3 -0,0433528
PSI20 0,023926% 0,0259543 0,0308457 1 0,2684057 -0,01739574031% 0,0491710 0,02253p7
(67XeZI0lN-0,0317066 -0,0372444 -0,00588432 0,2684057 1 0,037720840478% -0,0198237 -0,0115991
DAX -0,0074449 0,0032845 -0,0006801 -0,0173957 0,037]7219 01908532 -0,0058454 -0,0077491
SISV EIN-0,042677] -0,0405574 -0,0202085 0,0547316 0,064p478903B4 0,0198240 0,0093999
FIS1=lefe) 0,1807697 0,1699810 0,1458403 0,0491710 -0,019823758453 0,0198220 1-0,002875
INIGEVPAs-0,0622411 -0,0594490 -0,0433528 0,02259367 -0,011599073491 0,0093999 -0,0028705 1

This table presents the correlation matrix extddi®mm ECVaR software for seven firms: Apple, Misoft, Lehman
Brothers, BES, BCP, General Electric and GoldmachSaThe total number of observations is 2.226 dagging from
November 4, 1999 to September 12, 2008 (excludatig#ys).

Apple  Microsoft GS
1] 0,1182152 0,10988]1 -0,0086(96 0,1657
0,1182152 | 0,28829648 0,0335244 0,3079524 0,00
\Ilel(elTolimll 0,1098811 0,288296¢8 1 0,0320992 0,382
-0,0086096 0,0335244 0,0320992 1 0,0257
0,1657204 0,3079524 0,3826415 0,0257]337
0,0092344 0,0062475 -0,0189911 -0,0138068 0,002
-0,0137063 -0,0378095 0,00126¢86 -0,0012345 0,0418503766P4

Source: ECVaR
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Table V — Descriptive statistics of daily returos hine indices and seven stock market firms

Descriptive statistics of daily returns for ninepptar indices (PS120, CAC40, DAX, Nikkei225, FTSB1®B&P500, Nasdaqg, Dow Jones and Sensex) and seveln market firms (Apple,
Microsoft, Lehman Brothers, BES, BCP, General Ele@nd Goldman Sachs) from, respectively, Oct@helr999 to July 13, 2009 and November 4, 1999 me®aber 12, 2008. This results
obtained for VaR and ETL were modelled with emiri@r historical), Gaussian and generalized Pgpetaks over threshold technique of extreme vdlaery).

[6-Oct-1999; 13-Jul-2009] [4-Nov-1999; 12-Sept-2008]
PSI2C CAC40 DAX Nikkei225| FTSE10( | S&P50C | Nasdac DJ Sense Apple MS LB BES BCP GE GS
Number of Observations (n 2455 245 2456 2445 2455 2455 2455 2155 3455 226 2226 2226 6| 222 2224 2226 2226
Number of Exceedances 25 29 24 2 2b 26 15 15 PS5 b2 D2 22 22 22 22 22
Shape / Tail index (k 0,3765] -0,00502 -0,035p9 0,353164 0,03334 0,4p245 0,128120,02514 0,37066 * -0,645p7 0,21463 0,70320 0,14236 0,06623-0,0756 0,15136
Scale 6) 0,00884 0,01860 0,017p6 0,00997 0,01496 0,00866 0,01434 01914 0,0086L 0,02891 0,01713 0,03B62 0,01254 0,40992 78P1  0,01924
Mean Exceedance (u) -0,00064 -0,00086 -0,000y6 -0,00086 -0,00067 -0,00071 0065 -0,0009p -0,00091 -0,00q477 -0,00[L33 -0,00325 -9800 -0,00131 -0,00040 -0,000p5
Threshold () 2,69 4,29 4,7% 4,040 3,6p0 4,0% 3,%% 5p% 5|0% g,6% 7% B,7% %|3,2 5,19 5,29 6,690
stdErr = k 0,3037 0,34760 0,24760 0,28(40 0,26080 0,36320 0,44820 2184\ 0,2642p 0,22630 0,28450 0,33p30 0,28020 0,45720 98P0  0,3660
stdErr = ¢ 0,0031 0,00750 0,005f0 0,00340 0,00490 0,0p350 0,J0460 0057 0,0028p 0,00810 0,00410 0,01400 0,0¢440 0,d0330 520D0 0,0081
returns (min) -0,10384 -0,09477 -0,074B4 -0,12311 -0,09272 -0,0p451 08A0( -0,1018B -0,11815 -0,73125 -0,66p16 -0,7%274 -9@92 -0,1709 -0,13694 -0,14072
returns (max) 0,0970 0,106244 0,107p5 0,13244 0,09384 0,10947 0,10515 1326( 0,1599p 0,12829 0,17977 0,77[704 0,09669 0,49677 70811  0,1507f
Daily mear -0,0002] -0,00023 -0,000p9 -0,00028 -0,00015 -0,00016 00d1( -0,0001p 0,00044 0,00(26 -0,00p54 -0,00136 -0,J0052-0,00069 -0,000113 0,00083
Daily volatility 0,0110 0,01587 0,01685 0,01433 0,01B47 0,01408 0,41325 01945 0,0180¢ 0,03902 0,02961 0,05p32 0,01519 0,41722 8nhb1  0,02309
Daily skewness -0,3126 0,03499 0,082p6 -0,30016 -0,10p82 -0,09479 6824 0,1078 -0,16544 -7,021B9 -7,80826 -3,64841 -11,37301 0,61134 -0,10924 0,232p9
Daily kurtosis 9,82444 5,02586 4,124p8 6,35437 6,18686 7,6§599 7,49791 9624 5,6763¢ 122,51119 200,65090 114,74481 261,35075 108 5,5650p 4,24425
Significance Level a) 1,00% 1,00% 1,0046 1,00p6 1,00% 1,0p% 1,00% 1,p0% 1/00% 100% ,00% 1,009 1,004 1,00p6 1,00% 1,00%
Normal Percentil -2,32634 -2,32635 -2,326B5 -2,32435 -2,32635 -2,3p635 32634 -2,3263p -2,32635 -2,32635 -2,32p35 -2,32635 -3926 -2,3263 -2,32635 -2,326B5
Standard Normal ETL -2,66521 -2,66521 -2,665p1 -2,66%21 -2,66621 -2,6p521 66521 -2,6652JL -2,66591 -2,66421 -2,66p21 -2,66521 -2465 -2,6652] -2,66541 -2,665p1
Empirical VaR 3,489 4,53% 5,0646 4,686 4,02% 4,0p% 3,41% 5,49% 5|07% 189% ,39% 11,03% 3,14%6 5,130%6 4,64% 5,8p%
Normal VaR 2,60% 3,72% 3,93%0 3,836 3,19% 3,2p% 3,09% 4,b5% 4]15% 9,05% ,Olo/di 12,31% 3,590 4,07 4,23% 5,31%
GPD VaR 2,67% 4,219 4,74% 4,05P%6 3,59% 3,98% 3,41% 5,49% 4]98% §,53% ,72% 8,639 3,1596 5,130 5,19% 6,51%
Empirical ETL 4,60% 5,91% 5,9546 6,52P6 5,34% 5,7p% 5,41% 6,p4% 6/65% 17,68% 11,459 28,51% 7,750 7,24% 6,74% 7,74%
Normal ETL 2,98% 4,25% 4,50%0 4,380 3,6(}% 3,71 % 3,94% 5,P1% 4]76% 14,37% 6,88% 14,08% 4,10%6 4,660 4,8%% 6,1P%
GPD ETL 4,09% 6,069 6,48%6 5,60P6 5,14% 5,5P% 5,16% 7,B6% 6]36% 14,30% 7,90% 21,53% 4,61¢6 6,19% 6,75% 8,80%

