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Abstract

We evaluate predictive performance of a selection of conditional and unconditional
Value-at-Risk (VaR) models. By ¯ltering various time varying volatility models we
predict risk forecasts and compare them with that of unconditional VaR models. We
consider VaR models based on ARCH models, historical simulation, Monte Carlo, non-
parametric quantile regressions, and extreme value theory (EVT). In addition, we also
apply these methods to the standardized residuals to compute what is often called as
conditional VaR (CVaR). The return series are standardized using various conditional
variance models such as GARCH, FIGARCH, EGARCH models. We apply these meth-
ods to the foreign exchange and stock markets of several countries that su®ered recent
¯nancial crisis, and compare their performances in terms of various evaluation criteria
using the tests of White (2000) and Hansen (2001).
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1 Introduction

Increasing ¯nancial fragility in emerging markets and the extensive use of derivative products

in the developed countries can be two distinguishing features of ¯nancial world over the

last decade. Consequently, e®ective use of risk measurement tools has been suggested as

a main panacea for mitigating these problems. Uniform methodology of risk measurement

called Value-at-Risk (VaR) has received a great attention both from regulatory and academic

fronts. During a short span of time, a serious number of papers have studied various aspects

of VaR methodology. Concerns are mainly on which conditional distributions or conditional

variance models are to be used in the computation. We compare various models in several

dimensions.

This paper aims to evaluate predictive performance of various conditional and uncondi-

tional Value-at-Risk (VaR) models. This study can also be considered as a stress testing

exercise since it covers the recent crises in Southeast Asia, Russia, Brazil and most recently

Turkey. We analyzed the daily predictive performance of many VaR models such as expo-

nentially weighted moving average (EWMA), historical simulation (HS), Monte Carlo (MC),

bootstrap methods, nonparametric quantile regression (NPQ), extreme value theory (EVT),

and conditional autoregressive VaR (CaViaR). These models will be called unconditional

VaR models or un¯ltered VaR models. We also apply these methods to the standardized

residuals by various conditional variance models to compute the VaR, which we call here the

conditional VaR (CVaR) models or ¯ltered VaR models. For example, the CVaR models

we consider are the Filtered HS, Filtered MC, Filtered bootstrap, Filtered NPQ, Filtered

EVT, and Filtered CaViaR models. We compare and evaluate them in several dimensions:

(1) VaR versus CVaR models, (2) CVaR models based on various ¯ltering schemes (e.g.,

GARCH versus FIGARCH), (3) Gaussian distribution versus various skewed and leptokur-

tic distributions, (4) conventional distributions versus EVT distributions, and (5) parametric

versus nonparametric methods. Our forecast evaluation uses one step ahead prediction for

250 day forecast samples to be compatible with the backtesting regulation of Bank for In-

ternational Settlements (BIS). Various objective functions and evaluation methods are used.

Results indicate that the choice of l̄tering scheme and the degree of severity of crisis appear

to be crucial factors in assessing the performance of risk forecasts.

First, conventional VaR models assumes Gaussian normal or its extension to take care

of the conditional skewness and kurtosis. These models however have been criticized after
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the ¯nancial turmoil hit Southeast Asia where conventional models are claimed to be less

than adequate. Alternatively, models based on extreme value distributions are claimed to

perform better during crisis periods. Even though there are some empirical supports for the

use of extreme value theory (EVT) (e.g., Pownall and Koedijk 1999, Danielsson and de Vries

1997, Neft»ci 2000, Longin 1996, among others), certain problems in EVT methodology have

also been documented (e.g., Diebold et al., 2000). In this paper, we intend to compare these

two approaches.

Second, one major limitation of the EVT models is the IID assumption. A simple way to

go around this assumption is to use a GARCH type l̄tering scheme to apply the EVT to the

standardized residuals, as done by McNeil and Frey (2000). Some researchers have doubts

on the use this l̄tering method over regular EVT models (see Danielsson 2001). Hence, it

will be interesting to compare regular EVT versus l̄tered EVT modeling.

Third, even though using parametric approaches can be very appealing for practical rea-

sons, nonparametric methods may constitute an alternative approach to parametric VaR

modeling. This choice is important both in computationally intensive parametric methods

and other parametric quantile methods such as variance co-variance methods. For instance,

Barone-Adesi et al. (2000) show that nonparametric bootstrap instead of Monte Carlo sim-

ulation will be more e®ective in risk modeling. On the other hand, Engle and Manganelli

(1999) have developed a recent semi-parametric quantile regression method in the context

of VaR, called as conditional autoregressive VaR or CaViaR. A relatively less popular area

is to use fully nonparametric quantile method in this framework. For instance, the nonpara-

metric quantile regression (e.g., Cai 2002) may be one alternative. Therefore, we compare

parametric and nonparametric methods to estimate the quantiles of a return distribution.

