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ABSTRACT

Vasilios Sogiakas

EVALUATING MARKET RISK THROUGH ARCH
ECONOMETRIC MODELS: A MULTIVARIATE CASE

January 2006

On this Dissertation the Market Risk for several markets is evaluated,
through the well known Risk Management Tool: Value-at-Risk. For that
reason, the Autoregressive Conditional Heteroskedasticity econometric models
are recruited, in their most significant editions, where the asymmetry on
volatility is taken place and captures many financial empirical results such as
the leverage effect. In this direction, the conditionally standardized returns are
assumed to be drawn not only from Gaussian distributions or from fat tailed
distributions, such as the t-student or the GED, but also from skewed
distributions. It is important to state that the degree of accuracy of VaR
estimates and forecasts, through Kupiec and Christoffersen tests, strongly
depends on the consistency of the estimated volatilities, making the volatility
modelling a big challenge for the analyst. Moreover, a multivariate approach
is considered, where the correlations between markets are considered as time
varying. Through the analysis presented in this thesis, we conclude that
financial data indeed exhibit some skewness and that a pattern of time-varying
volatility, which is highly persistent, is common to the most Financial
Markets. Furthermore, from a relevant comparison among different volatility
specifications and conditional distributional assumptions, the AP-GARCH
volatility function combined with the skewed T distribution best handles
financial time series. Finally, high correlations between Financial Markets are

present on periods of high volatility.



ITEPIAHYH

Booiielog Zoyrakag

AITIOTIMHXH TOY KINAYNOY THX ATOPAX MEXQ
OIKONOMETPIKQN MONTEAQN ETEPOXKEAAXTIKOTHTAZX
- MIA IIOAYMETABAHTH IIPOXEITIXH

lavovéprog 2006

Zmv Swtpifry avthy amotTipdtar to picko g ayopdg yia SAQOpEC
YPNHOTAYOPES, LECH TOL TWOAV yvwotov epyaieiov Awayeipiong Piokov, tov
Value at Risk. T to okxomd 0quTO, TG OLKOVOUETPIKA HOVTEAQ
£TEPOOKEDUCTIKOTNTAG XPTCILOTOLOVVTAL, GTIG O CNUAVIIKEG TOVG EKOOCELG,
Omov N acvppeTpia otV PeTaPAnToTnTe AapPdvel xdOpa Kol epunvevEL TOAAG
LPMUATOOIKOVOULKG eUTEPIKE amoteréopata, OT®MG TO QALWOUEVO TNG
poyhevone. Xe avtn TNV Katevbuvorn, ot deoHeLUEVEG TUTOTOUNUEVEC
anoddcoelg Bewpovvtal va akolovfolv dy1 HOVO 11 KAVOVIKN KATAVOUN 1
KATOVOHEC ue mo maylés ovpés, 6w m Student-t kar 1 Generalized Error
Distribution, aAld kot otpePriéc katavopés. Eivar modd onpoviikd va modpue
nw¢ o Babudg g akpifeiog Ttov VaR extipfoewv g€optdtal apueco and v
CLVERELD TNG eKTiUNoNG kat wpdPreyng tng petafintdmrag, kabiotdvtag £T01
MV KaTaokevn vrmodstypdtov petafPAntdémrag, pa TPOKANGOT Yl TOV
avarvtn. EmmaAiéov, pio moivpetofAntny mpooéyyiomn peketdral, OmMOL Ot
cvoyeticelg peta&d TV xpnuatTayop®v Bewpovvial xpovikd petafaiAidpevec.
Méow ™G avaivong mov mapovoldletol o aLTN TNV dATPIPn, KATAA]YOVUE
TOG TA YPNUATOOIKOVOULKA dedopéva Ovimg eival otpePfrd ko Twg éva potifo
ypovikd petaforiopevng petaPAntoéTntag, mov eivar moAD avOextikd, eivar
KOWwo oTig meprocdTeEpEg ypnpatayopés. EmmpooBétmwe, amo tnv GYETIKY
ovykpion 61dQOop®V CUVAPTACEOV KLVODVOL Kol dudgopwv decpegvpévav
katavopd®dv, 10 AP-GARCH vndderypa ocvvodegvdpevo ano tnv otpefin T
KATAVOUN OlOTPAYUATEVETAL TIG YPNUUTOOIKOVOUIKES YPOVOAOYIKEG OCELPEC.
Qao1600, VYNAEG ovoyetioelg petald Tov ypnpatayopdv speavifovrar katd

TS TEPLOdOVE LYNAOV piokov.
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CHAPTER 1

INTRODUCTION

Generally, financial risks are classified into broad categories of market
risks, credit risks, liquidity risks, operational risks and legal risks. In recent
years, the tremendous growth of trading activity and the well-publicized loss
of many financial institutions have led financial regulators and supervisory
committee of banks to favour quantitative techniques which appraise the
possible loss that these institutions can incur. Value at Risk has become one
of the most sought-after techniques for managing Market risk, as it provides a
simple answer to the following question: with a given probability (say a),
what is the predicted loss over a given time horizon? The answer is the VaR at
level a, which gives an amount in the currency of the traded assets and is thus
easily understandable. Thus, in their request for a safe and sound financial
system, regulators have grown increasingly worried about the potentially
destabilizing effect of expanding trading activities of financial institutions.
These worries stem from the increased involvement of banks in the derivatives
markets, which are becoming global, more complex, and therefore are thought
to run. the risk of cascading defaults. To make things worse, these instruments

do not show up on balance sheets.

Volatility is the standard deviation of a financial time series, and is a
measure of the risk, a financial asset, carries. In recent years, many different
econometric models have been applied to a large extend, in order to capture

Market Risk.

Clearly the vast improvement in forecasts due to time series stems from
the use of the conditional mean. For real processes one might expect better

forecast intervals if additional information from the past were allowed to



affect the forecast variance. Hence, the standard approach of
Heteroskedasticity is to introduce an exogenous variable, which predicts the
variance. Here, is the drawback of this idea because it requires a specification
of the causes of the changing variance — a vast area of econometric research’
which seems very interesting — rather than recognizing that both conditional
means and variances may jointly evolve over time. In this direction Engle
(1982) proposed an innovative type of models that have been used widely in
Financial Econometrics and Financial Engineering, the Autoregressive

Conditional Heteroskedasticity models.

In this dissertation, we evaluate Market Risk for eight different indices
derived from American, European and Asian Financial Markets. For the
purposes of this analysis the Autoregressive Conditional Heteroskedasticity
models are used. However, there is a comparative analysis for many different
volatility functions that capture some phenomena presented in many financial
time series, such as the leverage effect. Special emphasis is given in the
distributional form of the innovations; that is the standardized financial time
series are assumed to be derived not only from symmetric and fat-tailed
distributions, but also from skewed distributions. This is very interesting,
because the majority of financial time series indeed exhibit some skewness

according to many empirical results in the literature

The financial time series are presented in chapter two, where an
extensive description of many characteristics of the data, is taken place. In
chapter three we describe the various types of models considered in the
dissertation, in univariate and multivariate dimension. The fourth chapter
contains, estimation issues, regarding the aforementioned models and the
relative efficiency of these estimations. In chapter five, is given an extensive
literature of risk and regulation committees, as well as their revision issues,
including the Basle II, that will take place on 2006. Furthermore, in chapter

six, is the application of the aforementioned analysis using eight Financial

The predictive econometric models of variance, combined with time series models, lead to a panel
analysis, which is more complicated and demanding area of research.



Indices. In the multivariate case, we recommend either a three-dimensional
model with constant conditional correlations, or a bivariate one with time
varying conditional correlations. Finally, chapter seven contains the

conclusions and soime issues for further research.
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CHAPTER 2

THE DATA AND THEIR CHARACTERISTICS

2.1 Introduction

In this chapter, we present the data and concentrate on some of their
characteristics, such as kurtosis, skewness and the conditional distribution
form. Furthermore, we present some financial characteristics that have been
examined in the literature, such as the volatility clustering, the leptokurtic

distributions, the correlations between Financial Markets, the Leverage effect,

the Non-Trading effect and the Non-Synchronous effect.
2.2 The Data

For the purposes of this dissertation, eight indices are recruited from the
American, the European, and the Asian Markets, in a daily basisz, as illustrated 1n

Figure 2.1 of the appendix.

American Markets:

Dow Jones: from 01/10/1928 to 03/05/2005, daily
Nasdaq Composite: from 11/10/1984 to 06/05/2005, daily
S&P500: from 20/10/1982 to 09/05/2005, daily

European Markets:

ASE: from 31/12/2003 to 15/02/2005, daily
CACA40: from 01/03/1990 to 02/05/2005, daily
DAX: from 26/11/1990 to 02/05/2005, daily

" Source: Yahoo Finance except from ASE returns (nauteboriki)



= FTSE100: from 02/04/1984 to 15/05/2005, daily
Asian Markets:
& Nikkei225: from 04/01/1984 to 06/05/2005, daily

Generally, spot prices of financial assets are not stationary because the mean and
the covariance is not time invariant. The log of the prices is a better scale for
examining these datasets. For reasonable small values of the changes of the spot

prices, we have the following approximation:

o 3t [ SpotPrice, Jz SpotPrice, - SpotPrice, , @1

SpotPrice, , SpotPrice,

From Table 2.1 of the appendix, we can derive some useful results about the
range of returns which varies from -25 % to 14 %, about the unconditional standard
deviation which is lower than 1.5, about the coefficient of skewness which is negative
for all indices, and about the distribution of the returns which is leptokurtic according
to the high values of the coefficient of kurtosis, mainly for the Nasdaq Index returns.
Furthermore, the Jarque-Bera test casts doubts to the normal assumption of the

returns.

From Figure 2.2, where the returns of the eight indices are illustrated, we can
observe that there are periods of high volatility as well as tranquil periods, a
phenomenon known as volatility clustering. Mandelbrot (1963a,b, 1967) revived the
interest in the time series properties of asset prices with his theory that ‘random
variables with an infinite population variance are indispensable for a workable
description of price changes’. His observations, such as unconditional distributions
have thick tails, variances change over time and large (small) changes tend to be
followed by large (small) changes of either sign, are ‘stylized facts’ for many
economic and financial variables. Especially Mandelbrot (1963a, page 419) stylizes
that, large price changes are not isolated between periods of slow change; they rather
tend to be the result of several fluctuations, some of which ‘overshoot’ the final
change. Similarly, the movement of prices in periods of tranquility seems to be
smoother than predicted. In other words large changes tend to be followed by large

changes-of either sign-and small changes tend to be followed by small changes.



Furthermore, from Figure 2.2 of the appendix, it is important to note that there is a
common pattern in the volatility of Financial Markets, indicating a strong dependence

between them, especially during financial crisis.

2.3 The Leverage Effect:

Black (1976) first noted that often, changes in stock returns display a tendency
to be negatively correlated with changes in returns volatility, i.e. volatility tends to rise
in response to “bad news” and to fall in response to “good news” asymmetrically. This
phenomenon is termed the “leverage effect” and can only be partially interpreted by
fixed costs such as financial and operating leverage (see Black (1976) and Christie
(1982)). The asymmetry present in the volatility of stock returns is too large to be fully

explained by leverage effect.

According to the leverage effect, a reduction in the equity value would raise the
debt-to-equity ratio, hence raising the riskiness of the firm as manifested by an
increase in future volatility. As a result, the future volatility will be negatively related
to the current return on the stock. Discussion of the leverage effect can also be found
in Kupiec (1990) where the leverage effect is tested within the context of a linear
GARCH(p,q) model by introducing a stock price level in the variance equation. The
coefficient is insignificant though this may be a result of a failure to adjust for strong

trend in the price level.

It is also worth noting that the leverage effect can only partially explain the
strong negative correlation between current return and current volatility in the stock
market, e.g. Black (1976) and Christie (1982). In contrast to the causal linkage of
current return and future volatility explained by the leverage effect, the fundamental
risk-return relation predicts a positive correlation between future returns and current
volatilities in stock prices. However, an alternative explanation is the volatility
feedback effect, studied in French, Schwert and Stambaugh (1987) and Cambell and
Hentschel (1990).



2.4 The Non-Trading Effect

Financial markets appear to be affected by the accumulation of information
during non-trading periods as reflected in the prices when the markets reopen
following a close. As a result, the variance of returns displays a tendency to increase.
This is known as the “non-trading period effect”. It is worth noting that the increase in
the variance of returns is not nearly proportional to the market close duration as would
be anticipated if the information accumulation rate were constant over time. In fact,
Fama (1965) and French and Roll (1986) observed that information accumulates at a
lower rate when markets are closed than when they are open. Also, as reflected by the
findings of French and Roll (1986) and Baillie and Bollerslev (1989), the returns
variance tends to be higher following weekends and holidays than on other days, but
not by as much as it would be under a constant news arrival rate. Table 2.2° of the
appendix, shows the annualized standard deviations of stock market returns for each
day for the S&P500, DAX30 and ASE Indices. As a naive estimate of volaiility at
day t, the standard deviation of the 23 most recent trading days is used:

n 2
Z i
i=r-22

23
!

1
h{(zz)z 2 Z = (2.2)
i=r-22

Y5

It is obvious from Table 2.2 that the standard deviation on Mondey is higher than on

other days, mainly for the DAX30 and ASE indices.

2.5 The Non-Synchronous Trading Effect:

The fact that the values of time series are often taken to have been recorded at
time intervals of one length when in fact they were recorded at time intervals of other,
not necessarily regular, length is an important factor affecting the return series with an
effect known as the “non-synchronous trading effect” (see, Cambell et al. (1997)). For

example, the daily prices of securities, usually analyzed, are the closing prices. The

' Source: Xekalaki E., Degiannakis S. (2003). ARCH Models: A Review.



closing price of a security is the price at which the last transaction occurred. The last
transaction of each security is not implemented at the same time each day. So, it is
falsely assumed that the daily prices are equally spaced at 24-hour intervals. The
importance of non-synchronous trading was first recognized by Fisher (1966) and

further developed by many researchers.

Non-synchronous trading in stocks induces autocorrelation in the return series,
primarily when high frequency data are used. Stock tradings such as those on the
NYSE do not occur in a synchronous manner; different stocks have different trading
frequencies, and even for a single stock the trading intensity varies from hour to hour
and from day to day. It turns out that such an assumption, of equally spaced intervals,
can lead to erroneous conclusions about the predictability of stock returns even if the

true return series are serially independent.

F-or daily stock returns, nonsynchronous trading can introduce:
lag-1 cross-correlation between stock returns,
# lag-1 serial correlation in a portfolio return, and
#  in some situations negative serial correlations of the return series of a

single stock.

Consider stocks A and B and assume that the two stocks are independent and
stock A is traded more frequently than stock B. For special news affecting the market
that arrives near the closing hour on one day, stock A is more likely than B to show
the effect of the news on the same day simply because A is traded more frequently.
The effect of the news on B will eventually appear, but it may be delayed until the
following trading day. If this situation indeed happens, return of stock A appears to
lead that of stock B. Consequently, the returns series may show a significant lag-1
cross-correlation from A to B even though the two stocks are independent. For a
portfolio that holds stocks A and B, the prior cross-correlation would become a

significant lag-1 serial correlation (see for details Tsay (2002)).
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CHAPTER 3

ECONOMETRIC MODELS

3.1 Introduction

At this chapter we attempt to illustrate the most important models for
both the mean and the volatility of financial returns. Special interest is given
in the distributional form of the innovations, since the conditional distribution
is allowed to be skewed, as is the case for the majority of financial time series.
Finally, a multivariate approach is presented, considering all the noteworthy
models of the literature, including the case of the time varying conditional

correlation.

3.2 Modelling the First Moment — Mean Models

Because daily returns* are known to exhibit some serial autocorrelation, it is

reasonable to fit an AR(p) structure on the y, series for all specifications:
V=Pt P Yy teetp, Y, +E, (3.1)

where ¢ are the residuals of the appropriate AR(p) model.

Note, that the serial autocorrelation found in daily returns is not necessarily at
odds with the efficient market hypothesis. See Campbell, Lo, and MacKinlay (1997)
for a detailed discussion. Note, that the lack of serial correlation is an important
characteristic of the ARCH process which makes it suitable for modelling financial

time series. The efficient market hypothesis asserts that past rates of return can not be

* The returns are computed from the first difference of the log of the Spot Prices:

_ SpotPrice,
y, = log ( /épotPrice,. ,)
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used to improve the prediction of future rates of return. Therefore, the presence of

ARCH does not represent a violation of market efficiency.

3.3 Modelling the Second Moment - Volatility Models

At this point the residuals of the first moment models (g;) (where the mean of the
returns is eliminated), are ready for further analysis under the second moment models,

the ARCH models.

3.3.1 Univariate Case

First, we concentrate on the univariate case, considering the most

important models that appear in the literature.

3.3.1.1 ARCH Model

A simple model that allows the conditional variance to depend on the past
information of a dataset, and especially on the past realization of this data set, is the
bilinear model proposed by Granger and Andersen (1978). The formulation of this

model is: y, =gz, -y,,, where the process z; has zero mean and constant variance.

Then, although the conditional variance is well defined, the unconditional variance is

a disaster as it is either zero or infinity.

At this direction Engle (1982), proposed an innovative model which overcomes

the previous problems, the Autoregressive Conditional Heteroskedasticity Model:

yo=2, 1 (3.22)
h=a,+a, -y, (3.32)

where z is a zero-mean Gaussian process with unit variance.