* Warning: Maximum likelihood has converged to atimate of K < -1/2. Confidence intervals and stadcerrors can not be computed reliably.

Source: Author
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Tables VI - Descriptive assessment of empiricatprad and GPD models in VaR and ETL estimation

Descriptive statistics of daily returns for ninepptar indices (PS120, CAC40, DAX, Nikkei225, FTSB1®B&P500, Nasdaqg, Dow Jones and Sensex) and seveln market firms (Apple,
Microsoft, Lehman Brothers, BES, BCP, General Ele@nd Goldman Sachs) from, respectively, Oct@helr999 to July 13, 2009 and November 4, 1999 me®aber 12, 2008. This results
obtained for VaR and ETL were modelled with emgiti¢or historical), Gaussian and generalized Pafataks over threshold technique of extreme vdieery). The empirical and GPD
models predict fairly consistent risk measurestigpaarly empirical ETL and GPD ETL. This fact résubecause the simplifying assumptions about markeortfolio behaviour used in VaR
models that can only measure risk in normal mar&atlitions.

A GPD | Psi2C | cAC40 | DAX | Nikkei225| FTSE10(| S&P50C | Nasdac [ DJ | Sense [ Appe | MS | 1B | BES | BCP [ GE | GS [ ¥
VaR
Empirical 0,82% 0,31% 0,326 0,636 0,43% 0,00% 0,30% 0p1% 0logee -1,64% 0,67% 2,419 0,004 0,00p6 -0,44% -0,6B%  4,21%
Normal -0,06% -050%  -081% 0236  -044%  -06p%  -042%  -0p4% 839 0,529 0,299 3,680 0,44% -1,06% -0,90% -1,h0% -3,13%
ETL
Empirical 0,51% -0,16% -0,53%0 0,92P6 0,23% 0,2h% 0,35% -0,p2% 0[29% 99,3 3,559 6,98% 3,14% 1,01% -0,01% -1,07% 22,12%
Normal -1,119% -1,81% -1,97% 1,226 -1,53% -1,7p% -1,42% 2,14% 609 0,089 -1,02% -7,4500 -0,51% -1,58% -1,90% -2,68%-29,78%
PSI20 [ CAC40 | DAX [ Nikkei225] FTSE100[ S&P500] Nasdag DJ Sense [ MS LB BES BCP GE GS
GPD ETL 4,099 6,069 6,484 5,606 5,14% 5,5p% 5,16% 7,86% 6]36% 10,30% 7,90% 21,53% 4,61% 6,196 6,75% 88p% ¥
A Normal VaR -1,49% -2,35% -2,55%0 -1,77P6 -1,99% -2,2B% -2,47% -2,80% 2194 -1,259 -1,89% -9,22p6 -1,04% -2,11% -2,91% -3,416%-40,93%
A Normal ETL -1,119% -1,81% -1,97% -1,22P6 -1,5#% -1,7p% -1,42% -2,14%  60% 0,089 -1,02% -7,450 -0,51% -1,58% -1,90% -2,§8%-29,78%