A fourth source of debate in this context is the choice of volatility dynamics. The most

conventional volatility model is EWMA of Riskmetrics which is an IGARCH process. Recent

evidence in volatility modeling indicates that there is long range dependence in volatility

dynamics which makes use of the recent fractionally di®erenced volatility models developed

by Bollerslev and Mikellsen (1996). The choice of volatility is important to estimate the

conditional volatilities and for choosing the right model for l̄tering.

A ¯nal categorical discussion can be considered as the recent studies on incorporating the

higher moment dynamics such as skewness and kurtosis into risk measurement. Many recent

papers (e.g., Hansen 1994, Harvey and Siddique 1999, 2000, and Mittnik and Paolella 2000,
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among others) suggest that a time varying higher moments will be a better alternative to

model volatility and hence better results will be expected for risk measurement. This choice

is again useful in modeling the quantiles of a return distribution as well as in the context of

¯ltering return distributions.

However, the recent research in this ¯eld has progressed so rapidly that comparing and

contrasting the relative performance of the recent methodologies has not been matched.

These relative comparison is so vital for risk practitioners and regulators where implementing

a better technique may increase risk modeling e±ciency tremendously. The major aim of

our paper is to compare and contrast various methods and approaches by using the ¯ve

metric mentioned above. In other words, we have attempted to perform a rigorous risk

modeling comparison based on the most recent developments in the ¯eld of risk modeling.

More concretely, as a ¯rst step, we will compare conventional models with EVT based VaR

models. Second, the choice of parametric or nonparametric distribution in the context of risk

management has been investigated on two grounds. In this category we ¯rst investigated

the choice of parametric versus nonparametric distribution on numerically intensive method

of Monte Carlo simulation. In this category we compared the risk forecasts generated from

Monte Carlo with that of a bootstrap method developed by Barone-Adesi et al. (2000). In

the same category the risk modeling performance of parametric and nonparametric quantile

methods has also been conducted. To compare the relative performance of parametric versus

nonparametric models the CaViaR models of Engle and Manganelli (1999) is contrasted

with that of the most recent nonparametric quantile regression of Cai (2002). As a third

comparison category we assessed the risk forecast precision of ¯ltered versus regular un¯ltered

VaR models. In doing this comparison we had three subcategories: First subcategory is to

compare the conventional empirical quantile methods versus ¯ltered empirical quantiles. To

this end, we have chosen Hull and White (1998) and a method suggested by us. As a second

subcategory, we contrasted regular versus ¯ltered EVT methodologies. In this case we have

chosen three EVT methodologies, namely, generalized Pareto distribution (see Neftci 2000),

the generalized extreme value distribution (Longin 1996, 2000), and the Hill estimators (Hill

1978, Danilesson and deVries 2001). The choice of l̄tering scheme constituted our third

objective: regular GARCH models versus FIGARCH models. As a fourth category we

compared the risk forecasts generated from an IGARCH known as EWMA volatility with

that of GARCH and FIGARCH. Finally, we made a comparison of conditionally skewed
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distributions with that of unconditional volatility models. In this comparison we have used

the conditionally skewed distributions of Hansen (1994).

To summarize we have several aspects to compare the various models: (i) unconditional

vs. conditional VaR (CVaR), (ii) conditional variance models used in ¯ltering for the CVaR

models, (iii) conditional distributions (conventional distributions vs EVT, Gaussian normal

vs skewed/leptokurtic distributions), and (iv) parametric vs nonparametric models. The

comparisons are conducted in terms of the four di®erent loss functions using the recent tests

of White (2000) and Hansen (2001). In each of these categories we have compared the

forecasts of each model with the best of all other competing models considered in the paper.

In this analysis we compare one-step ahead risk-forecasts. We examine foreign exchange

series of Thailand, Korea, Russia, Turkey, Brazil. We consider the conditional VaR models

using EVT, quantile regressions, and historical simulation methodologies. We have also

used other l̄tering schemes such as FIGARCH and conditionally skewed distributions. The

forecast criteria we use are predictive likelihood of quantile regression, loss functions based

on tail loss functions, coverage probability, and the minimum required capital (MRC) of

Bank for International Settlement (BIS).