12



For the purposes of our analysis, application of equations 3.2a and 3.3a into the

filtered series g, yields:
g =2-h (3.2b)
h, =a0+a,-£,2_, (3.3b)
This is a simplest version of the fundamental ARCH models, the ARCH(1)
model. It is not of course a bilinear model, but, it is very close to one in the sense that

for a given parameter set a (i.e. (0, 1)), it becomes identical. Furthermore, such a

parameter set is forbidden for ARCH models. The reasonable extension of the

ARCH(1) model is the ARCH(q) model where the conditional variance is given by the
equation: h =aq,+a,- 8,2_ yHeta, -ef_ ¥ (3.4) ,where q denotes the order of the ARCH

process.

Engle (1982), proposed also the ARCH regression model where the mean of y;
i1s assumed to be regressed by a linear combination of lagged endogenous and
exogenous variables included in the information set ¥y.;:

y,=x B+ (3.5) and

g =17k (3.6)

where z, is a process with zero mean and unit variance, x, is the exogenous variable
(dimensions: T x k)5 and B is the coefficient matrix (dimensions: k x 1), and hence,
the conditional distribution is given below:

Y, I'¥, ~ N(x,- B,h) (3.7

Furthermore, if the variable x, can be treated as fixed constants then the OLS
standard errors will be correct, in contrast with the existence of lagged dependent
variables in x, where the standard errors will not be consistent, since the squares of the
disturbances will be correlated with squares of the x’s. This is an extension of White’s
argument on Heteroskedasticity and it suggests that using his alternative form for the
covariance matrix would give a consistent estimate of the OLS standard errors. On the

other hand, if the regressors include no lagged dependent variables and the process is

* For k=1 the exogenous variable x, is a vector variable.

13



stationary, then letting y and x be the Tx1 and Txk vector and matrix of dependent and

independent variables, respectively, we get:

E(y/x)=x-pB (3.8) and
Var(y/x)=0'2-l (3.9

and the Gauss-Markov® assumptions are satisfied. OLS is the best linear unbiased
estimator (BLUE) for the model, and the variance estimates are unbiased and

consistent.

The ARCH regression model is an attractive method in econometric
applications. This is, because, of the clustering of volatility which is captured

generally in ARCH models.

In financial theory, portfolios of financial assets are evaluated using the first and
the second moments of the distributions of the rates of returns of the underlying
assets. If any shift in the asset demand is taking place, then it should be followed by
an appropriate change in the expected means and variances. So, assuming a standard
regression model for the mean, with logical regressors, or assuming a time series
model, the variance is restricted to be a constant through the period of the study. But
this is not the reality as mentioned before. The volatility is changing through time.
Thus, the use of exogenous variable to explain changes in variance is usually not
appropriate. Furthermore, the ARCH regression model is an approximation to a more
complex regression which has non-ARCH disturbances. The ARCH specification
might be an appropriate model for picking up effects of variables omitted from the
estimated model. The existence of an ARCH effect would be interpreted as evidence
of misspecification, either by omitted variables or through structural change. If this is
the case, ARCH may be a better approximation to reality than making standard
assumptions about the disturbances, but trying to find the omitted variable or

determine the nature of the structural change would be even better.

® This theorem states, that the OLS estimators of the coefficients, in a linear regression model, are
BLUE (Best Linear Unbiased Estimators).
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Engle (1982), has proved that for integer r, the 2rth moment of a first — order

linear ARCH process with a9 > 0, a; > 0, exists if, and only if, q; - H(Zx j- 1) <y,
j=1

and thus, the second and fourth moments of the residuals &; are given through the

following equations:

E(?)= 1‘_";[ and (3.10)

E( 4) 3a§ : 1-a12

= 3.11
' (I-aI)Z 1'3(112 ( )

From equation (3.10) it is obvious that the variance is finite if a; < I, and from
equation (3.11) we conclude that the fourth moment is 3 times the squared variance
multiplied with a term which is greater than one for a; # 0. So, the fourth moment is

greater than that of a Normal random variable, which is 3. The kurtosis is given by the

formula: kurtosis = —4" 3. Furthermore, in order to have a finite fourth moment it is

S

also required that3-a’ < I.

Engle (1982) has proved that the gth-order linear ARCH processes, with aq > 0,
ay,...0q = 0, is covariance stationary if, and only if, the associated characteristic

equation has all roots outside the unit circle. The stationary variance of the residuals &,

is given by E(g7 )= —=2 (3.12)

3.3.1.2 GARCH Model
Since, Engle (1982) launched the Autoregressive Conditional Heteroskedasticity

models, there have been proposed many alternative models, using the same main idea;

nonconstant variances conditional on the past, but constant unconditional variances.

15



Bollerslev (1986) proposed a new, more general class of processes, the
Generalized Autoregressive Conditional Heteroskedastic (GARCH), which allows a
much more flexible lag structure. The extension of the ARCH process to the GARCH
process bears much resemblance to the extension of the standard time series AR
process to the general ARMA process and permits a more parsimonious description in
many situations. Furthermore, it is argued that a simple GARCH model provides a
marginally better fit and a more plausible learning mechanism than the ARCH model
with an eight-order linear declining lag structure as in Engle and Kraft (1983). The
variance function of the GARCH model is given by the following equation with
respect to the residual process g of the first moment models:

h=a,+a, g, ,+a,-,+..+a, &,

+B,:h,+B,h,+..+8,:h

or  h=a,+A(L)-£’ +B(L)-h, (3.13)
where p>0,q>0

a>0,02>0,i=1,...,q,

Bi>0,i=1,...,p.

Bollerslev (1986), proved that the GARCH(p,q) process as defined above is

wide-sense stationary with:

ao

I'Zai'iﬂ;

q
i=] i=]

E(s,):O h Var(a,): and Cov(a,,ax)=0,fort7£s,

if and only if zq:ai+zp:,6i <.

i=/ i=1
For GARCH(1,1) the fourth moment exists if 3-a’ +2-a,-f,+f} <1, and is

given below with the second moment:

4

E(sf):m and (3.14)

E(s) 3-a;-(1+a,+p) )

“(-a,B)(1-B-2a,-B,-3-a))
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The coefficient of kurtosis is therefore

E(&’ | £
kurtosis= 4 3= (') = 6o (3.16)

o’ 3_[E(6“2)]2 =1'i612‘2'a1',61'3'a12

which is greater than zero by assumption. Hence, the GARCH(1,1) process is

leptokurtic (heavily tailed), a property the process shares with the ARCH(p) process.

Bollerslev (1986) considered also the case of the GARCH regression model:

y=x-b+eg,t=1..T (3.17)
where: g, =y, —x,-b and (3.18)
g\¥,, ~N(0h) (3.19)

where W, is the information set at time t (c-field of all information through time t) and

h, is defined as in equation (3.13).

3.3.1.3 N-ARCH Model

In the original exposition of the ARCH model, it was natural for Engle (1982) to
assume that the conditional variance function was linear in the squared errors and that
the conditional distribution was normal. He acknowledged, however, that the linearity
and conditional normality assumptions may not be appropriate in particular

applications. Subsequent empirical work has born this out.

Geweke (1986), Pantula (1986) and Milhoj (1987a) suggested the log ARCH
model, where the variance function, applied in the residuals g, of the first moment

model, is the following:

log (h,)z a,+a, -log(e,z_,)+...+aq -log(f:f_q) (3.20)
The exponential of both sides of equation (3.20), yields:

h =exp (ao +a,-log (8,2_,)+...+aq -log(s,%q )) (3.21)

which is strictly positive, and therefore, no inequality constraints are required for the

o,’s to ensure that the conditional variance is strictly positive. To determine whether

19/



the linear model proposed by Engle (1982), or the logarithmic model provided a better
fit to the actual data, Higgins and Bera (1992) proposed a nonlinear ARCH (NARCH)
model, which still requires non-negativity restrictions, but includes linear ARCH as a
special case and log ARCH as a limiting case. The conditional variance that they

specified, applied to the residual series &, is the following:
) ) ) %5
h,=[¢0-(0'2) +¢,-(af_,) +...+¢q-(sf_q) ] : (3.22)

q
where ¢%>0, >0, 6>0 and the @;’s are such that Z¢,. =1.

i=0

The motivation of the NARCH model can be seen by rearranging the previous

" anéagh 2y A
,51___%.(03 +¢,'(£'3 +__.+¢q.EL5)__ (3.23)

from which it is evident that the NARCH model is a Box-Cox power transformation

equation to give:

of both sides to the linear ARCH model. It is apparent that when & = 1 it turns to the
linear ARCH model and that as & => 0, approaches the log ARCH model.

3.3.1.4 E-GARCH Model

As mentioned by Nelson (1991), there are three drawbacks concerning GARCH

models:

1* drawback:
The conditional variance of GARCH models (including ARCH as an especially
case for f’s=0), imposes important limitations on GARCH models. For example, the

leverage effect, is not considered in GARCH models.

2" drawback:

Another limitation of GARCH models results from the nonnegativity constraints

on a’s and B’s to ensure that o remains nonnegative for all t with probability one.

18



Furthermore, these nonnegativity constraints can create difficulties in estimating
GARCH models.
374 drawback:

A third drawback of GARCH modelling concerns the interpretation of the
“persistence” of shocks to conditional variance. In many studies of the time series
behavior of asset volatility, the central question has been how long shocks to
conditional variance persist. If volatility shocks persist indefinitely, they may move
the whole term structure of risk premia, and are therefore likely to have a significant
impact on investment in long-lived capital goods. There are many different notions of
convergence in the probability literature (almost sure, in probability, in LP), so
whether a shock is transitory or persistent may depend on our definition of
convergence. In linear models, it typically makes no difference which of the standard
definitions we use, since the definitions usually agree. In GARCH models, the
situation is more complicated. For example, the IGARCH(1,1) model of Engle and
Bollerslev (1986) states that the variance function is:

h=w+a-gl,+(1-a)-h_,,0<a<l (3.24)

Based on the nature of persistence in linear models, it seems that IGARCH(1,1)
with @ > 0 and ® = O are analogous to Random Walks with and without drift,
respectively, and are therefore natural models of “persistent” shocks. This turns out to
be misleading, however: in IGARCH(1,1) with ®=0, h; collapses to zero almost
surely, and in IGARCH(1,1) with ©>0, h, is strictly stationary and ergodic and
therefore does not behave like a Random Walk, since Random Walks diverge almost
surely. The reason for this paradox is that in GARCH(1,1) models, shocks may persist
in one norm and die out in another, so the conditional moments of GARCH(1,1) may

explode even when the process itself is strictly stationary and ergodic.

Nelson (1991) adopts another natural device for ensuring that h; remains

nonnegative, by making In(h,) linear in some function of time and lagged z’s, where

7, = %/h— . That is, for some suitable function g:
3

ln(h,):a,+iﬂk-g(z,_k),ﬁlzl (3.25)
k=1
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where {a, }tﬁw and { B, }k= 1o ATE real, nonstochastic, scalar sequences.

To accommodate the asymmetric relation between stock returns and volatility
changes, the value of g(z,) must be a function of both the magnitude and the sign of z,.
One choice, that in certain important cases turns out to give well-behaved moments, is

to make g(z,) a linear combination of z; and Iz:
g(zr)=9'zr+7'|:|Zx|_E(IZz|):| (326)

and hence the EGARCH(1,1) model has the following volatility function:

£ £ £

In(h)=a,+y-| 2L El-= [+ 0-—2<=+ B-In(h_,) (3.27)
ht—l ht—l Y, ht—l

By construction, {g(z, )},=_.m is a zero-mean i.i.d. random sequence. The two

components of g(z;) are 6z, and y[lz,l-Elz], each with mean zero. If the distribution of
z, is symmetric, the two components are orthogonal, though of course they are not
independent. Over the range 0 < z; < «, g(z,) 1s linear in z; with slope 6 + y, and over
the range -0 <z <0, g(z,) is linear with slope 6 - v. Thus, g(z,) allows the conditional
variance process {h} to respond asymmetrically to rises and falls in stock price. To
see that the term v [lz. | - Elzl] represents a magnitude effect in the spirit of the
GARCH models, assume for the moment that y > 0 and 6 = 0. The innovation in
In(he) s then positive (negative) when the magnitude of z, is larger (smaller) than its
expected value. Suppose now that vy = 0 and 8 < 0. The innovation in conditional
variance is now positive (negative) when returns innovations are negative (positive).
Particularly, the parameter 6 captures the leverage effect (when 8 < O the leverage
effect is taken place). Thus the exponential form of ARCH, given in (3.27), meets the
first objection raised to the GARCH models.

Following Nelson (1991) the final criticism of GARCH models was that it is
difficult to evaluate whether shocks to variance “persist” or not. In EGARCH,
however, In(h,) is a linear process, and its stationarity (covariance-weak or strict) and
ergodicity are easily checked. If the shocks to In(h,) die out quickly enough, and if we
remove the deterministic, possibly time-varying component {a.}, then {In(h,)} is

strictly stationary and ergodic.
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3.3.1.5 T-GARCH Model

Since the early 1980’s, two parallel approaches have been developed. First,
diffusion models with Stochastic Volatility and second, discrete time ARCH models.
Nelson (1990c) connected the two approaches, showing that GARCH process can be
interpreted as a discrete time approximation of a diffusion model with Stochastic

Volatility.

From a theoretical point of view, GARCH models present a crucial property:
linearity. This is because they imply an ARMA equation for the squared innovation
process z,, which allows for a complete study of the distributional properties of y,. It
also makes easier the statistical inference (parameters estimation, test for
homoscedasticity). Moreover, these formulations have been proven useful for
modelling many economic phenomena. In addition to an adequate model of
dependence in volatility, GARCH models also take into account the fact that stock
returns are fat-tailed. However, normalizing the returns by the conditional variances
does not fully eliminate this leptokurtosis. Furthermore, GARCH models contain

several important limitations, first noted by Nelson.

First, the choice of quadratic form for the conditional variance has important
consequences as far as the time paths of the solution processes are concerned.
Typically, the time paths are characterized by periods of high volatility (corresponding
to high past values of the error, of any sign) and other periods of low volatility. The
impact of past values of the innovation on the current volatility is only a function of
their magnitude. However, this feature is generally not true in the financial context.
Typically, volatility tends to be higher after a decrease than after an equal increase.
Several authors have pointed out this asymmetry (Campbell and Hentschel (1990),
Christie (1982)), which seems to be another characteristic feature of financial time
series. Obviously, the choice of a symmetric (quadratic) form for the conditional

variance prevents the modelling of such phenomena.
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Another drawback of GARCH models comes from the parameters non-
negativity. As noted by Nelson and Cao (1991), these assumptions are only sufficient
and may be weakened in certain cases. However, the models remain highly
constrained as the variance must be kept non-negative. Why is it so important? First,
these constraints may be the source of important difficulties in running the estimation
procedures. Furthermore, these constraints constitute a serious limitation to the
generality of the time paths of the return series (y,) or the residuals (g;) of the AR(p)
model as in our case, and (h,) process. More precisely, a shock in the past, regardless
of its sign, has always a positive effect on the current volatility: the impact increases
with the magnitude of the shock. This feature makes the model incapable of taking

into account cyclical or any non-linear behaviour in the volatility.

In order to account for asymmetries in the volatility, Zakoian (1991a) introduced
a different functional form. In this model, called Threshold GARCH (TGARCH), the
quadratic form is replaced by a piecewise linear function, allowing for different

reactions of volatility to the sign of past errors:

|| + + - + + - -
h, -(a0+a, "§,,-0,°8,+..ta g, -a &+
(3.28)

-1

+ﬂ,-h%+...+ﬂp-h‘1_/;)%

where & = max(¢,,0) and & = min(¢,,0)

Non-negativity constraints on the o; and B, i=0,...,q, j=1,...,p, make h,% the

conditional standard deviation of the (g) process. If the distribution of (z¢)7 1s

symmetric, the effect of a shock €. (k < q) on the present volatility is proportional to

the difference «; —a, (which may be seen by computing Cov(et_k,h,% ). As

mentioned from Zakoian (1993), compared to the T-GARCH model, a limitation of
the E-GARCH is the fact that the effects on volatility (as measured through
coefficients 0 and y) of positive z values relative to negative ones remain fixed in

time. The main advantage of EGARCH is the fact that it meets the objections

& . . q
7 Recall that z,= /\/h— is the standardized process of the residuals g, of the first moment models
11
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concerning the non-negativity constraints in GARCH modelling: by specifying the
logarithm of the variance In(h,), it is no longer necessary to restrict parameters in order
to avoid negative variances. Hence cyclical behaviour is allowed, since the py
coefficients can be of any sign. It is important to note, however, that this model is
fundamentally a linear one since it implies a moving average equation on the (In(h,))

process.

3.3.1.6 GIR-GARCH Model

Another popular way to model the asymmetry of positive and negative
innovations is the use of indicator functions. Glosten et. al. (1993) presented the
GJR-GARCH(p,q) model, with the following conditional variance when applied to
the residuals (g;) of the first moment model:

= ab +Z(a 5“) Z(y -d(s,, <0)-.9,2_‘.)+zp;(ﬂj -h,_j) (3.29)
=
where vi, for i=1,...,q, are parameters for estimation, d(.) denotes the indicator
function (1.e. d( g < 0) = 1 if & < 0, and d(g; < 0) = 0 otherwise). The GJR model
allows good news, (g.; > 0), and bad news, (&.; < 0), to have different effects on the
conditional variance. Therefore, in the case of the GJIR(0,1) model, good news has an
impact of a,, while bad news has an impact of a;+y1. For v, > 0, the “leverage effect”

exIsts.