Source: Author
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Tables VII - Supervisory Framework for the use backtesting” in conjunction
with the internal models approach to market rigkitedh requirements

Maodel is accurate Maodel is inaccurate: Possible alternative levels of coverage
Exceptions Coverage = 93% Exceptions Cowverage = 98% Coverage = 97% Cowverage = 96% Coverage = 95%
{our of 250) exact type 1 {our of 260) exact type 2 exact type 2 exact type 2 exact type 2
1] 81% 100.0 % 4] 0.6 % 0.0 % 0.0 % 0.0 % 0.0% 0.0 % 0.0 % 0.0 %
20.5% 91.8% 1 33% 0.6 % 04 % 0.0 % 0.0 % 0.0% 00 % 0.0 %
2 257 % 714 % 2 23% 39% 1.5% 04 % 0.2% 0.0 % 0.0 % 0.0 %
3 215% 45.7 % 3 14.0 % 122 % 38% 18% 0.7 % 0.2% 01 % 0.0 %
4 134 % 242% 4 17.7 % 26.2% T.2% 57 % 12% 0.9% 0.3 % 0.1 %
5 8.7 % 10.8 % 5 17.7 % 439 % 108 % 12.8 % 36% 27 % 0.9 % 0.5 %
[+] 27% 4.1% L] 14.2 % 61.6 % 13.8% 237 % G.2% 8.3% 18% 13 %
T 1.0% 1.4% T 10.5 % T84 % 148% ITE% 2.0% 125% 34 % 31 %
g 0.3 % 0.4% 8 6.5 % 85.0 % 14.0% H24% 11.3% 215% 54 % 6.5 %
a 0.1% 0.1% bl 36% 834 % 11.6% 66.3 % 127 % 32.8% 7.8 % 11.8%
10 0.0% 0.0% 10 12% 87.0 % B.6% T7.8% 128 % 45.5 % 0.8 % 18.5 %
1 0.0% 0.0% 1 0.5 % 887 % 58% B6.6 % 11.6 % 583 % 11.1% 2001 %
12 0.0% 0.0% 12 0.2% 805 % 36% B24% 0.6 % 0.9 % 11.8% 40.2 %
13 0.0 % 0.0% 13 0.1 % 005 % 20% BE.0 % T3% THE % 11.2% H18%
14 0.0% 0.0% 14 0.0% 009 % 1.1% B8.0 % 52% 25.9% 10,0 % 628 %
15 0.0 % 0.0% 15 0.0 % 100.0 % 0.5% Bo1 % 34 % 921 % 82% T20%

Notes:  The table reports both exact probabilities of obtaining a certain number of exceptions from a sample of 230 independent observations under several assumptions
about the true level of coverage, as well as type 1 or type 2 ermor probabilities derived from these exact probabilities.

The lefi-hand portion of the table pertains to the case where the model is accurate and its true level of coverage is 99%. Thus, the probability of any given observation being an
exception is 1% (100% - 99% = 1%). The column labelled "exact” reports the probability of obtaining exactly the number of exceptions shown under this assumption in a sample
of 250 independent observations. The column labelled "type 17 reports the probability that using a given number of exceplions as the cui-off for rejecting a moedel will imply
emonecus rejection of an accurate model using a sample of 250 independent observations. For example, if the cut-off level is set at five or more exceptions, the type 1 column
reports the probability of falsely rejecting an accurate model with 250 independent observations is 10.8%.

The right-hand portion of the table pertains to models that are inaccurate. In particular, the table concentrates of four specific inaccurate models, namely models whose true
levels of coverage are 98%, 97%, 96% and 95% respectively. For each inaccurate model, the "exact” column reports the probability of obtaining exactly the number of
exceptions shown under this assumption in a sample of 250 independent cbservations. The columins labelled "type 2° report the probability that using a given number of
exceptions as the cut-off for rejecting a model will imply eroneous acceptance of an inaccurate model with the assumed level of coverage wsing a sample of 250 independent
observations. For example, if the cut-off level is set at five or more exceptions, the type 2 column for an assumed coverage level of 97% reports the probability of falsely
accepting a model with only 97% coverage with 250 independent observations is 12 8%.

Zone Number of Increase in scaling Cumulative
exceptions factor probability

0 0.00 8.11%

1 0.00 28.58%

Green Zone 2 0.00 o4.32%

3 0.00 75.81%

4 0.00 80.229%

5 0.40 95.88%

[ 0.50 98.63%

Yellow Zong T 0.65 99.60%

8 075 99.89%

9 0.85 99.97%

Red Zone 10 or more 1.00 99.99%

Hotes:  The table defines the green, yellow and red zones that supervisors will use to assess backtesting
results in conjunction with the internal models approach to market risk capital requirements. The boundaries
shown in the table are based on a sample of 250 observations. For other sample sizes, the yellow zone begins at
the point where the cumulative probability equals or exceeds 95%, and the red zone begins at the point where the
cumulative probability equals or excesds 99.99%.

The cumulative probability is simply the probability of obtaining a given number or fewer excepiions in a sample of
250 ohservations when the frue coverage level is 99%. For example, the cumulative probability shown for four
exceptions is the probability of obtaining between zero and four exceptions.