The organization of the paper is as follows. In Section 2 we discuss various VaR method-

ologies. In Section 3 forecast evaluation criteria and the reality check are discussed. Section

4 presents the empirical results.

2 VaR Models

Consider the return series fytgTt=1 of a ¯nancial asset. The Value at Risk, denoted as V aRt(®);

can be de¯ned as the conditional quantile

Pr(yt · V aRt(®)jFt¡1) = ®: (1)

To establish some notation, suppose fytgTt=1 follows the stochastic process

yt = ¹t + "t; (2)

where E("tjFt¡1) = 0 and E("2t jFt¡1) = ¾2t given the information set Ft¡1 (¾-¯eld) at time

t¡1. Let zt ´ "t=¾t have the conditional distribution ©t with zero conditional mean and unit

conditional variance, i.e., ztjFt¡1 s ©t(0; 1):We now turn to various methods of estimating

V aRt(®): Table 1 summarizes all the models we consider in the paper.
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2.1 Variance-Based VaR Models

The ¯rst method is the most standard approach, often called variance-covariance methods.

In this paper because we consider a single stock index instead of portfolio we do not consider

covariances and thus it may be called as variance methods. In this method, V aRt(®) can be

estimated by

V aRt(®) = ¹t + ©¡1t (®)¾t: (3)

Hence estimation of the VaR involves the estimation of ©t(¢); ¹t; and ¾t:We consider various

estimation methods of VaR, which may be labeled with di®erent methods of estimating ©t(¢)
and ¾t.

We either assume a certain parametric distribution for ©t(¢) (e.g. normal distribution,

Student-t distribution, generalized error distribution (GED), Hansen's (1994) skewed t; and

etc.) or estimate it nonparametrically. The conditional distribution ©t(¢) is assumed to be

constant over time or simply assumed as Gaussian N(0; 1) in which case ©¡1t (0:05) = 1:645

and ©¡1t (0:01) = 2:326: To take care of the fat tail distributions of ¯nancial returns series,

it is also often assumed as Student-t(º) with º degrees of freedom. For t(6), ©¡1
t (0:05) =

1:943
q
º¡2
º = 1:586 and ©¡1t (0:01) = 3:143

q
º¡2
º = 2:566: We use t(6) in this paper.

The conditional variance ¾2t is estimated with various volatility methods such as a sim-

ple moving average model (Alexander 1998), an exponentially weighted moving average

(EWMA) model of Riskmetrics, and ARCH models of Engle (1982), Bollerslev (1986), Nel-

son (1991), and Glosten, Jaganathan, and Runkle (1993).

2.1.1 Moving Average (MA)

The simplest method to calculate the VaR is to estimate the volatility of the asset return by

historical moving average variance. In this method we estimate the volatility

¾2t =
1

m¡ 1

mX

j=1

(yt¡j ¡ ¹̂mt )2 (4)

where ¹̂mt = 1
m

Pm
j=1 yt¡j: See Alexander (1998) for its empirical advantages and disadvan-

tages. This method will be denoted as MA(m). In our empirical part, we use MA(200).

2.1.2 Exponentially Weighted Moving Average (EWMA)

As is accepted in the empirical ¯nance literature, volatility is changing across time which

requires a di®erent model building practice for risk than the standard static estimation
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methods. The most popular volatility model in this framework is the Riskmetrics model of

J.P. Morgan (1995), which is an IGARCH speci¯cation of the following form

¾2t = ¸¾2t¡1 + (1¡ ¸)(yt¡1 ¡ ¹̂t)2; (5)

where ¹̂t = 1
t¡1

Pt¡1
j=1 yt¡j: We assume ¸ = 0:94; as calibrated by J.P. Morgan's Riskmetrics,

which substantially reduces the volatility computations.