Engle and Ng (1993) argued that the GJR model is better than the EGARCH
model because the conditional variance implied by the latter is too high due to its
exponential functional form. On the other hand, Friedmann and Sanddorf-Kohle
(2002) argued that the EGARCH model does not overstate the predicted volatility.

3.3.1.7 AP-GARCH Model

Ding et al. (1993) introduced the Asymmetric Power ARCH, or AP-ARCH(p.q)
model, which includes seven ARCH models as special cases (ARCH, GARCH,
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A-GARCH?, GIR, T-ARCH, N-ARCH’ and log-ARCH), with the following

conditional variance when applied to the residual &
s ¢l 5 4 s
h? =ao+Zai-(|€,_,|-yi-s,_‘.) +Zﬂj~hfj (3.30)
i=1 j=1

where a9 >0,8>0,b;>0, j=1,....p, & > 0 and -1 < y; < 1, i=1,...,q. The model
imposes a Box and Cox (1964) power transformation of the conditional standard
deviation process and the asymmetric absolute innovations. The functional form for
the conditional standard deviation is familiar to economists as the constant elasticity
of substitution (CES) production function. Ling and McAleer (2001) provided
sufficient conditions for the stationarity and ergodicity of the APGARCH(p,q) model.
Brooks et al. (2000) applied the APGARCH(1,1) model for 10 series of national stock
market index returns. The optimal power transformation was found to be remarkably

similar across countries.

In the case of the APGARCH modelling the leverage effect is captured by the
parameter y. Ding, Granger and Engle (1993) found that, the closer § is to 1, the larger

the memory of the process.

Indeed, as pointed out by El Babsiri and Zakoian (1999), although such
asymmetric GARCH models allow positive and negative changes to have different
impacts on future volatilities, the two components of the innovation have — up to a
constant — the same volatilities, while it is desirable to allow an asymmetric

confidence interval around the predicted volatility in the VaR applications.

3.3.1.8 GARCH-M Model

The first model to measure risk within a portfolio framework was devised by

Markowitz (1952). According to Markowitz, investors compute the efficient frontier

q 4
* Taylor (1986), Schwert (1989ab): b’ = a,+ Y. a, -|&, |+ D B, -h’’
i=f j=1
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out of all possible risk-return combinations. The efficient frontier is a curve that links
together all efficient portfolios. Efficient portfolios are those that provide the highest
return for a given degree of risk. The final portfolio choice (the optimum portfolio)
depends on each investor’s risk-return preferences. In order to determine the efficient
set of portfolios it is required to estimate the returns and variability of returns for each
possible investment. In addition, it is required to estimate the correlation coefficient
for every pair of investments. For a portfolio consisting of N investments, there are
required N returns and variances and (NZ-N)/2 correlations. For an investment
universe of size N there are required N(N+1)/2 inputs. The computational complexity
of the Markowitz model did not allow those interested in possible applications to

adopt it for practical use.

An extremely valuable contribution in the use of portfolio theory was Sharpe’s
(1963, 1964) development of the Market Model. Sharpe assumed that the returns of
all assets available for selection were related to each other only through their
dependence on the market portfolio. This assumption results in a significant reduction

in the parameters for estimation.

The first model to estimate excess returns of the stocks, based on its systematic
risk, was the Capital Asset Pricing model. This mode] is the most usual way to
estimate the beta risk, by using historical data. The model is the following:

Tit = o + Bi Tme + &t (3.31)
where r1j; is the realized excess returns on asset i for period t and rm is the realized

excess returns on a market index for a period t.

Apart from the previous models, which are still static models, dynamic models
were introduced, where the variance and covariance of the stocks is a function of time
(Merton (1977)). In this direction, Karathanassis and Philippas (1993) and
Karathanassis and Patsos (1993) examined the Market Model in the case of the

Athens Stock Exchange, and found that several misspecification issues are present. In

' : s &
" Higgins and Bera (1992): h,M =a,+ Zai -|€,2_i’ + Zﬂ, 'hff
i=] x=1
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the same direction Volis, Karathanassis and Diamandis (2003) conclude that the sub-
periods play an important role to the beta risk formation, and that the beta risk is a

function of the direction of the market, and the magnitude of the market returns.

Financial theory suggests that an asset with a higher expected risk would pay a
higher return on average. Let y, denote the rate of return of a particular stock or market
portfolio from time t to t-1 and rf; be the return on a riskless asset (i.e. treasury bills).
Then, the excess return (asset return minus the return of the riskless asset) can be
decomposed into a component anticipated by investors at time t-1, p, and a
component that was unanticipated, &:

Yo - rfe= pe+ & (3.32)
Any increase in the expected rate of return of an asset as it becomes more risky will be

identified as a risk premium.

Risk averse economic agents require compensation for holding risky assets. In
the simplest set-up of one risky asset with normally distributed returns and one
riskless asset, the risk is measured by the variance of the returns from holding the
asset, and the compensation by a rise in the expectation of the return. The relation
between the mean and the variance of the returns which will insure that the asset is
fully held in equilibrium will depend upon the utility function of the agents and the
supply conditions of the assets.

The ARCH model is useful not only because it captures some stylized facts, but
also it has applications to numerous and diverse areas. For example, it has been used

to estimate time varying systematic risk in the context of the Market Model.

It is reasonable to expect that the mean and variance of a return have a strong
positive relationship. Denoting the mean by ,, this idea is presented as:

e =& + 6 g(hy (3.33)
where g(h,) is a monotonic function of the conditional variance h,, with g(ag)=0. In
finance models, 6 g(h) represents the risk premium, that is, the increase in the
expected rate of return due to an increase in the variance of the return. Existence of

risk premia in foreign exchange markets and the term structure of interest have been
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studied extensively. Most of the earlier studies concentrated on detecting a constant

risk premium.

Engle et al. (1987) presented the relationship between investor’s expected return
and risk in an ARCH framework. The ARCH in mean, or ARCH-M, model was
introduced, where the conditional mean is an explicit function of the conditional
variance of the process in ARCH framework. The estimated coefficient on the
expected risk is a measure of the risk-return tradeoff. Thus, the ARCH regression

model can be presented as:

y,=x,'-,6'+¢(h,)+s, (3.34)
g1, ~ flon] (3.35)
B = g(h,f/,z,hf/;,...,-s,_,,s,_z,...,-u,_,,u,_z,...) (3.36)

where ¢(h,) represents the risk premium, i.e. the increase in the expected rate of return
due to an increase in the variance of the return. Although earlier studies concentrated
on detecting a constant risk premium, the ARCH in mean model provided a new

approach by which a time varying risk premium can be estimated.

The most commonly used specifications of the ARCH-M model are in the form:

¢(ht) = ¢, +c,-h, (Nelson (1991), Bollerslev et al. (1994)) (3.37)

#(h)=c,+c, /% (Domowitz, Hakkio (1985), Bollerslev et al. (1988)) (3.38)

1

¢(h)=c,+c,-log(h) (Engleetal. (1987)) (3.39)

A positive as well as a negative risk return tradeoff could be consistent with the
financial theory. A positive relationship is expected if we assume a rational risk averse
investor who requires a larger risk premium during the times when the payoff of the
security is riskier. On the other hand, a negative relationship is expected under the
assumption that during relatively riskier periods the investors may want to save more.
In applied research work, there is evidence for both positive and negative relationship.
French et al. (1987) found positive risk return tradeoff for the excess returns on the

S&P500 composite portfolio although not statistically significant in all the examined
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periods. Nelson (1991) found a negative but insignificant relationship for the excess
returns on the Center for Research in Security Prices (CRSP) value weighted market
index. Bollerslev et al. (1994) found a positive, not always statistically significant,
relationship for the returns on Dow Jones and S&P500 indices. Interesting studies
employing the ARCH-M model were conducted by Devaney (2001) and Elyasiani and
Mansur (1998). The former examined the tradeoff between conditional variance and
excess returns for stocks of the commercial bank sector, while the latter investigated

the time varying risk premium for real estate trusts.
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3.3.2 Multivariate Case

While volatility clustering, fat tails and skewness were also ‘univariate features’,
the multivariate analysis adds the additional challenge of the time-varying
correlations. This last issue is important; see, for example, Longin and Solnik (1995)
who show that markets become more closely related during periods of high volatility
(i.e. when accurate VaR forecasts are most needed), or more recently Brooks and

Persand (2000) for an application of VaR during market crashes.

All the ARCH models that have been discussed till now are univariate.
However, assets and markets affect each other not only in terms of expected returns
but also in terms of volatility. Thus, the accurate estimation of time-varying
correlations between asset returns has been crucial for asset pricing and risk
management. The generalization of univariate models to a multivariate context leads
to straightforward application of ARCH models to portfolio selection, asset pricing

theory and VaR consideration.

Let the (NxT) vector {y.} refer to the multivariate discrete time real-valued
stochastic process to be predicted, where E( y; I¥.; ) = p denotes the conditional
mean. The innovation process for the conditional mean & = y — p, has a (NxN)
conditional covariance matrix V(y, | ¥.1) = H; . For a system of N regression
equations, the natural extension of the univariatt GARCH model to a multivariate

framework could be presented as:

Y, =B-X +¢ (3.40)
g 1¥,, ~ f[0.H, ] (3.41)
H, g0 N ) (3.42)

where B is a N x k matrix of unknown parameters, X; a k x T vector of endogenous
and exogenous explanatory variables included in the available information set, ¥,
f(.) the conditional multivariate density function of innovation process and g(.) a

function of the lagged conditional covariance matrices and innovation process.
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3.3.2.1 Vech Representation

Engle, Granger and Kraft (1984) published the first paper on multivariate
GARCH model. They considered a bivariate ARCH model. Bollerslev, Engle and
Wooldridge (1988) originally proposed the multivariatt GARCH model in the
familiar half-vec (vech) form which provided a very general framework for
multivariate volatility models. To express H, in a vector form, the Vech notation is
recruited, which stacks the lower triangular elements of a symmetric matrix in a

column. A somewhat general form of H, can be written as:
vech(H,)=vech(Z) +Zq: A- vech(e,_,. ‘€, )+ i B, -vech(H,,) (3.43)
i=1 i=1

where ¢, =(€“,...,€M) , £ is an NxN positive definite matrix and A; and B; are

matrices with dimensions [N(N+1)/2] x [N(N+1)/2].

The two main problems concerning the specification of H;, are that it should be
positive definite for all possible realizations and some exclusion restrictions should be
imposed so that the number of parameters to be estimated is not very large. Note, that
the parameters to be estimated are N(N+1)/2 + p[N(N+1)/2]* + q[N(N+1)/2] . In the
case of two time series in the model (N=2, p=1, g=1), the bivariate case, we have

3+9+9=21 parameters.

3.3.2.2 Diagonal Vech

This form was used by Bollerslev, Engle and Wooldridge (1988) for their
analysis of returns on bills, bonds and stocks, and by Ballie and Myers (1991) and
Bera Garcia and Roh (1991) to hedge the ration in commodity markets. The diagonal
representation appears to be too restrictive, and at the same time, positive definiteness
of the resulting H, in general, is not easy to check and also difficult to impose at the

estimation stage.
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Note that in the vech representation each hy depends on lagged squared
residuals and past variances of all the variables in the system. One simple assumption
that could be made to reduce the number of parameters is to specify that a conditional
variance depends only on its own lagged squared residuals and lagged values. The
assumption amounts to taking A and B to be diagonal matrices. This representation is
similar to the vech one with the difference that the matrix A; and B; are diagonal and

the model is called Diagonal-Vech.

3.3.2.3 BEKK Representation

Baba, Engle Kraft and Kroner (1990) suggested the following parameterization,

known as the BEKK representation, which is almost guaranteed to be positive
9 P

definite: H=%+YA"¢_-c,-A+>B -H_ B (3.44)
=1 i=1

where A” and B; are N x N matrices. If T is positive definite, then so is H,. For N=2

and p=q=1, the bivariate case, we have only 11 parameters compared with the 21
parameters of the vech representation. Generally the parameters for estimation are:
Nx(N+1)/2 + pr2 +qxN? . By taking the vech of this equation, it can be shown that
under certain nonlinear restrictions on A and B this is equal with the vech

representation (see Engle and Kroner 1995).

3.3.2.4 Diagonal BEKK Representation

It is a BEKK restriction where the matrices A, B are assumed to be diagonal.
Hence there are N(N+1)/2 + pN +gN parameters for estimation. The simple bivariate

case yields 7 parameters.

3.3.2.5 Constant Conditional Correlation Model

Bollerslev (1990) introduced an attractive way to simplify H,. He assumed that

the conditional correlation matrix of ¢, = (g,,,...,sN,) is constant and expressed H; as
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H = diag(\/hl—]; R )-R-diag(\/hl_u TR ) (3.45)

where R is the time invariant correlation matrix.

For N=2, this representation takes the form

Jhs 0[1 p]\/;‘; 0
e
0 Jh, |lp 1o n,

where lpl<l is the correlation coefficient between €, and €, and the individual

(3.46)

variances hy and hy,, are assumed to be standard univariate GARCH(p,q) processes.
However, it is quite obvious that constant correlation is a strong assumption.

Bera and Roh (1991) among others suggested a test for the constant correlation

hypothesis and found that the null hypothesis is rejected for any financial data series.

3.3.2.6 Dynamic Conditional Correlation Model

Engle and Sheppard (2001) developed the theoretical and empirical properties of
a new class of multivariate GARCH models capable of estimating large time-varying
covariance matrices, Dynamic Conditional Correlation Multivariate GARCH, which
was proposed by Engle (2001). They showed that the problem of multivariate
conditional variance estimation can be simplified by estimating univariate GARCH
models for each asset, and then, using standardized residuals resulting from the first
stage, estimating a conditional correlation estimator. The standard errors for the first
stage parameters remain consistent, and only the standard errors for the correlation

parameters need be modified.

The multivariate GARCH model proposed assumes that returns from k assets
are conditionally multivariate normal with zero expected value and covariance matrix

H.. The returns can be either mean zero or the residuals from a filtered time series.

The DCC model, applied to the residual series g, of the first moment models, is

given through the following equations:
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gI¥,,~N,(0H,) (3.47)
H, =D R -D, (3.48)
where D, is the NxN diagonal matrix of time varying standard deviations from
univariate GARCH models with V[h—' on the i diagonal, and R; is the time varying

(13

correlation matrix.

The specification of the univariate GARCH models is not limited to the standard
GARCH(p,q), but can include any GARCH process with normally distributed errors
that satisfies appropriate stationary conditions and non-negativity constraints.

The proposed dynamic correlation structure is:

0 =(-a-p)-Q+ac,-,+5-0, (3.49)

R=07-0-0" (3.50)
where, a is the unconditional covariance of the standardized residuals resulting from

the first stage estimation, €* is the matrix containing the standardized residuals with

elements according to the following equation: {a'}n = {%l—}

qg, 0 0 .. 0
—_— Q:= 0 N9z o .. 0 (3.51)

0 0 0 0 g, |
so that Q. is a diagonal matrix composed of the square root of the diagonal elements

qijt
q;-4 i

of Q.. The typical element of R, will be of the form Py = (3.52)
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3.4 Distribution Functions

Many analysts have given rise to a very special field of econometric modelling;
that is the distributional assumptions for modelling risk. According to the literature as
well as to our empirical findings, the phenomena of leptokurtosis and skewness are
present, giving rise to distributional forms that consider these characteristics. Below

we present the distributional forms considered to this dissertation.

3.4.1 Normal Distribution

The most well known distribution is the normal and this comes from the fact
that the properties and the asymptotic theories, the Gaussian process has, are widely
applicable. Thus, Engle (1982) introduced ARCH models under the assumption of
conditional normality. The probability distribution function of a normal variable &

with mean zero and variance h, is given by:

1 2
I (8,/‘P,_,)=ﬁ-ﬁ-exp(— ;’h] (3.53)

3.4.2 T-Student Distribution

Engle (1982) mentioned that other conditional error distributions could be
imposed to analyse financial time series. Bollerslev (1987) introduced the GARCH
model with the conditional errors to follow the Student-t Distribution with the degrees
of freedom, n, to be considered as a parameter to be estimated. This development
permits a distinction between conditional heteroskedasticity and a conditional
leptokurtic distribution, either of which could account for the observed unconditional

kurtosis in the data.
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Although the unconditional distribution for the residual process g in the
GARCH(p,q) model have fatter tails than the normal distribution, for many financial

time series it does not adequately account for the leptokurtosis. That is the

standardized residuals from the estimated models, z, = ¢,/ \/_, , often appear to be

leptokurtic.
Thus, the T-student GARCH model assumes that z, ~ t — student (v) (3.54)

The second and the fourth moment of this process are given below:

E(e?1¥,,)=h,, (3.55)

E(s£1¥,,)=3-(v-2)-(v-4)" -, forv>4 (3.56)

It is also well known that for reasonable high values of v, the Student-t
distribution approaches the normal distribution. However in most cases the Student-t
distribution has ‘fatter tails’ than the corresponding normal distribution. As,
Bollerslev  (1987), suggested, the T-Student distribution, captures better the
phenomenon, that empirical distributions of financial time series seem to be
leptokurtic. Hence, the T-Student conditional distribution form of the series g is given

below:

(%)
fs (St/v, ‘Pt-l) = v+l ?

rGoneeai )

forv>2  (3.57)
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3.4.3 Generalized Error Distribution

The results for another commonly used family of distributions, the GED
(Generalized Error Distribution - Harvey, Box and Tiao) are more encouraging. The
GED includes normal as a special case, along with many other distributions, some
more fat tailed than the normal (e.g. the double exponential), some more thin tailed

(e.g. the uniform). If the distribution of {&;} is a member of this family and is not too

fat tailed, and if Z B’ <o, then {h;} and {e.} have finite unconditional moments of

i=/

arbitrary order.