Mote that these cumulative probabiliies and the type 1 emor probabilities reported in Table 1 do not sum to one
because the cumulative probability for a given number of exceplions includes the possibility of obiaining exactly
that number of exceptions, as does the type 1 emmor probability. Thus, the sum of these two probabilities exceeds
one by the amount of the probability of obtaining exactly that number of exceptions.

Source: BIS
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Table VIII - Descriptive statistics of “backtestinipe six models of VaR and ETL estimation by Baritidest and Kupiec test

The six models of VaR and ETL estimation were bestied with historical series of indices and staakd log returns starting from, respectively, O&ob, 1999 to July 13, 2009 and November 4,
1999 to September 12, 2009. The backtesting metbgyl@aonsists in the Kupiec’s unconditional coveragst as well as empirical statistical test (omBalli), with the parameters recommended by
the Capital Accords.

PSI20 CAC40 DAX | Nikkei225| FTSE100] S&P500| Nasdag| DJ Sense. Apple] MS LB BES BCP GE GS
Number of Observations (n)| 2.455 2.455 2.A55 2|455 4.455 2.455 2.45 2.455 2.4%5 2.2p6 2.226 2.p26 2|226 4.226 P.226 .2262
Significance Level 1% 1% 19 19 19 1% 1%6 1% 1o 1% 1% % 1% L% 1% 1%
Rolling Window Size 250 25 25 25D 250 250 2p0 250 50 P50 250 250 250 250 250 250
Sample Size of the Backtes 2.205 2.20 2.205 2.205 2.205 2.205 2.p05 2{205 4.205 1.976 .9761 1.97 1.976 1.916 1.9f76 1.976
Expected number of Exceptiops 22 22 2 2! 2p 2p 2 42 2 0] PO 20 20 20 20 20
Cutoff Value (~N) 2,324 2,32 2,326 2,326 2,3p6 2,326 2,826 2|326 4,326 P,326  ,3262 2,32 2,326 2,326 2,3p6 2,326
Chi-squared Critical 6,635 6,63 6,635 6,635 6,635 6,635 6,635 6/635 ,635 5,635 ,6356 6,63 6,636 6,635 6,6B5 6,435
# Empirical VaR Events 40 35 34 3 41 4p 40 5 9 P4 R7 35 40 40 27 30
BT 2,77R 2,986 4,066 4,270 3, 3,628 ,959  ,637] 6 1,6B7 2,315
Bernoulli trails Test Accept Acceft Accept
n_obs Empirical VaR Eventg Q 1,63p6 1,86% 1,9p% : 59% 1 ,21% ,37% 2,02p6 1,31% 1,5p%
LRy, 9 7,484 13,126 14,409 11/893 4,519 0 2,404 48 2,404 4626
Kupiec Test Accept Accept Accept
# Normal VaR Events 66 25 23
BT 5 1,185 0,133
Bernoulli trails Test Accept Accept Acceft Accept
n_obs Normal VaR Events 13% 14,01% 119 1,97% 2,07% 3,340 1,29% 1,1p%
LRy, 1,5 0,00: 0,241 14,742 17,6p4 67,813 1p95 0510
Kupiec Test Accept Accept Acceqt Accept
# GPD VaR Events 49 34 34 3 48 3 2 27 15 10
BT 5,76 2,772 3,200 4,484 3,200 3,628 1{488 4,130 ,280 ,0540 -1,07 0,506 1,637 -1,0/6 -2,407
Bernoulli trails Test t Accept epicc|  Accept Accept Accept Accept Accept Accep Acceft
n_obs GPD VaR Events 0] 1,686 1,98% 1,6B% 1,17% 1,82% 1/45% 1,06% ,01% 0,769 1,11% 1,37p 0,7% 0,51%
LRy 9 8,505 15,740 8,505 10711 2,013 ,981 770,0 0,00 1,26B 0,247 2,4p4 1,463 5,947
Kupiec Test Accept eftc Accept Accept Accept Accept Accept| Accep Acceft
# Empirical ETL Events 22 g 2% 2y 2] 6 11 2 12 L2 17 12 23 12 12
BT -0,01. 1,273 B 4 45 -0j225 -¢,011 7541, -1,75 -0,624 -1,734 0,7B3 -1,154 -1,§54
Bernoulli trails Test Accept Accept Accept dyic Accept Accept Accept Accept Accept Accep Acceft
n_obs Empirical ETL Events| 1,009 1,274 y 0,p5% 1/00% J,61% ,61% 0,869 0,61% 1,16p6 0,61% 0,61L.%
LRy 0,00 1,4H4 $ D 76 0{051 ,000 B,581 ,5813 0,40 3,58[L 0,510 3,581 3,481
Kupiec Test Accept Accept Accept dyc Accept Accept Accept Accept Accept] Accep)| Accefft
# Normal ETL Events 43 3 8 29 5 Pl ne 35 30 51 18 11
BT ,631 ,280 0,399 3,44 2,315 7,063 -0,398 -1,981
Bernoulli trails Test epcc Accept Accept Accep Acceppt
n_obs Normal ETL Events 1{13% 1,06% ,91% ¢ 2,58p0 0,91% 0,56%
LRy ,382 077[0, 0,163 y 34,7B4 0,163 4,672
Kupiec Test epicc Accept Accept Accep) Acceppt
# GPD ETL Events 6 10 20 10 10
BT ,845 07,2 -1,98: 4 -2,407 -2,07
Bernoulli trails Test dytc Accept Accept Accep)| Accefft
n_obs GPD ETL Events 1]18% 4,51% ,56% 1,01p6 0,51% 0,51%
LRy, ,676 5,947 67 3 5,987 5,947
Kupiec Test dptc Accept Accept Accep| Acceft