2.1.3 GARCH Models

The standard GARCH model sets

¾2t = !+ ®(L)"2t + ¯(L)¾2t ; (6)

where L denotes the lag operator. We consider two distributions of zt; N(0; 1) and Hansen's

(1994) skewed t; which will be denoted as GARCHN and GARCHH :

We also consider the FIGARCH model of Baillie and Mikkelsen (1996). By following

Bollerslev and Mikkelsen (1996) we rearrange the above equation to get

[1 ¡ ®(L) ¡ ¯(L)]"2t = ! + [1 ¡ ¯(L)]vt: (7)

where vt ´ "2t ¡¾2t : Furthermore, if we let Á(L)(1¡ L) = 1¡®(L)¡¯(L); we can introduce

fractionally integrated GARCH (or FIGARCH) models as

Á(L)(1 ¡ L)d"2t = ! + [1¡ ¯(L)]vt: (8)

Interestingly, the above equation nests three of the alternative volatility models we will use in

this paper, namely, IGARCH or more popularly known as Riskmetrics volatility or EWMA

(d = 1), GARCH (d = 0), and FIGARCH 0 < d < 1:

2.2 Historical-Simulation Based VaR Models

An alternative approach to VaR estimation is to use nonparametric methods. The most

conventional methods of this method is called Historical Simulation (HS). One criticism

on these methods is to use volatility updating since the conventional Historical Simulation

methodology ignores this. For this purpose we have used a method developed by Hull and

White (1998). In addition to this method we extended the method of McNeil and Frey

(2000) into Historical Simulation context.
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2.2.1 Historical Simulation (HS)

The idea behind historical simulation (HS) approach is to assume historical distribution of

returns will remain the same over the next periods and hence the empirical distributions of

portfolio returns will be used in estimating VaR. this method uses the empirical quantiles

of the historical distribution of return series, fyt¡jgt¡1t=1; to estimate V aRt(®) for a given

con¯dence level ®. See Jorion (2000, p. 221) for more details on HS.

2.2.2 Filtered HS (HS-GARCHN)

An alternative way to update volatility is to use standardized residuals as follows. Suppose

the return series have the following form:

yt = ¹t + ¾tzt; (9)

where the fztg are innovations which are strictly white noise and ¾t represents the form

of time varying volatility. In obtaining a more precise risk estimate by using the empirical

quantiles, it is important to take into account of the changing volatility pattern. By following

the suggestion of McNeil and Frey (2000) approach it may be more convenient to estimate

the empirical quantile on the basis of zt: Therefore, we can follow a two step procedure as

applied in McNeil and Frey (2000). In the ¯rst step we estimate the ¹t and ¾t and hence zt.

In the next stage we can estimate a one-step ahead VaR forecasts on the basis of standardized

residuals fztg. Formally, the VaR of standardized returns can be estimated by the following

formula:

Pr(zt · V aRzt(®)jFt¡1) = ®: (10)

where V aRzt (®) is the VaR estimator fztg. Once the empirical quantiles are estimated for

standardized residuals, we can estimate one-step predictive distributions of the return series

as

V aRt(®) = ¹t + V aRz(®)¾t: (11)

In other words, once we estimate the VaR of standardized residuals we can transform to

get back the VaR of return series. This methodology is similar to the approach adopted

by McNeil and Frey (2000) on EVT's. Here we extend this approach to estimate Historical

Simulation. In this way we incorporate the time varying volatility pattern into the VaR

forecasts.
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2.2.3 Filtered Bootstrap HS (Bootstrap HS-GARCHN)

As the choice of parametric form is crucial in modeling risk bootstrap o®ers an alternative

to other methods. This approach was initially discussed in See Jorion (2000, pp. 296-298)

or Barone-Adesi et al. (2000). This procedure is conducted by sampling from return data

fytg. If we want to generate N returns into the future we sample (with replacement) from

M returns. Then by randomly picking one return at a time we can project the return series.

For instance, if we de¯ne y(i) as the ith random return we can constitute the ¯rst next day

return by

St+i = St(1 + y(i)) (12)

i = 1; 2; ::; N . In other words, if we repeat the simulation byN time we may generate a sam-

ple path for return series as St+1; St+n; : : : ; St+N : Then applying the same principle of Monte

Carlo or HS methods we can obtain VaR forecasts. The advantage of the above approach

over Monte Carlo is that this method does not rely on parametric distributional assumptions.

The only de¯ciency of this method is the IID assumption of return distributions. In this

case, as suggested by Jorion (2000) and studied by Barone-Adesi et al. (2000) a ¯ltering

method is suggested. In this method we bootstrap from standardized residuals fztg and

then for each sample realization we apply a simple transformation to incorporate the e®ect

of time varying volatility (similar to the one described in HS method). After incorporating

the volatility, we use the following recursion to get the sample path of the levels via ¯ltered

bootstrap. If we denote the ¯rst ¯ltered return series as y¤(1) we can write down the recursion

of spot prices

St+i = St(1 + y¤(i)) (13)

where

y¤(i) = ¹t+1 + z(i)¾t+1: (14)

i = 1; 2; : : : ; N and ¹t+1; ¾t+1 are the one step ahead forecasts of the mean returns and

volatilities respectively. Hence, the dependency of the random return series are taken into

account via the above equation. We ¯lter the volatility by using a time varying volatility

method which is mostly a GARCH process. Then, by repeating the above recursion for N

times we will obtain a sample path of spot prices. To obtain the VaR from this path we use

the similar procedure applied in Monte Carlo method. In this study we have used GARCH as

our volatility l̄tering scheme and choose M = 250 and N = 250. We choose 1000 bootstrap

trials.
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2.2.4 Hull and White's Modi¯ed HS (HWHS)