The GED conditional distributional form of the residual series g, with mean zero

and variance ht, is given by the following equation:

v

1 e,
V-exp -E.\/h—.ﬂ
f.(em)= = ~ /. o<g<mand0<v <o (3.58)
1+—
Jh -2 "J-r(l)-z
v
: : 2 (1 3
where I' (.) is the gamma function, A= /2" -T'| - {/T"| — (3.59)
v %

and v is a tail-thickness parameter. When v=2, the residuals & have a standard normal
conditional distribution. For v<2, the distribution has thicker (fatter) tails than the
normal (e.g., when v=1, g has a double exponential distribution) and for v>2, the
distribution of € has thinner tails than the normal (e.g., for v=c, & is uniformly

distributed on the interval [-3"2, 33)).

3.4.4 Skewed T-Student Distribution (Hansen, 1994)

Many applications have ignored higher-order features of the conditional
distribution, and the reason for this may be that only the conditional mean and
variance generate significant excitement. But this lack of excitement does not imply

that higher-order features should be completely ignored. First, efficient estimation of
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the equations for the conditional mean and variance require a complete description of
the conditional distribution. Second, the aim of the conditional models is often
prediction, and the accuracy of predictive distributions is critically dependent upon
knowledge of the correct conditional distribution for the normalized error. Third,
empirical models of asset pricing are incomplete unless the full conditional model is
specified. Full specification may be especially important in the context of option
pricing, where the price is determined by no just the conditional mean and variance,

but more complicated functions of the conditional distribution.

The Student-t is a fairly restrictive family, only allowing for variation in the
location, scale, and tail thickness. To allow for a richer set of behaviors, it is required
a more flexible family of probability densities. A minimal desirable extension is to
allow for skewness. In order to keep in the ARCH tradition, it is also important to
have density functions which can be easily parameterized so that the innovations are
mean zero and unit variance. Otherwise, it will be difficult to separate the fluctuations
in the mean and variance from the fluctuations in the shape of the conditional density.

Hansen (1994) considered a skewed T distribution, which is applied in the

residuals g, of the first moment models, yielding:

,

g (a,/n, /1) = . : y (3.60) where

A
b| & +a
1 (/\/h_,J £. a
b-c-|1+ . ol 2-—
n-2 1+ N

I".

2 <n<ow, and -1 < A < 1. For computation purposes we adopt the logistic
transformation to the degrees of freedom and the coefficient of skeweness:
(v-1)

————. Even if x is allowed to vary over the entire real line, x will be
I+exp (-x,)

x:=L+

constrained to lie in the region [L, U].
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The constants a, b and c are given by:

a=4-/1-c~(n—_2) 3.61)

n_

b’=1+3-2*-a° (3.62)

)
Fea(]

respectively.

) (3.63)

Cc=

This skewed student-t distribution specializes to the student-t distribution by

setting A = 0.

Inspection of the density function reveals that the density is continuous, and has
a single mode at -1/b, which is of opposite sign with the parameter A. Thus, if A > 0,
the mode of the density is to the left of zero and the variable is skewed to the right,

and vice-versa when A < 0.

3.4.5 Skewed T-Student Distribution (Giot & Laurent, 2000)

Fernandez and Steel (1998) proposed an innovative way to transform a
symmetric distribution into a skewed one. Thus, if we consider a univariate pdf f(x),
which is unimodal and symmetric around O, then the skewed distribution of the

random variable x, with coefficient of skewness indexed by a scalar 710 O <y<o)is:

- { f(%)-lw_m (X)+F(x7) 1., (x)} (3.64)

y+=
y

2

p(xl}/)=

The key point of this method is the introduction of inverse scale factors in the

positive and the negative case. For y=1 there is no skewness in the distribution. i.e.

P(x=01y) |,
—=}/
P(x<0ly)

'Y The skewness is defined as
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p(xty=1) = f(x), from which it is clear that y controls the allocation of mass to each
side of the mode. Furthermore, the role of the parameter of skewness in the
distribution implies that p(xly) = p(-xll/y), so, that inverting y produces the mirror

image around O.

The approximations for skewed distributions according to Hansen (1994) and
Paolella (1997), allows the introduction of skewness in any continuous unimodal and
symmetric (about 0) distribution f(.) by changing the scale at each side of the mode.
The main drawback of this density is that it is expressed in terms of the mode and the
dispersion. In order to keep in the ARCH ‘tradition’, Lambert and Laurent (2001) re-
expressed the skewed student density in terms of the mean and the variance, i.e.
reparametrize this density in such a way that the innovation process has zero mean and
unit variance. Otherwise, it will be difficult to separate the fluctuations in the mean
and variance from the fluctuations in the shape of the conditional density (Hansen,

1994).

The Skewed T conditional distribution of Giot and Laurent (2000), for the

residuals of the first moment model & (with zero mean and variance ht) is the

following:
| +1 f &/ o
n A f +
I“( 2 ] I 1+S [/‘/h—') m.; 7 <-Z
1 5 fr
F(g)-,/n’x(n-Z) §+2 n t .
f (s,/n,§) =k ) -
l_,(n+1) f 5(7 ]..'.m i
2 2-s h, o g, m
r(2)Jxtrd) £+h A N
2 ax(n- : K
(3.65)

where £ (£>0) is the asymmetry coefficient, and m and s? are respectively the mean

and the variance of the non-standardized skewed student defined as:
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F(nT]) pel 1
m= -(f-—) (3.66)
e v
2
2 2 'I 2
‘=8 +—-m"-1 (3.67)
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Note that the density f(.11/&,n) is the symmetric of f(.I,n) with respect to the
mean. Therefore, working with log(€) might be preferable to indicate the sign of the
skewness. Notice also that the density f{.11/,n) is the mirror of f (.I,n) with respect to
the (zero) mean, i.e. fledl/E,n)= f (-ed&,n). Therefore, the sign of log(€) indicates the
direction of the skewness: the third moment is positive (negative), and the density 1s

skew to the right (left), if log(&) > 0 (<0).

Lambert and Laurent (2000) show that the quantile function st: e Of a non-

standardized skewed student density is:

1 5 . 1
‘ E.t(%-(1+§ ),nj if a<]+§2
Sty = ; f ; (3.68)
_f.t(-;—a.(]+-§—2}n) if a21+§2

where t,, is the quantile function of the (unit variance) Student-t density. It is

straightforward to obtain the quantile function of the standardized skewed Student:

st m

St e (3.69)
m )
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CHAPTER 4

ESTIMATION METHODS

4.1 Introduction

In this chapter, we consider many alternative methods for estimating the models
of the previous chapter. In the literature, many researchers have reached this issue
from many different ways, all seeking for the most efficient estimator. One of the
most widely used methods is the Maximum Likelihood Estimator, where the
assumption of normality of the data is too restrictive. On this direction, the attractive
method of the Quasi-Maximum Likelihood Estimator, gives rise to many statistical

properties, offering the advantage of parsimony.

4.2 Maximum Likelihood Estimation

Assuming that the observations follow a normal distribution with mean zero and

variance h, the log-likelihood function can be written as:

1 1 . 1
l,=-5-log(2-7r)—5-(sf-h,’)-5~log(h,) 4.1

The joint density is the product of all the conditional densities and, therefore, the

log-likelihood is:

T T T
I=log(L)=1log([] L )= log(L)=D1 4.2)

t=] =1

Maximization of the log-likelihood function of an ARCH model requires the

calculation of the partial derivatives with respect to the parameters:
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2
=__!._% & (4.3)
2-h 0a \ h

2
The Hessian matrix is: H= ax
Oa-0a’

4.4)
So, the Information matrix (I) is:

(1 o
—\ 2-h} da' éa

I = -E(Hessian) = = = 4.5)

The M.L.E. for the ARCH regression model is following:
The log-likelihood function is defined as in equations (4.1) and (4.2)

Maximization is attained by differentiation:

a, o

ﬁ—ﬁ(-—log(br) log(h) L (Z)J

3

(4.6)

h  2-h 0B

T

X on, (&
ot _‘(%—]) since:g,=y,-x -

3

Hessian = !

v, 2
AL Iz.fr_.ﬁ}i..a_}i_ (4.7)
ko 2-k h \3p)\0B
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Fisher information matrix:

1= —E[Hessian]
I=-E[ L mf,_,]
380
1 & (4.8)
=7 Z[ }
_]_
T

"2w o) \op
1 < . 1 oh oh

I e B (4.9)
T T h 2-h° \ OB op

In a similar fashion, the off-diagonal blocks of the information matrix can be

1 <& 1 oh oh
expressed as I , = —- e B 4.10
PR e T ;[Mf (aa)(aﬂﬂ 0

Under appropriate conditions, the estimation of o and B can be undertaken

separately without asymptotic loss of efficiency and their variances also can be

calculated separately. At the same direction, under appropriate conditions, it can be

established that the maximum likelihood estimators & and ,/é are asymptotically

normally distributed with limiting distribution:

VT -(a-a)—2>N(01;)) and VT -(b-b)—2>N(0,1;;) @4.11)

Consider the simple linear stationary ARCH(I) model where all x, are

exogenous. Then, the Gauss-Markov theorem applies and OLS has variance matrix:

-1
Cov=0'2'(x'-x)—l=E(8,2)~(ZT:x,'-x,) (4.12)
=]

a

0 (4.13)

The stationary variance is ¢’ = ;
-a
1

The Information matrix becomes:

2

r 2
—;— Zx x, -(h,"+2-g’hza’) (4.14)

t= t+]

The relative efficiency of MLE to OLS is, therefore,
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1+-2 2 5
= E| ——— +z.(1“' ] -E Y (4.15)
I+——-u? 4 i n.2
1-611 ! (14— _al ut-l

From Jensen’s inequality, the first term is greater than unity. The second term is
always positive, so there is a gain in efficiency (of MLE to OLS) for any value of the

parameter a. Note that for a close to unity, the gain in efficiency from using a MLE

may be very large.

In the case of the CCC Multivariate GARCH model the log-likelihood to be
maximized is given below:

L(6)=- 'log(z'ﬂ)—éi(IOng,He;-H,"-g,) (4.16)

t=]

In the case of the DCC Multivariate GARCH model the log-likelihood to be

maximized is:

T
L= -éZ(N-log (2-7)+log(|H,|)+¢,-H; -8,)

t=1

= -éi(N-log(Z-n’)+log (|p.-R-D|)+¢,-D; R - D' -g,)

t=1
= _—;—ZT:(N-log (2:7)+2-log(ID[)+log (R [)+& R -27) (4.17)
=1

where ¢ =¢,-D;

The DCC model was designed to allow for two stage estimation, where
in the first stage univariate GARCH models are estimated for each residual
series €, and in the second stage, residuals, transformed by their standard
deviation estimated during the first stage, are used to estimate the parameters

of the dynamic correlation. The likelihood used in the first stage involves



replacing R; with Iy, an identity matrix of size N. Let the parameters of the
model, 0, be written in two groups (@, ¢2, ..., ®n, V) = (¢, V), where the
elements of ¢; correspond to the parameters of the univariate GARCH model
for the i™ asset series, ®; = (Qoi, 01i, P1i)- The resulting first stage quasi-log-
likelihood function is:

Ql1(¢|€,)= -—éi(N-log(Z-ﬂ)+log(IN)+2!og(lD,')+g; -D’.1,-D! .g')

t=1

] & T 5‘,2
='5'Z T.zog(z-;z)+2(log(h,.,)+h—") (4.18)
n=/ =1 it

which is simply the sum of the log-likelihoods of the individual GARCH
equations for the assets. Once the first stage has been estimated, the second
stage is estimated using the correctly specified likelihood, conditioning on the

parameters estimated in the first stage log-likelihood:

oL, (z//I;),f:,)=-éi(N-log(Z-ﬂ)+2-log(|D,

=1

)+log([R|)+5,-D;' R D' -£,)

(4.19)

-~

Since we are conditioning on ¢, the only portion of the log-likelihood
that will influence the parameter selection is log (IR,])+£,' -D'-R'-D;'-¢,, and
in estimation of the DCC parameters, it is often easier to exclude the constant terms
and simply maximize:

QL, (1// I ;},e,)= -ézr:(log (|R,|)+ g R’ 6‘:) (4.20)

=]

While the QML based inference procedures are straightforward to implement,
fully efficient Maximum Likelihood Estimates may be preferred in some situations. In
addition to the potential gains in efficiency, the exact form of the error distribution
also plays an important role in several important applications of the ARCH model,

such as option pricing and the construction of optimal forecast error intervals.
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In the case of the t-student distribution assumption, the log-likelihoods for each t

(/) and the log-likelihood (/) are given below, respectively:

‘=“g(r(%l))'l°g(r(§)] Zelog(h-7-(v-2))- b0 ( e /h J(421>
Sl i)

é'(,z:}"’g("' _,,.(v-z))-(v+1)-glog[1+ij_/—;‘—n

Under sufficient regularity conditions, the maximum likelihood estimator is

(4.22)

consistent and asymptotically normal. Unfortunately, verifying that these conditions
hold in ARCH models has proved extremely difficult in both GARCH and EGARCH
models. Weiss (1986a) developed a set of sufficient conditions for consistency and
asymptotic normality in a variant of the linear ARCH formulation of Engle. These
conditions are quite restrictive, and are not satisfied by the coefficient estimates
obtained in most studies using this form of ARCH. In the GARCH-M model, in which
conditional variance appears in the conditional mean, the asymptotics are even more
uncertain. The asymptotics of EGARCH models are equally difficult. It is assumed

that the maximum likelihood estimator is consistent and asymptotically normal.

Building on the success of the EGARCH model to represent asymmetric
responses in the conditional variance to positive and negative errors, a series of papers
have proposed other models which allow a very general shape in the conditional
variance function. Although these models are parametric, and estimated by maximum
likelihood, they are nonparametric in spirit because the shape of the conditional

variance function is largely determined by the data itself.

Some Moments for an absolute random variable x drawn from the standardized

normal distribution:
7

N Tty 1 22 +1
E(x )= IE e -dx=ﬁ-l"(-r7—) (4.23)

-a0

N"‘k

1
So, for r=1 we get: E(]x') = 2T2 T(N)= \/——Zj (4.24)
w /2
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The expectation for the absolute random variable x, drawn from the student-t
2. F( v+ 1 )
2

e

distribution is given by the equation: E(|x])= (4.25)

Nelson (1991) has shown that the expectation of the absolute value of a random

variable x drawn from the GED distribution is given by the equation:

)

E(|x|)=’7"2“r(é)

These calculations are important for the E-GARCH volatility specification.

(4.26)

The log-likelihoods for each t (I;) and the log-likelihood (I) for the GED are

given below:

/] ™ 2 1I'F &
ll—log(v)-(1+;)-log(Z)-log(l-F(;J)--z—-log(h,)-—z—- /1-\/h—, 4.27)
L I I
e -T-[log(v)-(]+—)-log (2)-log(l-r(—)n
=] 14 1%
(4.28)

(tog (1)) -5 2>

=1 [..

N|~
M"'

z\/—l

For most applications, it is very difficult to justify the conditional normality
assumption. Therefore, the log likelihood function /(8) may be misspecified. However,
we can still obtain estimates of 0, where 6=(§, y), by maximizing /(6) and such
estimators are called Quasi Maximum Likelihood Estimators (QMLE). Weiss (1986a)
was the first to study the asymptotic properties of the QMLE of ARCH models. His
important finding was that as long as the first two conditional moments are correctly

specified, £ and y will be consistently estimated even if the conditional normality
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assumption is violated. To state the asymptotic distribution of the QMLE 6= (2 , }A/ )

et gl [L} K()M()ﬂ .

00-06 06 00

where, 0 is the true value of the parameter. Then under certain regularity conditions
ﬁ-(é—eo)—L>N(o,A-‘-B-A-‘) (4.30)

and consistent estimators of A and B are:

2 a1,(8) | a, () 3

g’()

00 06

'~]|»—t
'~]|n—t

Robust inference about 6 can be achieved using this result. If the normality

~-1

assumption is correct, A=B and valid inference can be drawn using either A or

~ -1

B as the covariance matrix estimator.

Bollerslev and Wooldridge (1992) generalized the univariate ARCH results of
Weiss (1986a) to the multivariate GARCH case under a different set of regularity
conditions. Although the specification of a univariate ARCH model in Weiss (1986a)
was very general, he assumed a finite fourth moment of the error term. Bollerslev and
Wooldridge (1992) did not assume finiteness of the fourth moment, but instead, they
required 1¢(0) and its derivatives to satisfy a uniform weak law of large numbers which

are not easy to verify.