Source: Author
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Figures

Figure | - Three possible limiting extreme valustdbutions for the standardized maxima

Fisher Tippet theorem summarizes three possibligidignextreme value distributions for the standaedi maxima. The Generalized Extreme Value (GEMyiligion unites the type Gumbel,
type Fréchet and type Weibull extreme value distidms into a single family, to allow a continuaasige of possible shapes. It is parameterized lithtion and scale parameteusando,
and a shape parametkrWhenk < 0, the GEV is equivalent to the Weibull extreme ealWhenk > 0, the GEV is equivalent to the Fréchet. In thetliad k approaches 0, the GEV becomes
the type Gumbel. Notice that flr< 0 ork > O, the density has zero probability above or bel@spectively, the upper or lower bowt/k).

0.45 T . T -

i k<0, Weibull
k=0, Gumbel
k>0, Fréchet
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Source: Matlab
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Figures Il — The historical prices and index retuseries

These figures report the descriptive statisticgefdaily prices and the daily returns of S&P506 Bow Jones. The total number of observations452days ranging from October 6, 1999 to
July 13, 2009 (excluding holidays).
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These figures report the descriptive statisticthefdaily prices and the daily returns of Nasdad RS120. The total number of observations is 2d&% ranging from October 6, 1999 to July
13, 2009 (excluding holidays).
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These figures report the descriptive statisticthefdaily prices and the daily returns of CAC40 &#X. The total number of observations is 2.45530enging from October 6, 1999 to July
13, 2009 (excluding holidays).
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These figures report the descriptive statisticthefdaily prices and the daily returns of Sensek ERSE100. The total number of observations is2 d&ys ranging from October 6, 1999 to
July 13, 2009 (excluding holidays).
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These figures report the descriptive statisticshef daily prices and the daily returns of Nikkei22%d Apple. The total number of observations i$2.days and 2.226 days ranging from,
respectively, October 6, 1999 to July 13, 2009 Idaodember 4, 1999 to September 12, 2008 (excludatigédys).
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These figures report the descriptive statistichefdaily prices and the daily returns of Microsarid Goldman Sachs. The total number of obsenat®d.226 days ranging from November 4,
1999 to September 12, 2008 (excluding holidays).
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These figures report the descriptive statisticthefdaily prices and the daily returns of Genetlattic and BES. The total number of observatian.226 days ranging from November 4,
1999 to September 12, 2008 (excluding holidays).
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These figures report the descriptive statisticthefdaily prices and the daily returns of BCP aetirhan Brothers. The total number of observatior’is226 days ranging from November 4,
1999 to September 12, 2008 (excluding holidays).
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Figures lll — Returns and respective histogranthernine index portfolio (seven countries) andtfa seven firms stock market portfolio

This figure presents the return and the respettistogram extracted from ECVaR software for thetfptio composed by seven countries indices: Polfugance, Germany, Japan, United
Kingdom, United States of America and India. Thaltaumber of observations is 2.455 days from Cetdh) 1999 to July 13, 2009 (excluding holidays).
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This figure presents the return and the respebistegram extracted from ECVaR software for thetfptio composed by seven firms: Apple, MicrosofgHman Brothers, BES, BCP, General
Electric and Goldman Sachs. The total number oénfagions is 2.226 days ranging from November 89911® September 12, 2008 (excluding holidays).
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Figures IV - Histograms for the nine index portfo{seven countries) and for the seven firms stoakkst portfolio (VaR and ETL estimation)

This figure presents the histogram return extraftech ECVaR software for the portfolio composedd®yven countries indices: Portugal, France, Germéapan, United Kingdom, United
States of America and India. The total number afepbations is 2.455 days from October 6, 1999 kp 18, 2009 (excluding holidays). The portfolionst likely to lose more than 15,301% of
their global value after tens-days following 13-2009, with a 99% of confidence (VaR estimatioreTportfolio is not likely to lose more than 20,84@f their global value after ten-days
following 13-Jul-2009, with a 99% of confidence (E&stimation).
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This figure presents the histogram return extraéteth ECVaR software for the portfolio composed dgwen firms: Apple, Microsoft, Lehman Brothers, BB&EP, General Electric and
Goldman Sachs. The total number of observatior’s286 days ranging from November 4, 1999 to Septeri2, 2008 (excluding holidays). The portfolionist likely to lose more than
39,52% of their global value after ten-days follogil2-Sep-2008, with a 99% of confidence (VaR ediion). The portfolio is not likely to lose moreatih 45,93% of their global value after

ten-days following 13-Jul-2009, with a 99% of caieince (ETL estimation).
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Figures V — Backtesting representation of VaR amt &stimation for the nine index portfolio (sevesuatries) and for the seven firms stock
market portfolio (VaR and ETL estimation)

This figure represents the backtesting resultsrfamely, VaR and ETL estimation extracted from ER\&oftware for the portfolio composed by seven toes indices: Portugal, France,
Germany, Japan, United Kingdom, United States oéAra and India. The total number of observatiarz 455 days from October 6, 1999 to July 13, 3@@@eluding holidays).
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Brothers, BES, BCP, General Electric and GoldmashS&aThe total number of observations is 2.226 dayging from November 4, 1999 to September 128268&cluding holidays).

aaaaaaaaaaaaaaa

8%

B
o
\

AR RRRRRR AR

.....