As explained before one of the major de¯ciencies of regular HS is to assume the return

distributions do not change over time. A paper by Hull and White (1998) suggested that

HS can be improved by taking into account of the volatility changes experienced during

the period covered by the historical data. In order to re°ect the current market volatility

condition they used the ratio of current volatility to the daily volatility at the time of the

observation. In other words, if the current volatility of a return series is higher than a month

ago the data observed a month ago understates the magnitude of risk. On the other hand, if

the current volatility is lesser than that of its past history the reverse is true. To overcome

these problems, the ratio of current and historical volatilities are suggested to be incorporate

to the historical observations. In other words, in this method the historical observations from

which the empirical quantiles will be selected, are adjusted such that the new series re°ect

the relative volatility changes. Formally, volatility updated return series are de¯ned to be

y¤t = yt
¾N
¾t

(15)

where ¾N is the most recent volatility estimate ¾t is the historical estimate of the daily

volatility, yt is the regular return series, and y¤t is the transformed return series. Then

the HS will be estimated on the basis of y¤t rather than yt: In this way we can re°ect the

changes in the volatility pattern across time in risk modeling. In our empirical application

we have chosen GARCH(1,1) as our volatility model and adjusted return series by applying

the formula in (15).

2.3 Simulation Based VaR Models

There are various numerical methods employed in VaR methodology. An underlying stochas-

tic process assumed to govern the dynamics of the asset prices is used to simulate the future

values of the asset. One of the most popular stochastic process in the asset pricing context

is the geometric Brownian motion (GBM) given as

dSt
St

= ¹tdt + ¾tdWt (16)

where Wt is a standard Wiener process, and ¹t and ¾t are the drift and the volatility pa-

rameters, respectively. This is a rare example of an explicitly solvable stochastic di®erential
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equation with its solution being

St = S0 exp
µ
[¹t ¡

1
2
¾2t ]t+ ¾tWt

¶
:

See Broadie and Glasserman (1998) for more discussion. Thus, simulating values of St
reduces to simulating values of Wt: where ¢Wt is zero mean, unit variance random error

term, and ¹t and ¾t are drift and volatility parameters in discrete time. We simulate St in

two ways:

2.3.1 Monte Carlo Simulation

Based on random numbers ¢Wt generated from the standard normal distribution. One can

then simulate the sample paths of fStg: As it has been used in practice with ¹t = ¹ and

¾t = ¾, we implement it in two ways, with constant ¹ and ¾ and with time varying ¹t and

¾t: The former will be denoted as MC GBM, and the latter as MC GBM-GARCHN when

¾2t is estimated from GARCHN: See Table 1.

2.3.2 Bootstrap Simulation

Alternatively, one can bootstrap ¢Wt with estimated ¹t and ¾t. The method will be denoted

as Bootstrap GBM and Bootstrap GBM-GARCHN :

2.4 Quantile Regressions Based VaR Models

VaR, which is basically a quantile estimator, can be estimated within the context of non-

parametric quantile regression methods.

2.4.1 Nonparametric Quantile Regression (NPQ)

There has been various studies made on parametric quantile estimation where a classic

reference is Koenker and Bassett (1978). On nonparametric quantile estimation, recent

references are Samanta (1989), Lejeune and Sarda (1988), and Xiang (1996) where the most

recent nonparemetric quantile method is developed by Cai (2002). Cai's method is in fact

based on the weighted Nadaraya-Watson kernel regression of Hall et al. (1999).

Let Z = (Y;X 0)0 be a stationary random vector with the joint density f (y; x) and the

cumulative distribution function (CDF) F (y; x). Then the conditional CDF is

F (yjx) =
R y
¡1 f(´; x)d´
FX(x)

; (17)
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where FX(x) is the marginal CDF of X. Hence the quantile function can be found as

q® = inffy 2 RjF (yjx) ¸ ®g; (18)

where F (yjx) is the conditional distribution of Yt and can be estimated in various ways. The

approach suggested by Cai (2002) is to use the weighted Nadaraya-Watson approach.