Lumsdaine (1991) established the consistency and asymptotic normality of the
QMLE of the GARCH(1,1) and IGARCH(1,1) models under a different set of

assumptions. Her basic conditions are:

E %-hf‘ « and E LB ALY h,‘2 < that are easy to verify.
o6 26 ) \ 86

In terms of the standardized residuals z, = &, / \/h—, , Lumsdaine’s assumptions are

that ¢, are conditional IID and drawn from a symmetric and unimodal density with 32
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finite moments. Lee and Hansen (1991) obtained similar results under the somewhat
weaker condition that the standardized residual process z, is stationary and ergodic
with a bounded fourth conditional moment. Lumsdaine and Lee and Hansen showed
that the QMLE for the IGARCH(1,1) model has the same asymptotic distribution as
that of the GARCH(1,1) model. This result is important because it establishes that the

difficulties of the unit root model are not encountered with IGARCH.

Lee (1991) extended all these asymptotic distribution results to the
GARCH(1,1)-M and IGARCH(1,1)-M models. As discussed in Lee (1991), these
models pose additional difficulties because unlike the GARCH model, the conditional
variance of a GARCH-M model is a nonlinear difference equation. To avoid the
difficulties associated with nonlinear difference equations, Lee used the fact that at the

true parameter value, h, is a linear difference equation.

Engle and Gonzalez-Rivera (1991) pointed out that although the QMLE is
consistent and asymptotically normal, it can be inefficient. They demonstrated that the
loss of efficiency due to misspecification could be severe when the true distribution is

asymmetric and a normal quasi likelihood function is used.

4.3 Semiparametric Estimation

As an alternative to maximum likelihood, a semiparametric density estimation
technique could be used in approximating f(e,). By avoiding any specific distributional
assumption, semiparametric density estimation gives an added flexibility in the
specification. Of course, compared to full information maximum likelihood with a
correctly specified density, the semiparametric approach invariably involves a loss in
asymptotic efficiency. However, with markedly skewed distributions the efficiency of
the semiparametric estimator compares favorably with the QMLE obtained under the

assumption of conditional normality (Engle and Gonzalez-Rivera 1991).

Another attractive way to estimate ARCH models without assuming normality is

to apply the generalized method of moments (GMM) approach as advocated by Rich,
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Raymond and Butler (1991). For simplicity, consider an ARCH(1) model and define

the following two errors:

8, Sy ik (4.32)
v=¢'—a,—a, &,
and =(y, i -f)' & Al -(y,_l 118y -f)z (4.33)
Then the GMM estimator is obtained from the following two moment
conditions:

E(, I‘I’,) =0 and E(v,| ‘P,) =0, where, Z; is a set of predetermined variables.

Weiss (1986a) and Pantula (1988) studied the asymptotic properties of least
squares estimators (OLS) which also do not require a normality assumption. They
proved the consistency and asymptotic normality of such estimators. However, as can
be expected, least squares estimators are less efficient than GMM estimators and
MLE’s with correct likelihood function. It would be interesting to compare the finite

sample properties of all of these estimators.
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CHAPTER §

RISK

5.1 Introduction

In our thesis we concentrate on Market Risk. It should be recognized, however,
that this is only one of the many sources of financial risk facing corporations. As a
matter of fact, the tremendous growth of trading activity and the trading loss of well-
known financial institutions (see Jorion 1995, for a brief history of these events) have
led financial regulators and supervisory committee of banks to favour quantitative

techniques which appraise the possible loss that these institutions can incur.

5.2 Market Risk

Generally, financial risks are classified into broad categories of market risks,
credit risks, liquidity risks, operational risks, and legal risks”, according to the
following graphical illustration:

Figure 5.1 Financial Risk and its divisions

B
g

DRERATIOHAL LOUEXTY
RS R

" For a good classification of financial risks, see the OCC Banking Circular (1993) on the risk
management of financial derivatives.
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Market risks arise from changes in the prices of financial assets and liabilities
(or volatilities) and are measured by changes in the value of open positions or in
earnings. Market risks include basis risk, which occurs when relationships between
products used to hedge each other change or break down, and gamma risk, due to
nonlinear relationships. (Holders of large positions in derivatives have been hurt by

basis and gamma risk, even though they thought they were fully hedged).

Market risk can take two forms: absolute risk, measured by the loss potential in
dollar terms, and relative risk, relative to a benchmark index. While the former
focuses on the volatility of total returns, the latter measures risk in terms of tracking

error or deviation from the index.

Credit risk arises when counterparties are unwilling or unable to fulfill their
contractual obligations. Its effect is measured by the cost of replacing cash flows if the
other party defaults. More generally, credit risk can also lead to losses when debtors
are downgraded by credit agencies, usually leading to a fall in the market value of
their obligations. Note that potential losses on derivatives if counterparties default are
much lower than notional amounts (face value). Instead, the loss is the change in the
value of the position, if positive when a default occurs. In contrast, corporate bonds
and bank loans are exposed to the loss of the whole face value. In case of default,
hapless investors can receive only cents on the dollar, sometimes after year of

litigation.

Credit risk also includes sovereign risk. This occurs, for instance, when
countries impose foreign-exchange controls that make it impossible for counterparties
to honor their obligations. Whereas default risk is generally company specific,

sovereign risk is country specific.

Credit risk takes the form of presettlement risk, described previously, and
settlement risk. The latter refers to the possibility that a counterparty might default on
a contract after one party has already made payment. This possibility is very real for
foreign exchange transactions, where payments may be made in the morning in

Europe against delivery in America later. Indeed, when Herstatt Bank went bankrupt
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in 1974, it had received payments from a number of counterparties but defaulted
before payments were made on the other legs of the transaction, thus potentially
destabilizing the global banking system. This bank failure was the impetus for the
creation of the BASLE COMMITTEE, which was 20 years later, promulgated capital

adequacy requirements.

Managing credit risk has both qualitative and quantitative aspects. Determining
the creditworthiness of a counterpart is the qualitative component. Recent advances

have led to quantitative assessment of credit risk.

Operational risks refer to potential losses resulting from inadequate systems,
management failure, faulty controls, fraud, or human error. This includes execution
risk, which encompasses situations where trades “fail” to be executed, sometimes
leading to costly delays or penalties, or more generally, any problem in back-office
operations, which deal with the recording of transactions and reconciliation of
individual trades with the firm’s aggregate position. Operational risk also includes
fraud, situations where traders intentionally falsify information, and technology risk,
which refers to the need to protect systems from unauthorized access and tampering.
Other examples are system failures, losses due to natural disasters, or accidents
involving key individuals. The best protection against operational risks consists of
redundancies of systems, clear separation of responsibilities with strong internal
controls, and regular contingency planning. Valuation issues also create potential
operational problems. Model risk is the subtle danger that the model used to value
positions is flawed. Traders using a conventional option pricing model, for instance,
could be exposed to model risk if the model is misspecified or if the model parameters

are erroneous.

5.3 Value at Risk:

Value-at-Risk has become one of the most sought-after techniques as it provides
a simple answer to the following question: with a given probability (say a), what is the

predicted financial loss over a given time horizon? The answer is the VaR at level q,

53



which gives an amount in the currency of the traded assets (in dollar terms, for

example) and is thus easily understandable.

According to Jorion (1995), there are several ways for VaR estimation, as

illustrated in the following table:

Table 5.1 VaR Evaluation Approaches

' P*Pvfoaf:hesm Measuring ]

‘Falk vahation

The delta-normal method assumes that all asset returns are normally distributed.

As the portfolio is a linear combination of normal variables, it is also normally

distributed.
N
&l = Z Wi il (5.1
i=1
N *
Var(gp,wl) b Va’[z Wis 'gml) =W, L, W, (3.2)
i=1

Thus, risk is generated by a combination of linear exposures to many factors that
are assumed to be normally distributed and by the forecast of the covariance

matrix Z,,,. This method involves a local approximation to price movements. It can

accommodate a large number of assets and is simple to implement. Within this class
of models, two methods can be used to measure the variance-covariance matrix X. It
can be based solely on historical data, using, for example, a model that allows for time
variation in risk — GARCH models. Alternatively, it can include implied risk measures
from options. Or it can use a combination of both. Many empirical findings conclude

that option-implied measures of risk are superior to historical data, but are not
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available for every asset or pair of assets. The delta-normal method can be subject to a
number of criticisms. First, it accounts poorly for event risk. This refers to the
possibility of unusual or extreme circumstances such as stock market crashes or
exchange rate collapses. The problem is that event risk does not occur frequently
enough to be adequately represented by a probability distribution based on recent
historical data. This is a general shortcoming of all methods using historical series. A
related, second problem is the existence of “fat tails” in the distribution of returns on
most financial assets. These fat tails are particularly worrisome precisely because VaR
attempts to capture the behavior of the portfolio return in the left tail'2. With fat tails
(kurtosis>3), a model based on normal approximation underestimates the proportion
of outliers and hence the true VaR. Third, the method inadequately measures the risk
of nonlinear instruments, such as options or mortgages. Under the delta-normal
method, option positions are represented by their “deltas” relative to the underlying

asset, that 1s the first derivative of option prices with respect to spot prices.

The main drawback of the delta-normal method is that all risk types except delta
risk are lost. In principle, one could add terms to capture gamma and vega risks,
which are additional terms in the ‘Taylor’ expansion: dc = AdS + 0.5 S* + A do
+..., where A, I" and A are the net values for the total portfolio of options, which are
all written on the same underlying asset. Actually, as can be seen by the previous
equation I is the second derivative of the option price with respect to the spot prices
and A is the first derivative of the volatility with respect to the spot prices. Indeed, the
1995 Basle proposal recommends, “At a minimum, internal risk measurement systems
should incorporate option price behavior through a nonlinear approximation approach

involving higher-order risk factor sensitivities (such as gamma)”.

The historical-simulation method provides a straightforward implementation of

full valuation. It consists of going back in time, such as over the last 90 days, and
N

applying current weights to a time series of historical asset returns: ¢, = Z L G
i=]

with T = 1,...,t. Note that the weights w, are kept at their current values. This return

does not represent an actual portfolio but rather reconstructs the history of a

' For long trading positions. In the case of short trading positions we are interested in the right one.
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hypothetical portfolio using the current position. More generally, full valuation may
require a set of complete prices, such as yield curves, instead of just returns.

Hypothetical future prices for scenario t are obtained from applying historical changes

in prices to the current level of prices: P, =P, +AP_, where i=l, ..., N. A new

portfolio value P, is then computed from the full set of hypothetical prices, perhaps

incorporating nonlinear relationships. Note that, to capture vega risk, the set of prices

can incorporate implied volatility measures. This creates the hypothetical return

»

P _-P
corresponding to observation T: R, | =( Erpn % . VaR is then obtained from the
p,0

entire distribution of hypothetical returns. Alternatively, one could assume normality
and rely on the variance to compute the VaR. As it is known, smoothing the
distribution using a normal approximation decreases the effect of irregularity in the
distribution due to sampling variation. This provides more precise estimates of VaR as
long as the actual distribution does not differ too much from the normal. This method
is relatively simple to implement if historical data have been collected in-house for
daily marking to market. The same data can then be stored for later reuse in estimating
VaR. As always, the choice of the sample period reflects a trade-off between using
longer and shorter sample sizes. Longer intervals increase the accuracy of estimates
but could use irrelevant data, thereby missing important changes in the underlying
process. The method also deals directly with the choice of horizon for measuring VaR.
Returns are measured simply over intervals that correspond to the length of the
horizon. For instance, to obtain a monthly VaR, the user would reconstruct historical
monthly portfolio returns over, say, the last five years. By relying on actual prices, the
method allows nonlinearities and non-normal distribution. Full valuation is obtained
in the simplest fashion: from historical data. The method captures gamma, vega risk,
and correlations. It does not rely on specific assumptions about valuation models or
the underlying stochastic structure of the market. It accounts for “fat tails” and, since
it does not rely on valuation models, is not prone to model risk. The method is robust
and intuitive and, as such, forms the basis for the Basle 1993 proposals on market

risks.
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Stress Testing takes a completely opposite approach to the historical simulation
method. This method, sometimes called scenario analysis, examines the effect of
simulated large movements in key financial variables on the portfolio. It consists of
subjectively specifying scenarios of interest to assess possible changes in the value of
the portfolio. For instance, one could specify a scenario where the yield curve shifts
up by 100 basis points (bp) over a month or a doomsday scenario where a currency
suddenly devalues by 30 percent. These are typical scenarios used by the traditional
asset liability management (ALM) approach. Specific guidelines from the Derivatives
Policy Group include:

Parallel yield curve shifting by +/- 100bp

Yield curve twisting by +/- 25bp

Equity index values changing by +/- 10 percent

Currencies moving by +/- 6 percent

Volatilities changing by +/- 20 percent of current values

The usefulness of these guidelines depends on whether they adequately represent
typical market moves. If interest rates commonly move by more than 100bp over the
period of interest, such stress tests will not be effective at identifying potential losses.
All of the assets in the portfolio are then revalued using the new environment, and the

portfolio return is derived from the hypothetical component y;; under the new

N
scenarios: £, =2wi ,"&.,- Many such exercises generate various values of gs.
i=1

Specifying a probability ps for each scenario s then creates a distribution of portfolio

returns, from which VaR can be measured.

In contrast to scenario analysis, SMC simulations cover a wide range of possible
values in financial variables and fully account for correlations. In brief, the method
proceeds in two steps. First, the risk manager specifies a stochastic process for
financial variables as well as process parameters; parameters such as risk and
correlations can be derived from historical or optional data. Second, fictitious price
paths are simulated for all variables of interest. At each horizon considgred, which can
go from one day to many months ahead, the portfolio is marked to market using full

valuation. Each of these “pseudo” realizations is then used to compile a distribution of
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returns, from which a VaR figure can be measured. The MC method is similar to the

historical simulation method, except that the hypothetical changes in prices (AP;) for

-

asset i are created by random draws from a stochastic process in: P,

e = Bo +AF .
MC analysis is by far the most powerful method to compute VaR. It can account for a
wide range of risks, and even model risk. It can incorporate time variation in

volatility, fat tails, and extreme scenarios.

It turns out that the VaR has a simple statistical definition: the VaR at level a for
a sample of returns is defined as the corresponding empirical quantile at a%. Because
of the definition of the quantile, we have that, with probability 1-a, the returns will be
larger than the VaR for long trading positions. In other words, with probability 1-q,
the losses will be smaller than the dollar amount given by the VaR. From an empirical
point of view, the computation of the VaR for a collection of returns thus requires the
computation of the empirical quantile at level a of the distribution of the returns of the

portfolio.

Most models in the literature focus on the VaR for negative returns (see van den
Goorbergh and Vlaar, 1999 or Jorion, 2000). Indeed, it is assumed that traders or
portfolio managers have long trading positions, i.e. they bought the traded asset and
are concerned when the price of the asset falls. Giot and Laurent (2003), focus on
modelling VaR for portfolios defined on long and short trading positions. Thus they
model VaR for traders having either bought the asset (long position) or short-sold it
(short positions). An asset is short-sold by a trader when it is first borrowed and
subsequently sold on the market. By doing this, the trader hopes that the price will
fall, so that he can then buy the asset at a lower price and give it back to the lender.
See Sharpe, Alexander and Bailey (1999) for general information on trading
procedures. In the first case, the risk comes from a drop in the price of the asset, while
the trader loses money when the price increases in the second case (because he would
have to buy back the asset at a higher price than the one he got when he sold it).
Correspondingly, one focuses in the first case on the left side of the distribution of

returns, and on the right side of the distribution in the second case.
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As indicated in the introduction, the long side of the daily VaR is defined as the
VaR level for traders having long positions in the relevant equity index: this is the
‘usual’ VaR where traders incur losses when negative returns are observed.
Correspondingly, the short side of the daily VaR is the VaR level for traders having
short positions, i.e. traders who incur losses when stock prices increase. How good a
model is at predicting long VaR is thus related to its ability to model large negative
returns, while its performance regarding the short side of the VaR is based on its

ability to take into account large positive returns.

The one-step-ahead VaR computed at t-1 for long trading positions is given by
,u,+za-\/h_, (5.3) when for short trading positions it is equal to ,ut+z,_a-\/—i;

(5.4) with z, being the left quantile at a% for the normal distribution and z,.4 is the

right quantile at a%.

For the t-student APARCH model, the VaR for long and short positions is given
by p, +st,, \/IZ ;and p +st, \/h_' (5.5) with sz, being the left quantile at a% for

the (standardized) student distribution with (estimated) number of degrees of freedom

n and st

1-a,n

is the right quantile at a% for this same distribution. Note that because
Zq = -Z1.¢ for the normal distribution and Sty =St _,, for the student t distribution, the

forecasted long and short VaR will be equal in both cases.

For the skewed Student APARCH model, the VaR for long and short positions
is given by p, +skst, , . \/lT and y, +skst,_,, . \[}; (5.6) with skst, , . being the left

quantile at a% for the skewed student distribution with n degrees of freedom and

asymmetry coefficient &, while, skst is the corresponding right quantile. If log(&)

1-a,n,¢&

is smaller than zero (or & < 1), Iskst, , .| > Iskst | and the VaR for long trading

1-a,n,¢&
positions will be larger (for the same conditional variance) than the VaR for short
trading positions. When log(§) is positive, we have the opposite result. Therefore, the
skewed student density distribution allows for asymmetric VaR forecasts and fully

takes into account the fact that the density distribution of asset returns can be
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substantially skewed. See for example Chen et al. (2001) for a discussion and

motivation of skewness in financial returns.

All models are tested with one-step ahead VaR level a and their performance is
then assessed by computing the failure rate of returns y,. By definition, the failure rate
is the number of times returns exceed (in absolute value) the forecasted VaR. If the
VaR model is correctly specified, the failure rate should be equal to the pre-specified
VaR level. Notice also, that since the normal distribution of the returns is under

question, the aforementioned tests might overdo for small values of a.