55888 aivonsaaBiitsy
33¥383532382383322 28

.....

Source: ECVaR

60



Aurea Marques | Why standard risk models failetthénsubprime crisis?

Figures VI — Risk and return representation ofrtime index portfolio (seven countries) and the seirens stock market portfolio

CVaR Expert
Risk / Return Portfolio Simulation

Graph limi

CVaR (t-axis, 10 day(s) ba:

Return (v-axis, 10 day(s) ba: 0
E=ICurrent portfolio (CVaR,[Re!

CVaR Expert
Risk / Return Portfolio Simulation

Graph limits:
CVaR (X-axis, 10 day(s) basis)
Return (Y-axis, 10 day(s) basis}: Min=-0,74% lax:

&
== Current portfolio (CVaRE[Return]) @ 10 days

%
=(-8,45%,0,08%)

Source: ECVaR

61

This figure represents the risk versus return etgchfrom ECVaR
software for the portfolio composed by seven caastindices:
Portugal, France, Germany, Japan, United Kingdonited States
of America and India. The total number of obsensagi is 2.455
days from October 6, 1999 to July 13, 2009 (exclgdiolidays).

This figure represents the risk versus return etthfrom ECVaR
software for the portfolio composed by seven firm&pple,
Microsoft, Lehman Brothers, BES, BCP, General Eilecand
Goldman Sachs. The total number of observation®.226 days

ranging from November 4, 1999 to September 12, Z@@8luding
holidays).
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Figures VII — Visual comparison between empiricaltmal and GPD models in VaR and ETL estimations

These figure represent the comparison resultsnimely, VaR and ETL estimation by empirical, normatli GPD models of the portfolios composed by Vesecountries indices: Portugal,
France, Germany, Japan, United Kingdom, UnitedeStat America and India; and by ii) seven firmsphg Microsoft, Lehman Brothers, BES, BCP, Gengtattric and Goldman Sachs. The
total number of observations is 2.455 days and&®dz®s ranging from, respectively, October 6, 1&23uly 13, 2009 and November 4, 1999 to SepterhPeP008 (excluding holidays). The
empirical and GPD models predict fairly consistesk measures, particularly empirical ETL and GPDLEThis fact results because the simplifying asstioms about market or portfolio

behaviour used in VaR models that can only measskén normal market conditions.
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Figure VIII - Visual comparison between normal &iéD models in VaR and ETL estimations

This figure represents the comparison resultsrfamely, VaR and ETL estimation by normal and GDRie® of the portfolios composed by i) seven coestindices: Portugal, France,
Germany, Japan, United Kingdom, United States oeAra and India; and by ii) seven firms: Apple, kdigoft, Lehman Brothers, BES, BCP, General Eleenid Goldman Sachs. The total
number of observations is 2.455 days and 2.226 @ayging from, respectively, October 6, 1999 toy A8, 2009 and November 4, 1999 to September 138 géxcluding holidays). The GPD
models predict fairly consistent risk measurestigaarly empirical ETL and GPD ETL. This fact rdisubecause the simplifying assumptions about markeortfolio behaviour used in VaR
models that can only measure risk in normal mar&atlitions.
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Figures IX - Checking the asymptotic normality asption: Histograms of the bootstrap replicates
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These figures represent the assessment of the asjenpormality assumption using histograms of loetstrap
replicates. The dataset was tested to i) seventgesinndices: Portugal, France, Germany, Japaritetn
Kingdom, United States of America and India; and)tseven firms: Apple, Microsoft, Lehman BrotheBES,
BCP, General Electric and Goldman Sachs. The tuiatber of observations is 2.455 days and 2.226 days
ranging from, respectively, October 6, 1999 to JLBy 2009 and November 4, 1999 to September 128 200
(excluding holidays)The histogram of the bootstrap estimates for sipap@meter appears to be asymmetric.

Source: Matlab
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Figures X - Checking the asymptotic normality asgtiom: QQ plot
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Figures Xl - lllustration of the result before éitthe returns for each price and index using GARG&thod (without i.i.d. assumption) —
Example Lehman Brothers

Before using EVT to model the tails of the disttibn of an individual index or stock market, theéadenust be i.i.d. A quick review of the data regdhlat it is not i.i.d justify with the financial
crisis that causes wild swings in the stock market.the Lehman Brothers stock market examplesémeple autocorrelation function of the returns atvsome mild serial correlation. Unless
the data is preconditioned or filtered, this depemg will undermine the value of EVT. To producseses of i.i.d. observations, a GARCH model isdeekto filter out serial dependence in the
data.
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Figures XII — lllustration of the result after &it the returns for each price and index using GARG&thod (i.i.d. assumption) — Example
Lehman Brothers

To produce a series of i.i.d. observations, a GARfibtlel is needed to filter out serial dependenadaiba. The step that involves a repeated applitatidSARCH filtration is one of the most
important steps in the overall modelling approdidie GARCH model can produce a series of i.i.d. olka®ons that satisfy the requirements of EVT. Bhenple ACF of the squared returns
illustrates the degree of persistence in variaaod,implies that GARCH modeling may significantbndition the data used in the subsequent tail esitm process.
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Figures Xl — Estimation of the semi-parametricraative distribution function — Example Lehman Brers