F (yjx) =

nP
t=1
pt(x)K(xt¡xh )1(Yt · y)
nP
t=1
pt(x)K(xt¡xh )

(19)

where K(¢) is the kernel function, h is the bandwidth, 1(:) is the indicator function and pt is

the weight function. The choice of the weight function is based on maximizing the empirical

likelihood function de¯ned in Cai (2002). In other words, maximizing
Pn
t=1 log(pt(x)) subject

to
Pn
t=1 pt(x) = 1 through Lagrange multiplier pt(x) takes the following form:

pt(x) = n¡1 f1 + ¸(xt ¡ x)Kh(xt ¡ x)g¡1 (20)

where ¸ is chosen to maximize

Ln(¸) =
1
nh

Xn

t=1
log f1 + ¸(xt ¡ x)Kh(xt ¡ x)g (21)

In our study the optimal bandwidth selection can be made by modifying the standard cross

validation method. This can be represented as

hCV = argmin
h

nX

t=1

½®(yt ¡ q¡t® (h)) (22)

where ½®(¢) is the loss function de¯ned by Koenker and Bassett (1978), and q¡t® (h) = inffy 2
RjF ¡t(yjx) ¸ ®g and F¡t(yjx) is a leave-one-out estimator of the conditional CDF.

Estimating and forecasting VaR via nonparametric quantile regression is straightforward.

For instance to estimate V aRt(®) ´ q®; one needs to estimate the conditional CDF by using

the kernel method and then estimate corresponding quantiles. We used the Gaussian kernel

where Gaussian kernel K(u) = 1p
2¼

exp(¡1
2u

2). Optimal bandwidths are chosen by the

robusti¯ed cross validation process explained before. In Section 4, we use xt = yt¡1: The

rolling scheme is used for estimation with the estimation sample size of 1250: That is, for

each out of sample forecasting point, we have dropped one distant observation and add a

recent one. The optimal bandwidth is chosen for each out of sample data point.
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2.4.2 Conditional Autoregressive VaR Models (CaViaR)

Engle and Manganelli (2000) suggest that VaR can be estimated by modeling only the quan-

tiles rather than the whole distribution by using the idea similar to the GARCH modeling:

V aRt = a0 + a1V aRt¡1 + f(xtjµ); (23)

where xt 2 Ft¡1; µ is a parameter, f(¢) is a function to explain the VaR model. In our study

two of the CaViaR speci¯cations are chosen:

Symmetric Absolute Value (CaViaRS)

V aRt = a0 + a1V aRt¡1 + a2jyt¡1j (24)

Asymmetric Slope Value (CaViaRA)

V aRt = a0 + a1V aRt¡1 + a2jyt¡1j + a3jyt¡1j ¢ 1(yt¡1 < 0) (25)

Then the estimation can be made via quantile regression. Due to the nondi®erentiability

the estimation can be achieved by linear programming method. More details can be found

in Koenker and Basset (1978) and for a recent discussion on quantile methods Buchkinsky

(1998). Filtered versions of the NPQ and CaViaR models are also considered. See Table 1

for the summary of the models we consider.

2.5 Extreme Value Theory

The VaR methodologies reviewed so far ignore extreme price movements and directly model

the whole return distribution. The main focus of EVT however, is to model the tails rather

than the entire return distributions. There has been various theoretical and empirical studies

in this ¯eld. For instance, Embrehcts et al. (1997) give an excellent review of EVT. Longin

(1996, 2000) use GEV to estimate the tail index via maximum likelihood estimation. Neft»ci

(2000) on the other hand uses GPD. We consider the three EVT models, namely, GEV,

GPD, and Hill's tail index estimation.