Kupiec test - Unconditional coverage:

T-1
Let N = ZI:» , be the number of days over a T period that the time series of
=0

the residuals of the first moment model was larger (in absolute values) than the VaR’

estimate, where:

d5 if ¢,,<VaR(long),

I, = for long trading positions and 5.7
0, if €,,2VaR(long ): y
0, if g,,> VaR(shorz‘):'+ ,

I, =1 for short trading position (5.8)
L, if ¢, < VaR(short):”

Hence, N® is the observed number of exceptions in the sample. As argued in
Kupiec (1995), the failure number (failure is the event where the financial time series
is lower than the VaR for long trading position and larger than the VaR for short
trading position) follows a binomial distribution, N® ~ Binomial (T, fr* = N%/T). At the
5% level and if T yes/no observations are available, a confidence interval for]/‘;

(failure rate) is given by:

|:]/‘;—1.96-‘/]";-(1—;‘;)/T, }?+1.96-,/Fr-(1—7r)/r] (5.9)

The pair of the null and alternative hypothesis for the following test is:

60



Hy: fr=a
H;: frfa

If we assume independence for the Bernoulli sequence I;,...It, the likelihood

under the null hypothesis is simply L(a;1,,e1;)=(1-a)" "™ (5.10) and the

Ne T-N°
( - J (5.11)

and consequently, the appropriate likelihood ratio statistic is:

likelihood under the alternative is:

L(f3hpwnly) = (1= F) - 7 {J‘ﬂ

(5.12)

likelihood (under the H 0)
LR=-2In

likelihood (under the H,)

a N a N
LR=-2.zn(aT-”".(1—a)”°)+2-1n (A;J [1(1\; D (5.13)

Asymptotically, this test is distributed as a yx*> with one degree of freedom'’.

This test can reject a model for both high and low failures but, as stated in Kupiec

(1995), its power is generally poor.

In this dissertation these tests are successively applied to the failure rate (fr) for

long trading positions and then to (frs) the failure rate for short trading positions.

All models are tested with a VaR® level a which varies from 5% to 0.25% and
their performance is then assessed by computing the failure rate for the returns y.. By
definition, the failure rate is the number of times returns exceed (in absolute value) the
forecasted VaR. This measure is also called the proportion of VaR violations, where a
VaR violation is defined as an occurrence of a market returns larger (in absolute
value) than the forecasted VaR. If the VaR model is correctly specified, the failure
rate should be equal to the prespecified VaR® level, i.e. a. In our empirical application,
we define a failure rate of fr; for the long trading positions, which is equal to the

percentage of negative returns smaller than one-step-ahead VaR for long positions

" Two outcomes -1 = 1 degrees of freedom
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il,“ (8, < VaR(long):l)

(left tail of the density distribution of the returns), i.e. = T

(5.14)

where I(.) is the indicator function and VaR; (long) is the VaR forecast at time t and

at a% for long position. Correspondingly, we define fr; as the failure rate for short
trading positions as the percentage of positive returns larger than the one-step ahead

VaR*® for short positions (right tail of the density distribution of the returns), i.e.

ZT: I (a‘, > VaR(short)f)
=]

- (5.15)

Christoffersen - Conditional coverage:

The unconditional coverage proposed by Kupiec (1995) tests the coverage of the
interval but it does not have any power against the alternative that the zeros and ones
come clustered together in a time-dependent fashion. In the test above the order of
zeros and ones in the indicator sequence does not matter, only the total number of
ones plays a role. In contrast, Christoffersen (1998) introduced a conditional coverage

test.

Of course, simply testing for the correct unconditional coverage is insufficient
when dynamics are present in the higher-order moments. The two tests presented
below make up for this deficiency. The first, tests the independence assumption
(LRinq), and the second, jointly tests for independence and correct coverage (LR..),

thus giving a complete test of correct conditional coverage.

Independence is tested against an explicit first-order Markov alternative and
following Hoel (1954) the Likelihood Ratio test of independence is asymptotically
distributed as a %> with (2-1)* = 1 degrees of freedom. This test does not depend on the

true coverage a, and thus only tests the independence part of the hypothesis.

The above tests, for unconditional coverage (LR,¢) and independence (LR;,) are

now combined to form a complete test of conditional coverage:
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L(a;1,5.01)

LR_=-2-log| —= (5.16)
L(Tis3 Ly ;)
o Ny,
—~ n., +n +
Wherehli, = 404k Uk  Rekf (5.17)

Ny n,

ROTREOY n,+n,
and nj; indicates the number of transitions of i state to j state. The LR is

asymptotically y* with degrees of freedom 2x(2-1)=2.

As pointed out from Christoffersen (1998) conditioning on the first observation,
the three LR tests are numerically related by the following identity,
LR = LRy + LRing (5.18)

Its main advantage over the previous statistic is that it takes account of any
conditionality in our forecast: if volatilities are low in some period and high in others,
the forecast should respond to this clustering event. The Christoffersen procedure
enables us to separate clustering effects from distributional assumption effects.

Another illustration of the LR, is given below:

LR = —2-lnl:(1—a)T_Na -a"¢]+2-ln[(1—ﬂol)"g° -72':':’ -(l—ﬂ'u)";’“ ﬂl"f’] ~ X

(5.19)

where n;; is the number of observations with value i followed by j for i, j=0, 1 and

Tl = (5.20)

i a
> ne
i v

are the corresponding probabilities. If the sequence of I is independent, then the

probabilities to observe or not observe a VaR" violation in the next period must be
equal, which can be written more formally as my;=n;;=a. The main advantage of this
test is that it can reject a VaR model that generates either too many or too few
clustered violations, although it needs several hundred observations in order the test to

be accurate.
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5.4 Bank for International Settlements and the Basle

The Bank for International Settlements was established in 1930. It is the world's
oldest international financial institution and remains the principal centre for
international central bank cooperation. The BIS was established in the context of the
Young Plan (1930), which dealt with the issue of the reparation payments imposed on
Germany by the Treaty of Versailles following the First World War. The new bank
was to take over the functions previously performed by the Agent General for
Reparations in Berlin: collection, administration and distribution of the annuities
payable as reparations. The Bank's name is derived from this original role. The BIS
was also created to act as a trustee for the Dawes and Young Loans (international
loans issued to finance reparations) and to promote central bank cooperation in
general. The reparations issue quickly faded, focusing the Bank's activities entirely on
cooperation among central banks and, increasingly, other agencies in pursuit of

monetary and financial stability.

Since 1930, central bank cooperation at the BIS has taken place through the
regular meetings in Basel of central bank Governors and experts from central banks
and other agencies. In support of this cooperation, the Bank has developed its own
research in financial and monetary economics and makes an important contribution to
the collection, compilation and dissemination of economic and financial statistics. In
the monetary policy field, cooperation at the BIS in the immediate aftermath of the
Second World War and until the early 1970s focused on implementing and defending
the Bretton Woods system. In the 1970s and 1980s, the focus was on managing cross-
border capital flows following the oil crises and the international debt crisis. The
1970s crisis also brought the issue of regulatory supervision of internationally active
banks to the fore, resulting in the 1988 Basel Capital Accord and its "Basel II" revision
of 2001-06. More recently, the issue of financial stability in the wake of economic
integration and globalization, as highlighted by the 1997 Asian crisis, has received a

lot of attention. Apart from fostering monetary policy cooperation, the BIS has always
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performed "traditional" banking functions for the central bank community (eg gold
and foreign exchange transactions), as well as trustee and agency functions. The BIS
was the agent for the European Payments Union (EPU, 1950-58), helping the
European currencies restore convertibility after the Second World War. Similarly, the
BIS has acted as the agent for various European exchange rate arrangements,
including the European Monetary System (EMS, 1979-94) which preceded the move
to a single currency. Finally, the BIS has also provided or organized emergency
financing to support the international monetary system when needed. During the
1931-33 financial crisis, the BIS organized support credits for both the Austrian and
German central banks. In the 1960s, the BIS arranged special support credits for the
Italian lira (1964) and the French franc (1968), and two so-called Group
Arrangements (1966 and 1968) to support sterling. More recently, the BIS has
provided finance in the context of IMF-led stabilization programmes (e.g. for Mexico

in 1982 and Brazil in 1998).

In addition to many financial disasters'* in recent years, the impetus behind
Value at Risk also came from bank regulators. In their request for a safe and sound
financial system, regulators have grown increasingly worried about the potentially
destabilizing effect of expanding trading activities of financial institutions. These
worries stem from the increased involvement of banks in the derivatives markets,
which are becoming global, more complex, and therefore are thought to run the risk of
cascading defaults. To make things worse, these instruments do not show up on

balance sheets.

The landmark Basle accord of 1988 provided the first step toward tighter risk
management. The Basle accord sets minimum capital requirements that must be met
by commercial banks to guard against credit risk. This agreement led to a still-
evolving framework to impose capital adequacy requirements against market risks. In
their later proposals, dated April 1995, central bankers implicitly recognized that risk

management models in use by major banks are far more advanced than anything they

W - Barings PLC, went bankrupt on 1995.
- Metallgesellschaft (MG), nearly nearly went bankrupt on 1993.
- Orange County declared bankruptcy on 1994.
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could propose. Banks now have the option to use their own VaR risk management
model as the basis for required capital ratios. Thus VaR is being officially promoted

as sound risk management practice.

Indeed banks have long recognized that managing financial risks is the natural
business of financial institutions. Better risk-management systems allow them to
deploy their capital more efficiently and provide a source of comparative advantage.
But this extends beyond the realm of commercial banks. Securities houses are also in

the business of managing financial risks. Here the trend is also, inexorably, to VaR.

The 1988 Basle Accord:

In the central banker quest for financial stability, a landmark financial agreement
was reached by the Basle accord concluded on July 15, 1988, by the central bankers
from the Group of Ten (G-10) countries'. The bankers announced the accord would
result in the “international convergence of supervisory regulations governing the
capital adequacy of international banks”. The main purpose of the Basle agreement
was to provide a level playing field for commercial banks by providing a minimum

standard of capital requirements that applies across member countries.

The 1988 agreement defined a common measure of solvency (the Cook Ratio)
which only covers credit risks and thus deals solely with the identity of banks’
debtors. The new ratios were fully implemented in 1993, covering all insured banks of

signatory countries.

The Basle accord requires capital to be equal to at least 8 percent of the total
risk-weighted assets of the bank. Capital, however, is interpreted more broadly than

the usual definition of equity, since its goal is to protect deposits.

'* The Basle Committee’s members are senior officials from the G-10, Belgium, Canada, France,
Germany, Italy, Japan, the Netherlands, and the United States plus Luxembourg and Switzerland, who
meet four times a year, usually in Basle under the aegies of the bank for International Settlements.
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Aware of the shortcoming of the 1988 agreement, which focused mainly on
credit risk, the Basle Committee produced a series of consultative proposals on market
risks. Eventually, these proposals will be combined with the 1988 credit risk

requirements and implemented at the end of 1997.

The April 1993 Proposals - The Standard Model (standardized method):

The first set of proposals, issued in April 1993, is based on a building block
approach. VaR is first computed for portfolios exposed to interest rate risk, exchange
rate risk, equity risk, and commodity risk, using specific guidelines. The Bank’s total
VaR is then obtained from the summation of the VaRs across the four categories.
Because the construction of VaR follows a highly structured and standardized process,

this approach is sometimes called the standard model.

The April 1995 Revision:

The Internal Model:

In April 1995, the Basle Committee came forth with a major extension of
market risk models. For the first time, it would allow banks the option of using own
risk measurement models to determine their capital charge. This decision stemmed
from a recognition that many banks have developed sophisticated risk management
systems, in many cases far more complex than can be dictated by regulators. As for
institutions lagging behind the times, this proposal provides a further impetus to create

sound risk management systems.

To use this approach, banks have to satisfy various qualitative requirements,
including regular review by various management levels within the bank and by
regulators. The latest “internal model” proposal is based on the following approach:

=  Quantitative parameters: The computation of VaR shall be based on asset of
uniform quantitative inputs:
a. A horizon of 10 trading days, or two calendar weeks

b. A 99 percent confidence interval
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c. An observation period based on at least a year of historical data and updated at
least once a quarter.

=- Treatment of Correlations: Correlations can be recognized in broad categories
(such as fixed income) as well as across categories (e.g. between fixed income
and currencies). (this is an improvement)

« Market Risk charge: The capital charge shall be set at the higher of the previous
day’s VaR or the average VaR over the last 60 business days, times a
“multiplicative” factor (hysteria factor).

= Plus factor: A penalty component shall be added to the multiplicative factor if
back-testing reveals that the bank’s internal model incorrectly forecasts risks.
The purpose of this factor is to give incentives to banks to improve the
predictive accuracy of their models and to avoid overly optimistic projections of

profits and losses due to model fitting.

To obtain total capital-adequacy requirements, banks will add their credit-risk

charge to their market-risk charge applied to trading operations.

The Precommitment Model:

The debate around the appropriate risk measurement system took another turn as
the Federal Reserve Board (1995) proposed a “precommitment” approach to bank
regulation. Under this third alternative, the bank would precommit to a maximum
trading loss over a designated horizon. This loss would become the capital charge for
market risk. The supervisor would then observe, say, after a quarterly reporting
period, whether trading losses exceed the limit. If so, the bank would suffer a penalty,
which may include a fine, regulatory discipline, or higher future capital charges.
Violations of the limits would also bring public scrutiny to the bank, which provides a

further feedback mechanism for good management.

The main advantage of this “incentive-compatible” approach is that the bank
itself chooses its capital requirement. As Kupiec and O’Brien (1995) have shown, this
choice is made optimally in response to regulatory penalties for violations. Regulators

can then choose the penalty that will induce appropriate behavior.
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This proposal has been welcomed by banking executives, who argued that this
approach explicitly recognizes the links between risk-management practices and firm-
selected deployment of capital. Bankers also feel that this approach will result I less
intrusion by regulators, as well as lower capital requirements. Critics, in contrast,
point out that quarterly verification is very slow in comparison with the real-time daily
capital requirements of the existing Basel Accord rules. Others worry that imposing a
penalty after a bank has incurred a loss could bankrupt the bank or, worse, induce it to

“go-for-broke” as it starts losing money.

The 1996 Amendment on Market Risks

In 1996, the Basel Committee amended the Basel Capital Accord to incorporate
Market Risks. This amendment, which came into force at the end of 1997, added a
capital charge for Market Risk based on either of two approaches, the standardized
method or the internal models method.

The amendment separated the bank’s assets into two categories:

Trading book: This is the bank portfolio containing financial instruments that

are intentionally held for short-term rescale and typically are marked-to-market.

Banking book: This consists of other instruments, mainly loans.

The amendment adds a capital charge for the market risk of trading books, as
well as for the currency and commodity risk of the banking book. The credit risk
charge now excludes debt and equity securities in the trading book and positions in
commodities but still includes all OTC derivatives, whether in the trading or banking
books. To obtain total capital-adequacy requirements, banks should add their credit

risk charge to their market risk charge (MRC): TRC = CRC + MRC (5.3)

The 1999 Credit Risk Revisions:

Overall, the 1988 Basel Accord was successful in stabilizing the financial
system. The accord led to substantial increases in banking Capital Ratios. While the
banking system may now have sufficient overall capital levels, glaring deficiencies

have been revealed in the allocation of this capital across Credit Risks. In response,
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Basel Committee proposed new guidelines in June 1999, which have become known

informally as Basel II.
BASEL II:

In January 2004, the Basel Committee on Banking Supervision (BCBS) and the
International Organization of Securities Commissions (IOSCO) decided to set up a
joint working group (hereafter the Joint Group) to consider the issues that could
potentially arise from implementation of the International Convergence of Capital
Measurement and Capital Standards: A Revised Framework, especially with respect to
certain aspects of the trading book. Indeed, in the process of revising the 1988
international solvency standards, the BCBS focused mainly on the assessment of
credit and operational risk, with less emphasis on the market risks, previously tackled
in the 1996 Market Risk Amendment. In comments received on the third consultative
paper on the Revised Framework (CP3), released in April 2003, many firms and
industry associations expressed concerns about potential distortions that could arise,
between banking book and trading book regimes, as a result of interpretation and/or
implementation of the Revised Framework. These concerns are magnified by the fact
that, in some jurisdictions, the Revised Framework is going to apply to both banks and
investment firms, whose activities are more focused on trading. In that respect, the
Joint Group identified three sets of issues that needed to be addressed before
implementation of the Revised Framework, in order to avoid such distortions and
create a level playing field between banks and investment firms.

These three sets of issues are:

1. Updating the treatment of counterparty credit risk arising from certain derivative
and securities financing transactions to increase consistency with the internal
rating based (IRB) approach of the Revised Framework.

2. Reviewing some aspects of the Revised Framework to align them with firms’
current practices in their trading and/or banking book. Specifically, the focus is
on the treatment of double-default effects on hedged exposures and the maturity
adjustment for short-term transactions in the IRB approach.

3.  Revising some aspects of the current trading book treatment to adapt it to the

Revised Framework or to the recent developments observed in trading activities.
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This third set of issues also includes some clarifications on the Revised

Framework like the treatment of unsettled and failed trades.