Once the data is filtered, the data must fit a pbility distribution to model the daily movementsis figure represents the empirical cumulativerifistion function for the Lehman Brothers
stock market, with the kernel density estimatetifierinterior and the GPD estimate for the upperlaner tails. The underlying Matlab code uses ttai§ics Toolbox function paretotails to
automate the curve fit.
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Figures XIV - Checking the Fit Visually
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To visually assess the GPD fit, the Matlab Stassfloolbox function gpfit was used to plot the etcpi
cumulative distribution function curve to find tiparameters for the GPD in the tails of the cuniee dataset
was tested to i) seven countries indices: Portug@nce, Germany, Japan, United Kingdom, UnitedeStaf
America and India; and to ii) seven firms: Appleickdsoft, Lehman Brothers, BES, BCP, General Eleend
Goldman Sachs. The total number of observationz.455 days and 2.226 days ranging from, respegtivel
October 6, 1999 to July 13, 2009 and November 891® September 12, 2008 (excluding holidays). &hes
figures show that the empirically generated cuniwgatlistribution function curve matches quite wslth the
fitted GPD results. The fitted density follows thleape of the data, and so the GPD model seems dagbed
choice.

Source: Matlab
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Matlab and Excel Code

Matlab Code | - Prices and Returns

load INDEXDATA_INDICES % Import daily index closings

countries = { 'Portugal’ 'France’ ‘Germany’ Japan’ 'UK' 'US' 'US_N'
'US_DJ' 'India’ h

prices = [IndexData.Portugal IndexData.France In dexData.Germany
IndexData.Japan IndexData.UK IndexData.US IndexData .US N ..

IndexData.US_DJ IndexData.India];

figure

plot(IndexData.Dates, ret2price(price2ret(prices)))
datetick( X' )

xlabel( 'Date' )

ylabel( 'Index Value' )

title ( '‘Relative Daily Index Closings' )

legend(countries, '‘Location’ , 'Northwest' )

returns = price2ret(prices); % Logarithmic returns

T = size(returns,1); % # of returns (i.e., historical sample size)

index = 1; % 1 = Portugal, 2 = France, 3 = Germany, 4 = Japan, 5=UK, 6=
US_S&P 7=US_N8=US_DJ9 = India

figure

plot(IndexData.Dates(2:end), returns(:,index)), dat etick( X' )

xlabel( 'Date’ ), ylabel( 'Return’ ), title( 'Daily Logarithmic Returns' )

load INDEXDATA_Firms % Import daily prices closings

frms={ 'LB" 'Apple' 'MS' 'BES' '‘BCP' 'GE' 'GS' }
prices =[IndexData.LB IndexData.Apple IndexData .BES ...
IndexData.BCP IndexData.GE IndexData.GS];

figure

plot(IndexData.Dates, ret2price(price2ret(prices)))
datetick( X' )

xlabel( 'Date' )

ylabel( 'Index Value' )

title ( '‘Relative Daily Index Closings' )

legend(firms, 'Location’ , 'Northwest' )

returns = price2ret(prices); % Logarithmic returns

T = size(returns,1); % # of returns (i.e., historical sample size)

index = 1; % 1=LB,2=Apple,3=MS, 4=BES, 5=BCP, 6 = GE7=GS
figure

plot(IndexData.Dates(2:end), returns(:,index)), dat etick( X' )

xlabel( 'Date’ ), ylabel( ‘Return’ ), title( ‘Daily Logarithmic Returns' )
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Matlab Code Il - Filter the Returns for Each Pr{GARCH)

figure
autocorr(returns(:,index))
title(  'Sample ACF of Returns' )
nindices = size(prices,2); % # of indices
spec(1:nindices) = garchset( ‘Distribution’ , ‘T, 'Display’ , 'off
‘VarianceModel' , 'GJR", P ,1, 'Q ,1,
1)
residuals = NaN(T, nindices); % preallocate storage
sigmas = NaN(T, nindices);
for i=1l:nindices
[spec(i) , errors, LLF,
residuals(:,i), sigmas(:,i)] = garchfit(spec(i ), returns(:,i));
end

subplot(2,1,1)

plot(IndexData.Dates(2:end), residuals(:,index))

datetick( X' )

xlabel( 'Date’ ), ylabel( ‘Residual’ ), title ( 'Filtered Residuals' )

subplot(2,1,2)

plot(IndexData.Dates(2:end), sigmas(:,index))

datetick( X' )

xlabel( 'Date’ ), ylabel( ‘Volatility' )

title ( 'Filtered Conditional Standard Deviations' )

residuals = residuals ./ sigmas;

figure

autocorr(residuals(:,index))

title(  'Sample ACF of Standardized Residuals' )
figure

autocorr(residuals(:,index)."2)
title(  'Sample ACF of Squared Standardized Residuals')
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Matlab Code Il - Estimate the Semi-Parametric Clatiwe Distributions Functions

tailFraction = 0.1; % Decimal fraction of residuals allocated to each
tail
OBJ = cell(nindices,1); % Cell array of Pareto tail objects
for i= 1l:nindices
OBJ({i} = paretotails(residuals(:,i), tailFracti on, 1 - tailFraction,
‘kernel' );
end