2.5.1 Generalized Extreme Value (GEV) Distribution: Longin (1996, 2000)

Consider the return series fytgTt=1 of a ¯nancial asset and the ordered return series fy(t)gTt=1

in increasing order y(t) · y(t+1) for all t: The sample minimum is y(1) over T sample period.
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If the returns are IID with the CDF FY (y); then the CDF of the minimal return, denoted

by GY (y); is given by

GY (y) = Pr(y(1) · y) = 1¡ Pr(y(1) > y) = 1¡
TY

t=1

Pr(yt > y)

= 1¡
TY

t=1

[1¡ Pr(yt · y)] = 1¡ [1¡ FY (y)]T : (26)

Thus G(y) is degenerated as T ! 1: Hence, we seek a limit law HX(x) with which a

normalization xT = (y(1) ¡ ¯T )=±T does not degenerate as T ! 1 for suitable normalizing

constants ¯T and ±T > 0. The limiting distribution of xT is the generalized extreme value

(GEV) distribution of Mises (1936) and Jenkinson (1955) of the form

HX(x) = 1¡ exp(¡(1 + ¿x)
1
¿ ) (27)

for 1 +¿x > 0. The corresponding limiting density function of fxTg as T ! 1; obtained by

di®erentiating HX(x), is given by

hX(x) = (1 + ¿x)
1
¿¡1 exp(¡(1 + ¿x)

1
¿ ): (28)

Hence the approximate density of y(1) for given T may be obtained by change of variables

which is

hY (xT ) =
1
±T

(1 + ¿xT )
1
¿ ¡1 exp(¡(1 + ¿xT )

1
¿ ); (29)

where 1
±T

is the Jacobian of the transformation.

Hence the three parameters µT = (¿ ¯T ±T)0 may be estimated by maximum likelihood

method. To implement it, Longin (1996, 2000) partition T samples into m non-overlapping

subsamples each with n observations. In other words, if T = mn; the ith subsample of the

return series is fy(i¡1)n+jgnj=1 for i = 1; : : : ;m: If T < mn; we drop some observation in

the ¯rst subsample so that it has less than n observations. The collection of the subperiod

minima is then fyn;ig where yn;i = min1·j·nfy(i¡1)n+jg; i = 1; : : : ;m: The likelihood function

of the subperiod minima is

mY

i=1

hY (xn) =
mY

i=1

hY
µ
yn;i ¡ ¯in
±in

¶
: (30)

Assuming µin = µn for all subperiods i = 1; : : : ;m, µn can be estimated for a numerical

optimization of the (log) likelihood.
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Consider the probability that the subperiod minimum yn;i is less than y¤n under the limit

law (27). Denoting x¤n =
y¤n¡¯n
±n ; it is

HX(x¤n) =HX
µ
y¤n ¡¯n
±n

¶
= Pr

µ
yn;i ¡ ¯n
±n

· y
¤
n ¡ ¯n
±n

¶
= Pr(yn;i · y¤n); (31)

which is therefore equal to

GY (y¤n) = 1 ¡ [1¡ FY (y¤n)]n = 1 ¡ (1¡ ®)n; (32)

where the second equality holds if y¤n = V aR(®): Hence, equating (31) and (32), we get

HX(x¤n) = 1¡ exp
³
¡(1 + ¿x¤n)

1
¿

´
= 1 ¡ (1¡ ®)n (33)

which yields the VaR forecasts

y¤n = V aR(®) = ¯n ¡ ±n
¿

f1¡ [¡ ln(1 ¡ ®)n]¿g : (34)

We denote this method as Longin(n) where n is the size of the subperiod. In Section 4, we

use n = 10 and 20: Tsay (2000) provides an excellent exposition of this method and other

VaR models.

2.5.2 Generalized Pareto Distribution (GPD): Neftci (2000)

An alternative approach to GEV method is based on exceedances over threshold (Smith 1989,

Davison and Smith 1990). According to this approach, we ¯x some high threshold u and

look at all exceedances e over u: The distribution of excess values is given by

Fu(e) = Pr(X < u+ ejX > u) = F (u + e)¡ F (u)
1¡ F (u) ; e > 0: (35)

Pickands (1975) shows that the asymptotic form of Fu(e) is

H(e) = 1 ¡
³
1 ¡ ¿ e

±

´1=¿
; (36)

where ± > 0 and 1 ¡ ¿ e
± > 0: This is known as the generalized Pareto distribution (GPD)

with its density

h(e) =
1
±

³
1¡ ¿ e

±

´1=¿¡1
: (37)

Let feigni=1 be the sample of exceedances over threshold with its sample size n: The likelihood
Qn
i=1 h(ei) may be maximized to estimate µ = (¿ ±)0: Once µ̂ = (¿̂ ±̂)0 is estimated V aR(®)

can be estimated as follows. From (35) and (36), we get

[1 ¡ F (u+ e)] = [1¡ F (u)][1 ¡H(e)]: (38)
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From this, by letting [1¡ F (u+ e)] = ®; [1¡F (u)] = n=T; and using the GPD distribution

H(V aRt(®)) in (36), we obtain the VaR estimate

V aRt(®) = ¡ ±̂
¿̂

Ã
1¡

µ
T®
n

¶¿̂!
; (39)

where T is the total observations and n is the number of exceedances.