As a first step, the Joint Group launched, in July 2004, a survey of banks’ and
investment firms’ trading books. Indeed, considering the growth and development of
financial markets, the extent of innovations in those markets, and improvements in
risk management techniques since the implementation of the Market Risk
Amendment, in 1996, as well as the growing complexity of trading book activities, the
Joint Group deemed it appropriate to review the risk-sensitivity and level of capital
required under the current trading book regime. In this survey, special emphasis was
placed on:

1. Further clarifying the intent-based definition of the trading book, as set forth in
the Revised Framework;

2. Understanding the range of practices across firms for translating applicable
accounting and regulatory capital standards into internal policies and procedures
relating to the inclusion and treatment of positions in the trading book;

3.  Considering the risk-sensitivity of the current VaR-based and standardized
trading book regime;

4.  Better understanding valuation methodologies and adjustments across firms,
including interactions with applicable accounting standards, their interpretation,
and their implementation in practice;

5. Evaluating the adequacy of capital treatment for less liquid positions currently

held in trading book.

To achieve this objective, the trading book survey was divided into three
sections. The first section aimed to identify criteria for determining suitability for
market risk treatment. The second section was intended to take stock of firms’
practices for the valuation and risk measurement of trading book positions. The third
section was more specifically directed to the treatment, for risk management purposes,
of counterparty credit risk issues related to repo-style transactions, securities

financings, unsettled trades, and credit derivatives.
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A total of 47 banks, investment banks and investment firms across the G10

countries provided detailed responses to the survey.

In June 2004, the Committee published the document "International
Convergence of Capital Measurement and Capital Standards, a Revised Framework"
(widely known as Basel II). While this revised Framework has been designed to
provide options for banks and banking systems world-wide, the Committee
acknowledges that moving towards its adoption in the near future may not be the first
priority for all supervisors in all non-G10 countries in terms of what is needed to
strengthen their supervision. Furthermore, the IMF and World Bank are of the view
that future financial sector assessments will not be conducted on the basis of adoption
of or compliance with the revised Framework if a country has not chosen to
implement it. Rather, assessments will be based on the adequacy of the
regulatory/supervisory standards adopted by the respective country and the country's
performance relative to the chosen standards, consistent with the requirements of the
Basel Committee's Core Principles for Effective Banking Supervision ("BCP,
September 1997").

Basel I aims to build on a solid foundation of prudent capital regulation,
supervision, and market discipline, and to enhance further risk management and
financial stability. As such, the Committee encourages each national supervisor to
consider carefully the benefits of the new Framework in the context of its own
domestic banking system and in developing a timetable and approach to
implementation. Given resource and other constraints, these plans may extend beyond
the Committee’s implementation dates. That said, supervisors should consider
implementing key elements of the supervisory review and market discipline
components of the new Framework even it the Basel II minimum capital requirements
are not fully implemented by the implementation date. National supervisors should
also ensure that banks that do not implement Basel II are subject to prudent capital

regulation and sound accounting and provisioning policies.

Many national supervisors who are not represented in the Committee have

already begun to evaluate the suitability of the new Framework for banks in their
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jurisdiction and plan for the transition to Basel II. In order to further this process, the
Committee convened a Wprking Group largely comprised of members from non-G10
countries to assess the issues involved in implementing Basel II, to help them decide
whether and when to implement Basel II, and to provide practical suggestions to
supervisors for the transition to the new Framework. The Working Group undertook
this work during the first half of 2003. A number of those suggestions are summarized
in this discussion document. Although the document has been largely informed by the
experiences of the particular members of the Working Group, the guidance is not
focused on any country or particular type of banking system. Rather, the document
offers suggestions that can be adapted for use in different jurisdictions; it may also
serve as a basis for discussion between supervisors and the banking industry. The

document is not intended to be an interpretation of Basel I rules.
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CHAPTER 6

APPLICATION

6.1 Introduction

At this chapter there are considered eight financial indices from
American, European and Asian Financial Markets, as presented in chapter
two, in order to apply the models for the mean and the volatility, for both the

univariate and the multivariate case. Then, we examine the standardized errors
z, = g,/,/h, for autocorrelations, and particularly the squared standardized

errors, where no autocorrelation was found; a result which supports the
adequacy of the GARCH processes that have been applied. Furthermore, we
extend our analysis and apply these empirical results for the VaR evaluation,
where the Kupiec and Christoffersen tests determine which of the Volatility
models is appropriate. Finally, we attempt a comparison between the volatility
specification and the distributional form, according to their goodness of fit.
The results give light to the superiority of the more complex volatility
functions, 1.e. E-GARCH and AP-GARCH, and the distributions that account

both for the kurtosis and the skewness of the data.

6.2 Modelling the Mean

The objective aim of this part of the analysis is to eliminate any serial
autocorrelation in the return series according to the non trading effect and the non-
synchronous trading effect. We examine the autocorrelation (for details see Ljung and
Box (1978)) for the residuals ¢, of the first moment model, their absolute values and
their squared values, as it is an interesting way to show the second moment correlation

structures of the data, and so the importance of GARCH models. In Tables 6.1 to 6.8
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of the appendix, are presented the autocorrelation function for 30 lags of the actual,
the absolute and the squared values of the residuals g, of the first moment models for
the eight Indices. The same results are illustrated in Figures 6.1 to 6.8, containing the

appropriate confidence limits, that are not constant as in the case of the White Noise

(equal to +2- %ﬁ; ), but with a widening16 as the lags become larger. It is obvious

that the residuals (g) of the first moment models of all the examined indices, except
the ASE one, are auto-correlated, but on top of that, the absolute and squared values
of g suffer from high autocorrelations and high partial autocorrelations, indicating an
important and significant autocorrelation structure of the second moment of the

process g for all indices.

Next we follow the standard Box-Jenkins methodology, which is taken place in
order to eliminate any serial autocorrelation. This analysis is appropriate for modelling
the mean of the returns. The results for all the filtered return series are presented in
Tables 6.9 to 6.15 while the results for the residuals are illustrated in Figures 6.9 to
6.15. Note that the ASE returns do not need to be filtered, and consequently they are
not presented in this analysis of the mean. According to our analysis, the
Autoregressive model of order two is appropriate for the mean equation of Nikkei 225
Index, while the autocorrelation plots of the other series (Dow Jones, Nasdaq, S&P
500, CAC 40 and FTSE 100) show that the residual series and the squared residuals
are autocorrelated. We will try to model these residual series with time varying

models to eliminate the autocorrelation.

6.3 Volatility Models and Value at Risk

Univariate case
At this point we try to present the main results in a reasonable sequence,
including some comparative tables, in order to make interpretation easier. We

start with normal conditional distribution for each volatility specification and

' This is the Barttlet’s approach, which calculates standard error using an approximation that is
appropriate when the series represents a moving average process of order k-1. With this method
standard errors grow at increasing lags.
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continue on with the rest distributions (the Student-t, the GED and the
skewed-t of Hansen (1994) and Laurent & Giot (2001)).

Firstly in Tables 6.16 to 6.31 of the appendix we present the parameters
of the Volatility models (with their standard errors and consequently their
robust t-statistics according to the asymptotic theory discussed earlier in
Chapter 4), as well as the p-values of the Kupiec and Christoffersen tests for
long and short trading positions.

From our empirical results (presented at the aforementioned Tables of
the appendix), the parameters tend to be significant at 5% statistical
significance level, in the cases where asymmetry volatility specifications and
asymmetry distributions are recruited. Thus, the asymmetry in both volatility
and distribution specifications, seems to be a decisive factor for modelling
financial time series.

Another useful result derived from the aforementioned tables, is that the
parameter ‘B’ of the volatility functions seems to be close to unity, indicating
a long memory process with high persistence to shocks. In this direction the
parameter ‘0’ of the AP-GARCH volatility function is close to two, and below
two when the skewed T distribution is considered, indicating that there is
substantially larger correlation between absolute returns than between squared
returns. This is a stylized fact of high-frequency financial results (often called
‘long memory’), according to Giot and Laurent (2003).

In Figures 6.16 to 6.31 of the appendix are illustrated the Value at Risk
graphs for 5%, 2.5%, 1%, 0.5% and 0.25% level for the filtered returns (the
residuals g, of the first moment model) of the examined Indices and for the
examined model specifications.

According to Kupiec and Christoffersen tests, under the Normal Distribution the
AP-GARCH model captures better'’ the characteristics of the data, since it gives more
accurate results. Note also that for long trading positions the above tests overdo with
respect to short trading positions, and this flows out, probably, from the existence of

skewness in the data.

' Note that it is not defined always, because in some cases the Likelihood Ratio Statistic of the Kupiec
or Christoffersen test is difficult to be computed
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The same conclusions are derived when we use other symmetric
distributions (such as the T-student Distribution or the GED), or the skewed T
distribution. The models that capture the asymmetry in volatility seem to be
preferable. If we compare the distributions’ performance we will conclude that
the Skewed T distribution is better in capturing the structure of the data, since
it considers their asymmetry. By applying skewed distributions, there is no
relative efficiency for long trading positions compared with short trading
positions.

The leverage effect (bad news at present tend to have bad impacts on the
future, i.e. negative returns today tend to increase the volatility of the next
day) seems to be a significant factor in determining the time-varying volatility
processes.

The T-GARCH specification has the advantage of the time varying
leverage effect, since it does not capture the phenomenon with a single fixed
parameter. The leverage effect is explained as a time varying phenomenon and
seems to be statistical significant at 5% significance level for all of the eight

Indices considered in this dissertation.

On the other hand, the E-GARCH specification suggests that the leverage
effect:
# s statistical significance at 5% significance level for the Normal case
except from the ASE Index where it is not significant
= |is statistical significant for the T-Student distribution for all of the
examined Indices.

= |s statistical significant for the Generalized Error Distribution for all of

the examined Indices

On the other hand, although that the GJR specification tracks out the
leverage effect, it is not significant at 5% significance level.
Furthermore, the AP-GARCH specification captures the leverage effect
approximately in the whole study. Particularly, the leverage effect:
= js captured in the case of the Conditional Normal distribution, with

insignificant parameters only in the case of the ASE
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is present in the case of the Conditional T-student distribution

# is present in the case of the Conditional Skewed T-student distribution
of Hansen

< 1s present in the case of the Conditional Skewed T-student distribution

of Giot and Laurent, except for the case of the FTSE 100 Index

For all of the estimated models, the degrees of freedom of the T-student
and the Skewed T - student of Hansen and of Giot and Laurent, seems to be
statistical significant, indicating that the phenomenon of leptokurtosis is
present and is successfully captured by these models. In the case of the GED
the parameter v is below two and is statistically significant, indicating that the
conditional distribution of the returns is more leptokurtic than the Normal.

The skewed T distributions that have been considered in this thesis,
suggest a statistically significant parameter of skewness, emphasizing the
importance of Skewed Distributions in the analysis of financial data. The
exception comes from the Nikkei 225 Index in the case of the Hansen
Conditional Distribution approach and under the GARCH specification, where
the skewness parameter is not significant.

In our analysis, the second moment autocorrelations have been
successfully modelled. For example, on Table 6.32 of the appendix are
presented the results for the FTSE 100 Index, where, it is obvious that the
autocorrelations at the squared values of the standardized residuals'® of the
FTSE 100 Index have been eliminated, with an exception at the Normal
ARCH, the Normal T-GARCH and the Normal GJR-GARCH model. This is
an indication of success in applying Volatility models, since they have
captured the serious non-linear dependences of the second moments in many
various ways.

Multivariate case

Furthermore, we extend our analysis to a multivariate case, where a
three-dimensional GARCH model is applied to the NASDAQ, the FTSE-100

and the Nikkei-225 Indices. We consider a constant correlation structure
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between the Indices, while in the bivariate model (NASDAQ, NIKKEI 225)
the conditional correlation between these Financial Markets is allowed to be
time varying.

On table 6.33 of the appendix, is presented the CCC model where the
conditional correlation is assumed to be constant, for the Nasdaq, the FTSE 100 and
the Nikkei 225 Indices. Clearly, the relationships between the Nasdaq and FTSE 100
Index and between the FTSE 100 and the Nikkei 225 Indices are positive. On the
other hand, the relationship between the Nasdaq and the Nikkei 225 is negative.

Applying the DCC model in the Bivariate form we can see the dynamic
correlation structure of the two Indices (Nasdaq and Nikkei 225). The estimated
parameters as well as their standard errors are presented on Table 6.34 of the
appendix. The Time-Varying conditional correlations are illustrated on Figure 6.32.
There is, however, a weakness in international diversification: the correlation
increases during times of crisis, thus reducing the benefits of diversification. But this
is also precisely the time when the benefits of international risk diversification are
most needed. So during periods of crisis, stock prices around the world tend to be
similarly affected and there is no or little diversification benefit to speak of. This
explains why more and more people are putting money in hedge funds (derivatives)
which, due to its various strategies - including long-short, market neutral and

arbitrage, have relatively low correlations with traditional market returns.

6.4 Comparison between Volatility Specification

At this point we examine the performance of the Volatility Specifications
according to their goodness of fit.

From Table 6.35 of the appendix we observe that under the same Conditional
Distribution assumption of the returns of the Dow Jones Index (normality
assumption), the conditional heteroskedastic volatility function with the best fitness is
the AP-GARCH specification. Clearly, the AP-GARCH as well as the GJR-GARCH
and the E-GARCH models result in lower values of the AIC criterion of goodness of

fit compared with other volatility specifications.

3 &
' Recall that the standardized residuals are given by the equation z, = ﬁh—
13
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Under the Normality assumption for the returns of the DAX Index, we can
verify the previous results, regarding the goodness of fit. It is obvious, from Table
6.36, that the TGARCH specification underlies other specifications, according to e
AIC criterion. The AIC goodness of fit criterion suggests again that the E-GARCH,
the AP-GARCH and the GIR-GARCH model to have the best performance.

6.5 Comparison between Distributional form

According to Table 6.37 of the appendix, where the Nasdaq Index is examined,
the AIC criterion suggests that, for a given volatility function, the Skewed-T
Distributional form is the one with the best performance and fit. This result is derived
for both the GARCH and AP-GARCH specification. For a given distributional form,
i.e. the Normal Distribution, the AIC criterion gives rise to the superiority of the E-
GARCH and AP-GARCH volatility specifications.

From the analysis of the FTSE_100 Index, presented on Table 6.38 of the
appendix, it is obvious that the AP-GARCH volatility specification is superior
compared with all the others, and that the Skewed-T Distribution captures better the
realization, according to AIC.

From Table 6.39, where the Nikkei 225 is presented, we derive similar results,

supporting the superiority of the Skewed-T AP-GARCH model.
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CHAPTER 7

CONCLUSION

7.1 Introduction

In this chapter are the conclusions derived from the analysis. Also, we propose
some 1nnovative ideas for further research, and then we present our empirical results
in the appendices. Although, the models proposed on this dissertation best handle
Market Risk, it is very interesting to manage Credit Risk, where the probability of
default and the bankruptcy models are the main issues. Finally, we give all the

appropriate references, for an extensive study.

7.2 Conclusion

Volatility is a key factor which permeates most financial instruments and plays a
central role in many areas of finance. For example, volatility is crucially important in
asset pricing models and dynamic hedging strategies as well as in the determination of
option prices. From an empirical standpoint, it is therefore of utmost importance to
carefully model any temporal variation in the volatility process. The ARCH model
and its various extensions have proven very effective tools along these lines. Indeed,
by any yardstick, the literature on ARCH has expanded dramatically since the seminal
paper by Engle (1982). However, many interesting research topics remain to be

examined.
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7.3 Further Research

Econometric analysis can be carried out in the conventional time domain and
can also be performed through some transformations. Analysis in the state space is
one of such endeavours. What the state space does is to model the underlying
mechanisms through the changes and transitions in the state of its unobserved
components, and establish the links between the variables in concern, which are
observed, and those unobserved state variables. It explains the behaviour of externally
observed variables by examining the internal, dynamic and systematic changes and
transitions of unobserved state variables, to reveal the nature and causes of the

dynamic movement of the variables effectively.

A very challenging prospect of GARCH modeling is the Switching GARCH
model where the use of dummies in the volatility specification allow for testing such
shifting. Moreover, as Hamilton (1994) has stated, such switching properties might
been unobserved and introduced the innovative Markov-Switching ARCH process

which has been studied extensively since then.

Not only the GARCH models but also the Stochastic Volatility models do work
out such problems, and it seems very challenging to carry out a comparative analysis

of the most significant Dynamic Models, in order to set conditions of superiority.

A special field for further research, is the Risk Management and the Decision
Science theory, where taking into account the econometric models, optimum solutions
are made. Therefore, Bankruptcy and Merger prediction using Accounting and Market
information is estimated. Recall, that such an analysis was carried out when Altman

(1968) introduced the Z-models for assessing a firm’s financial health.

Although VaR methods best handle market risk, it seems that the VAR measure
can also be used to gauge credit risk. Managing Credit Risk has both qualitative and
quantitative aspects. Determining the creditworthiness of a counterpart is the
qualitative component. Recent advances have led to quantitative assessment of credit

risk.
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A key component of credit risk is the default risk which arises when
counterparties are unwilling or unable to fulfill their contractual obligations. Its effect
is measured by the cost of replacing cash flows if the other party defaults. More
generally, credit risk can also lead to losses when debtors are downgraded by credit
agencies (i.e. Moody’s), usually leading to a fall in the market value of their
obligations. It is important to mention that in the credit environment the correlations
between default events are lower compared to the correlations between market risks.
This lack of correlation increases the difficulty of hedging default risk with tradeable
instruments. The absence of strong correlation allows the use of diversification as a
basis for reduction of default risk. There are two general classes of default risk
models:

# Rating agency-based models which predict the marginal and cumulative risk of
default based on rating categories.

# Proprietary models developed for the purposes of default prediction.

Proprietary default prediction models are, typically, based on the original thesis
by Fischer Black and Myron Scholes that the equity in a risky firm is equivalent to a
call option on the net asset value of the firm. The net asset value is calculated as the
market value of the firm’s assets minus the claims on the assets which include
traditional financial claims such as debt and other claims including erosion of asset

values which may result upon default.