figure, hold( ‘on" ), grid( ‘on' )

minProbability = OBJ{index}.cdf((min(residuals(:,in dex))));
maxProbability = OBJ{index}.cdf((max(residuals(;,in dex))));
pLowerTail = linspace(minProbability , tailFractio n , 200); % sample
lower tall
pUpperTail = linspace(1 - tailFraction, maxProbabil ity , 200); % sample
upper tail
pinterior = linspace(tailFraction , 1 - tailFra ction, 200); % sample
interior
plot(OBJ{index}.icdf(pLowerTail), pLowerTail, red' ,  'LineWidth' , 2)
plot(OBJ){index}.icdf(pinterior) , pinterior , ‘black' , 'LineWidth' , 2)
plot(OBJ){index}.icdf(pUpperTail), pUpperTail, 'blue' , 'LineWidth' , 2)
xlabel( 'Centered Return' ), ylabel( '‘Probability’ )
title ([ ‘Empirical CDF: ' firms{index}])
legend({ 'Pareto Lower Tail' 'Kernel Smoothed Interior'

'‘Pareto Upper Tail' }, 'Location' , 'NorthWest' )
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Matlab Code IV - Estimating parameters

load INDEXDATA_ Firms % Import daily prices closings

firms = { ‘LB'  'Apple’ ‘MS' 'BES' 'BCP'" 'GE' 'GS' };

prices =[IndexData.LB IndexData.Apple IndexData .BES ...
IndexData.BCP IndexData.GE IndexData.GS];

load INDEXDATA_INDICES % Import daily index closings

countries = { '‘Portugal’ 'France’ ‘Germany’ Japan’ 'UK' 'US' 'US_N'
'US_DJ' 'India’ };

prices = [IndexData.Portugal IndexData.France In dexData.Germany
IndexData.Japan IndexData.UK IndexData.US IndexData .US N ..
IndexData.US_DJ IndexData.India];

returns = price2ret(prices); % Logarithmic returns

T = size(returns,1); % # of returns (i.e., historical sample size)

X = returns; % # for each one returns

g = quantile(x,.99);

y =x(x>q) - q;

n = numel(y)

paramEsts = gpfit(y);
kHat = paramEsts(1) % Tail index parameter
sigmaHat = paramEsts(2) % Scale parameter

Matlab Code V - Assess the GPD Fit

bins = 0:.1:1;

h = bar(bins,histc(y,bins)/(length(y)*.25), ‘histc'  );

set(h, 'FaceColor ,[.9.9.9]);

ygrid = linspace(0,1.1*max(y),n);

line(ygrid,gppdf(ygrid,kHat,sigmaHat));

xlim([0,1]); xlabel( ‘Exceedance’ ); ylabel( '‘Probability Density" );

[F.yi] = ecdf(y);

plot(yi,gpcdf(yi,kHat,sigmaHat), )

hold on; stairs(yi,F, '™ ); hold off ;

legend( 'Fitted Generalized Pareto CDF' , 'Empirical
CDF', 'location’ , 'southeast’ );

Matlab Code VI - Computing Standard Errors for Bragameter Estimates

[nll,acov] = gplike(paramEsts, y);
stdErr = sqrt(diag(acov))
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Matlab Code VII - Checking the Asymptotic NormalAgsumption

replEsts = bootstrp(1000, @gpfit,y);

subplot(2,1,1), hist(replEsts(:,1)); title( '‘Bootstrap estimates of k'
subplot(2,1,2), hist(replEsts(:,2)); title( ‘Bootstrap estimates of sigma’
subplot(1,2,1), qqplot(replEsts(:,1)); title( '‘Bootstrap estimates of k'
subplot(1,2,2), qgplot(log(replEsts(:,2))); title( ‘Bootstrap estimates of
log(sigma)’ );

[paramEsts,paramCl] = gpfit(y);

kHat
kCl = paramCI(:,1)

sigmaHat
sigmaCl = paramCI(;,2)

Matlab Code VIII - Calibrate the t Copula

U = zeros(size(residuals));

for i=1:nindices
U(:,i) = OBJ{i}.cdf(residuals(:,i)); % transform margin to uniform
end
[R, DoF] = copulafit( 't ,U, 'Method" , 'ApproximateML' ); % fit the copula
options = statset( ‘Display" , ‘'off , TolX' ,le-4);
corrcoef(returns) % linear correlation matrix of daily returns
DoF % scalar degrees of freedom parameter of the optimi
copula
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Excel Macros Code IX - Mean Exceedances

Function exmean(returns, threshold)
With Application
" Volatile
X = .Transpose(.Transpose(returns))
t = .Transpose(.Transpose(threshold))
n = UBound(x, 1)
nex=0
cumex =0
Fori=1Ton
xi = .Small(x, i)
If Xi <=t Then
nex=nex +1
cumex = cumex + Xi
End If
Next i
exmean = cumex / nex
End With
End Function

Excel Macros Code X - Exceedances

Function excount(returns, threshold)
With Application

" Volatile

X = .Transpose(.Transpose(returns))

t = .Transpose(.Transpose(threshold))
n = UBound(x, 1)

nex=0
Fori=1Ton
xi =.Small(x, i)
If Xi <=t Then
nex=nex+1
End If
Next i
excount = nex
End With

End Function
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