Another way of restating this is to view the position of the bond holder as a
combination of the long position in the underlying bond plus the sale of a put option
on the company’s assets where the option has a strike price equal to the value of the

debt of the entity.

Modelling concentration risk in credit portfolios, is neither analytically nor
practically easy. It is true that modern portfolio theory has taken great strides in its
application to equity price risks. Nevertheless, fundamental differences between credit
risks and equity price risks made modern portfolio theory problematic when applied to

credit portfolios.
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There are two problems:
% non-normality and

= correlation estimation.

The first problem is that credit returns are generally non-normal and specifically
they are highly skewed and fat-tailed. In contrast, equity returns are relatively
symmetric and are well approximated by normal distributions. Thus, the first two
moments of portfolio value are sufficient to fully characterize Market Risk, but would
not characterize the long downside ‘tail’ of credit risk. Thus, in order to understand a
credit portfolio’s distribution, we require higher order moments, such as kurtosis and

skewness.

The long downside tail of the distribution of credit returns is caused by defaults
and downgrades to subinvestment grade ratings. Credit returns are characterized by a
fairly large likelihood of earning a (relatively) small profit through net-interest
earnings (NIE), coupled with a (relatively) small chance of losing a fairly large
amount of investment. Across a large portfolio, there is likely to be a blend of these

two forces creating the smooth but skewed (lopsided) distribution shape above.

The second problem is the difficulty of estimating correlations. For equities, the
correlations can be directly estimated by observing high-frequency liquid market
prices. For credit quality, the lack of the data makes it difficult to estimate any type of
credit correlation directly from history. Alternative approaches include: (i) setting
correlations at a uniform average level across the portfolio, (ii) deriving a model to
capture credit quality correlations that has more readily estimated parameters and (iii)
bypassing correlations entirely in favour of directly tabulating probabilities of joint

credit quality changes.

In this direction, an interesting field for further research is to consider not only
the Value at Risk measure, but also many other Risk Measures. In that point of view
we can evaluate other Risks that a Company takes into account. This area is well

known as Corporate Risk, according to RiskMetrics.
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Many companies have expressed an interest in understanding how the principles
of Value-at-Risk, which were initially developed for managing market risk in a

financial environment, can be applied in the corporate environment.

Risk management in the corporate environment is inherently more complex than
in a pure financial environment (i.e., trading and investment functions) in that
companies have both non-hedgeable business risks (relating to the nature of their
specific products and services) and hedgeable market risks (e.g., commodity,

currency, interest rate, equity exposures).

Whereas financial managers (e.g., trader, portfolio manager, treasurer) tend to
manage the value of their assets and liabilities, corporate managers tend to focus more
on the level, growth, and, increasingly, the volatility of corporate financial results such
as Earnings and Cash Flow as benchmarks for good performance. So, tools like
Value-at-Risk should be re-characterized from a financial environment to an earnings
and cashflow environment. CorporateMetrics concentrates on two c‘orporate financial
results that affect, and that are commonly used to gauge a company’s value —

Earnings and Cash Flow.

Earnings-at-Risk (EaR): The maximum shortfall of earnings, relative to a
specified target, that could be experienced due to the impact of market risk on a
specified set of exposures, for a specified reporting period and confidence level. Since
earnings are also usually reported on a per share of equity basis, many companies may

prefer to use an Earnings-per-Share-at-Risk (EPSaR) measure.

Cash-Flow-at-Risk (CFaR): The maximum shortfall of net cash generated,
relative to a specified target that could be experienced due to the impact of market risk

on a specified set of exposures, for a specified reporting period and confidence level.

Compared to financial institutions, which may actively take short-term risk
positions to generate trading profits, corporates are generally less sensitive to daily
fluctuations in the market and focus more on monthly and quarterly earnings volatility

when measuring performance.
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Both RiskMetrics and CorporateMetrics are methodologies for measuring the
potential impact of market rate changes on financial results. In the case of
RiskMetrics, the focus is on potential changes in the market values of portfolios of
financial instruments over time horizons of one day and one month. In the case of
CorporateMetrics, the focus is on the potential impact of market rate changes on a
company’s financial results relative to the results targeted for a particular period (e.g.,
uncertainty in meeting next quarter’s targeted earnings). The time horizon over which
financial results can be affected tend to be longer, ranging from 2 months to 24
months or beyond, necessitating techniques for characterizing potential market rate

volatility over long horizons.

In the corporate environment, uncertainty in future earnings and cash flow is
caused not only by uncertainty in a company’s underlying business (e.g., sales
volumes), but also by a number of other risks, including market risk. Market risk can
arise from a number of factors, including foreign exchange exposures, interest rate
exposures, commodity price-sensitive revenues or expenses, pension liabilities, and
stock option plans. CorporateMetrics, which focuses on market risk, provides a
framework centred on the key financial results that corporations monitor. While many
companies already perform specific sensitivity analyses to forecast the impact on
financial results of specific market moves, CorporateMetrics outlines a methodology
for a more complete analysis of market risk, taking into account a full range of
probability-weighted market outcomes as well as the integration of market risks across

different markets—commodities, foreign exchange, interest rates, and equities.
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Appendix

Figure 2.1 Spot Prices of the eight Financial Market Indices: Dow Jones,
S&P500, Nasdaq, ASE, CAC-40, DAX, FTSE-100 and Nikkei-225
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Table 2.1 Descriptive statistics of the eight Financial Market Indices: Dow
Jones, S&P500, Nasdaq, ASE, CAC-40, DAX, FTSE-100 and Nikkei-225

DESCRIPTIVE STATISTICS FOR THE EIGHT FINANCIAL MARKET INDICES
Dow Jones| S&P 500 | Nasdaq ASE CAC-40 DAX FTSE-100| Nikkei-225
observations 19228 5189 5690 284 3816 3631 5314 5249
mean 0,020 0,040 0,038 0,001 0,020 0,030 0,028 0,002
median 0,039 0,116 0,048 0,001 0,032 0,061 0,060 0,032
maximum 14,273 13,255 8,709 0,023 7,002 7,553 7,597 12,428
minimum -25,632 -12,043] -22,887 -0,038 -7,678 -9,871 -13,029 -16,138
Std. Dev. 1,147 1,420 1,062 0,009 1,362 1,448 1,040 1,387
Skewness -0,667 -0,243 -1,915 -0,334 -0,098 -0,190 -0,542 -0,112
Kurtosis 29,556 11,339 45,259 3,788 5,679 6,543 10,998 10,674
Jarq-Bera p-value 0,000 4_0,000 0,000 0,002 0,000 . 0,000 0,000 0,000

Figure 2.2 Returns of the eight Financial Market Indices: Dow Jones, S&P500,
Nasdaq, ASE, CAC-40, DAX, FTSE-100 and Nikkei-225
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Table 2.2 Mean and Annualized Standard Deviation of the S&P-500, DAX-30

and ASE Index Returns for each trading day

Mean and Annualized Standard Deviation of the S&P500, DAX30 and ASE Index Returns
Overall | Monday | Tuesday |Wednesday| Thusday | Friday
S&P500
Mean 0,05% 0,12% 0,06% 0,07% -0,01% 0,04%
St. Deviasion 14,80% 15,84% 15,43% 12,57% 14,81% 15,22%
N. of observations 2649 505 543 541 532 528
DAX30
Mean 0,05% 0,07% 0,04% 0,09%f  0,00% 0,06%
St. Deviasion 20,34% 23,91% 19,79% 18,74% 19,49% 19,46%
N. of observations 2625 518 537 530 516 524
ASE
Mean 0,08% 0,12% -0,01% 0,06% -0,01% 0,26%
St. Deviasion 30,27% 39,06% 30,60% 25,98% 28,68% 25,16%
N. of observations 2548 494 523 517 519 495

Table 6.1 Autocorrelation Function for the actual, the squared, and the absolute values

of the returns of the Down Jones Index

Ljung Box test for the returns of the Dow Jones Index
Dow Jones abs(Dow Jones) Dow Jones”2
lags Q-stat p-value | Q-stat p-value | Q-stat  p-value
1 17.447 0.000 1722.8 0.000 811.16 0.000
2 24.040 0.000 3670.7 0.000 1669.7 0.000
3 24.632 0.000 5554 .9 0.000 2184.4 0.000
4 29.532 0.000 7247.9 0.000 24743 0.000
5 31.008 0.000 9175.2 0.000 3105.3 0.000
6 46.165 0.000 10614. 0.000 33257 0.000
7 46.518 0.000 12136. 0.000 3540.1 0.000
8 53.417 0.000 13592. 0.000 3835.2 0.000
9 66.725 0.000 14942, 0.000 4054 .4 0.000
10 67.584 0.000 16398. 0.000 4260.6 0.000
11 £9.154 0.000 17641. 0.000 4431.3 0.000
12 69.252 0.000 18918. 0.000 4568.5 0.000
13 72.677 0.000 20048. 0.000 4683.0 0.000
14 73.010 0.000 21170. 0.000 4780.3 0.000
15 73.023 0.000 22436. 0.000 49226 0.000
16 84.164 0.000 23518. 0.000 5028.6 0.000
17 85.733 0.000 24567, 0.000 5111.6 0.000
18 90.720 0.000 25687. 0.000 5229.6 0.000
19 91.111 0.000 26830. 0.000 5339.1 0.000
20 91.322 0.000 27959. 0.000 5439.9 0.000
21 91.853 0.000 28974, 0.000 5547.2 0.000
22 99.839 0.000 29956. 0.000 5646.7 0.000
23 109.61 0.000 30919, 0.000 5721.5 0.000
24 111.18 0.000 32045, 0.000 5879.9 0.000
25 111.18 0.000 32996. 0.000 5950.8 0.000
26 111.61 0.000 33932, 0.000 6048.8 0.000
27 111.82 0.000 35038. 0.000 6183.5 0.000
28 113.51 0.000 35890. 0.000 £6256.2 0.000
29 114.54 0.000 36877. 0.000 6378.7 0.000
30 125.28 0.000 37856. 0.000 6455.3 0.000
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Figure 6.1 Autocorrelation and Partial Autocorrelation Plots for the actual,

squared and the absolute values of the returns of the Down Jones Index
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Table 6.2 Autocorrelation Function for the actual, the squared, and the absolute values

of the returns of the Nasdaq Index

Ljung Box test for the returns of the Nasdaq Index
Nasdag abs(Nasdaq) Nasdag*2

lags Q-stat | p-value | Q-stat p-value Q-stat p-value
16.732 0.000 638.25 0.000 47227 0.000
21.077 0.000 1472.2 0.000 976.65 0.000
21.084 0.000 2144.0 0.000 1275.8 0.000
24.885 0.000 2846.0 0.000 1602.1 0.000
25.319 0.000 3536.2 0.000 1955.2 0.000
25,352 0.000 4186.9 0.000 2265.0 0.000
26.435 0.000 4753.8 0.000 2451.2 0.000
30.053 0.000 5413.6 0.000 2799.8 0.000
30.054 0.000 5916.7 0.000 2976.9 0.000
30.059 0.001 6465.8 0.000 3162.3 0.000
30.084 0.002 6997.2 0.000 3336.6 0.000
50.948 0.000 7446.0 0.000 34527 0.000
73.956 0.000 7912.5 0.000 3590.4 0.000
76.895 0.000 8377.4 0.000 3712.9 0.000
76.954 0.000 8873.7 0.000 3856.8 0.000
79.763 0.000 9347.1 0.000 4015.0 0.000
79.902 0.000 9779.1 0.000 41242 0.000
84.373 0.000 10252. 0.000 4311.6 0.000
84.686 0.000 10719. 0.000 4543.0 0.000
84.688 0.000 11119, 0.000 4623.7 0.000
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93.459 0.000 11601. 0.000 4779.3 0.000
93.462 0.000 11956. 0.000 48786.7 0.000
94.115 0.000 12310. 0.000 4946.8 0.000
105.43 0.000 12754. 0.000 5099.8 0.000
105.46 0.000 13175. 0.000 5207 .4 0.000
114.85 0.000 13581. 0.000 5358.5 0.000
117.45 0.000 14017. 0.000 5488.3 0.000
117.67 0.000 14456. 0.000 5628.8 0.000
123.96 0.000 14903. 0.000 5774.9 0.000
126.99 0.000 1S8HIS) 0.000 5884.2 0.000




Figure 6.2 Autocorrelation and Partial Autocorrelation Plots for the actual, the

squared, and the absolute values of the returns of the Nasdaq Index
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Table 6.3 Autocorrelation Function for the actual, the squared, and the absolute values

of the returns of the S&P 500 Index

Ljung Box test for the returns of the S&P 500 Index
S&P 500 abs(S&P 500) S&P50042

lags Q-stat p-value Q-stat | p-value Q-stat p-value
0.8508 0.356 210.80 0.000 70.359 0.000
94.999 0.009 481.68 0.000 203.55 0.000
17.564 0.001 742.47 0.000 242.63 0.000
18.693 0.001 922.56 0.000 246.54 0.000
18.717 0.002 1209.9 0.000 359.71 0.000
19.161 0.004 1390.2 0.000 366.12 0.000
23.881 0.001 1528.2 0.000 368.11 0.000
23.930 0.002 1708.3 0.000 383.98 0.000
24.139 0.004 1859.0 0.000 390.99 0.000
24152 0.007 1997.8 0.000 392.59 0.000
25.090 0.009 2142.8 0.000 394.66 0.000
35.771 0.000 2241.0 0.000 395.87 0.000
36.239 0.001 2351.1 0.000 397.78 0.000
36.288 0.001 24831 0.000 399.10 0.000
37.154 0.001 2593.1 0.000 401.90 0.000
38.151 0.001 2687.8 0.000 403.18 0.000
38.571 0.002 2773.4 0.000 403.76 0.000
39.570 0.002 2883.8 0.000 406.41 0.000
41.131 0.002 2996.0 0.000 409.72 0.000
41.915 0.003 3086.7 0.000 410.36 0.000
43.391 0.003 3180.5 0.000 411.76 0.000
45.764 0.002 3232.9 0.000 412.08 0.000
46.358 0.003 3298.7 0.000 413.16 0.000
49.820 0.001 3422.9 0.000 41537 0.000
56.417 0.000 3515.5 0.000 415.61 0.000
58.171 0.000 3587.9 0.000 416.44 0.000
64.763 0.000 3691.5 0.000 418.47 0.000
67.117 0.000 3755.4 0.000 419.15 0.000
80.055 0.000 3881.1 0.000 427.59 0.000
80.570 0.000 3961.1 0.000 428.53 0.000
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Figure 6.3 Autocorrelation and Partial Autocorrelation Plots for the actual,

squared and the absolute values of the returns of the S&P 500 Index
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Table 6.4 Autocorrelation Function for the actual, the squared and the absolute values

of the returns of the ASE Index

Ljung Box test for the returns of the ASE Index
ASE abs(ASE) ASE*2
lags Q-stat | p-value Q-stat | p-value | Q-stat | p-value
1 0.4422 0.5086 0.0313 0.860{ 0.0135 0.908
2 0.6858 0.710 0.3380 0.845; 0.2683 0.874
3 21.278 0.546 35.881 0.310] 21.226 0.547
4 26.542 0.617 58.987 0.207; 43.328 0.363
5 26.548 0.753 11.629 0.040 12.148 0.033
6 31.234 0.793 12.167 0.058 12.149 0.059
7 75.336 0.378 12.236 0.093 14.778| 0.039
8 79.439 0.439 12.698 0.123 15.082 0.058
9 91.901 0.420 14.894 0.094 17.541 0.041
10 94.167 0.493 16.218 0.124 17.577 0.063
11 99.783 0.532 15.646 0.155 17.724 0.088
12 10.602 0.563 17.023 0.149 19.408 0.079
13 11.261 0.589 17.228 0.189 19.408 0.111
14 11.261 0.665 17.279 0.242]  20.551 0.114
15 12.803 0.617 17.821 0.272] 20.663 0.148
16 14.125 0.589 18.791 0.280] 20917 0.182
17 14.579 0.626 18.922 0.333] 20.963 0.228
18 14.588 0.690 19.774 0.346f 21.371 0.261
19 17.918 0.528 21.263 0.322] 23.456 0.218
20 17.967 0.590 22.328 0.323] 23.704 0.256
21 18.001 0649 23.017 0.343] 23.756 0.305
22 18.223 0.693 24.497 0.322 24.819 0.306
23 18.477 0.731 24.875 0.357 24.821 0.360
24 18.514 0.777 25102 0.400] 24822 0.416
25 18.517 0.820 25.129 0.455| 25518 0.434
26 20.282 0.778 25.204 0.507F 25.653 0.482
27 24178 0.6200 25212 0.563f 25.692 0.536
28 25.198 0.617] 25.791 0.585] 25.705 0.589
29 25.366 0.659 25.900 0.631 25.726 0.640
30 29.459 0.494 26.842 0.632] 26.231 0.663
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