The above discussion is for the upper tail (short position). In this paper we focus on

lower tails. However, if one uses negative return series f¡ytgTt=1 for the variable X in (35),

the above discussion continues to apply to the lower tails (long position). Let xt = ¡yt:
In choosing the threshold value u we follow Neft»ci (2000): u = 1:176 £ ¾̂T where ¾̂T is the

standard deviation of fxtgTt=1 from the whole sample and 1:176 = ©¡1t (0:10) = 1:440
q
º¡2
º

with t(6) distribution being assumed. Therefore, the extreme observations (exceedances over

the thresholds) would belong to 10% tails if its true distribution is indeed t(6). The number

of fxtgTt=1 that exceeds u is n:

2.5.3 Hill Estimator

As before, we assume the return series fytgTt=1 are i.i.d. and denote the ordered return series

as fy(t)gTt=1 in increasing order. Suppose y(n) < 0 and y(n+1) > 0 so that n is the number of

negative returns in the T observations. The GEV distribution in (27) with ¿ < 0 is known

as the Fr¶echet distribution with the CDF FY (y) = exp(¡y 1¿ ); y < 0: As shown in Embrechts

et al. (1997, p. 321), it reduces to

FY (y) = 1¡ Cy 1¿ ; jyj ¸ u ¸ 0 (40)

where C = u¡1=¿ is a slowly varying function with u being the known threshold. A popular

estimator of ¿ is due to Hill (1975) who shows that its maximum likelihood estimator is

¿̂ = ¡1
k

kX

t=1

ln jy(t)j + ln jy(k+1)j (41)

where k ´ k(n) ! 1 and k(n)=n ! 0: It is known that ¿̂ !p ¿ as n! 1 (Mason 1982):

We choose the sample fraction k using a bootstrap method of Danielsson et al. (2000). Once

¿ is estimated, the VaR estimate can be found from

V aRt(®) =
hn
k
(1¡ ®)

i¿̂
y(k+1): (42)

See Embrechts et al. (1997, p. 347).
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2.5.4 Filtered EVT VaR Models

One of themain criticism of the conventional VaR methodology (particularly EVT and HS) is

the implicit assumption of IID. In a recent paper McNeil and Frey (2000), a VaR estimation

method is proposed based on heteroscedastic return series. After ¯ltering the return series for

possible GARCH e®ect the EVT based VaR model can be ¯tted by using GPD distribution.

In other words, once the conditional volatility estimates for the return series are estimated

then return distributions can be standardized. In this section we have employed the same

idea for the other EVT models, namely, Hill and Longin methods. If we let the standardized

returns zt = (yt¡¹t)=¾t:Once the conditional volatility is ¯tted then one can follow the EVT

method for estimating the conditional quantile for zt: Finally, the Conditional VaR based

on EVT can be estimated from V aRt(®) = ¹t + V arzt (®)¾t; as described in the previous

section, where V arzt (®) is the EVT based quantiles of standardized residuals. McNeil and

Frey (2000) have only applied this methodology for the GPD distribution but we extend this

framework for the other EVT models namely, GEV and Hill estimators. In other words, for

the case of GEV and Hill estimators we ¯rst estimated the standardized residuals and then

EVT methodology is employed to estimate the quantiles of the standardized residuals. Then

this residuals are transformed into conditional VaR by using estimated mean equation and

volatility estimates. The critical point here is of course is the choice of volatility model. In

addition the estimate of the mean equation plays an important role in this context. In this

paper we have chosen two volatility models, GARCH and FIGARCH.

3 Evaluating VaR models

Our primary objective is to compare the various VaR models with the most popular model

(the benchmark). We use the EWMA(0.94) as a benchmark model and call it Model 0.

When several models using the same data are compared in predictive ability, it is crucial to

take into account the dependence among the models. Failing to do so will result in the data-

snooping problem which occurs when a model is searched extensively until a match with the

given data is found. Conducting inference without taking into account speci¯cation search

is commonly referred to as \data-snooping" and can be extremely misleading (see Lo and

MacKinlay 1999, Ch. 8). White (2000) develops a noble test to compare multiple models in

predictive ability accounting for speci¯cation search, built on West (1996) and Diebold and
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Mariano (1995).

Our evaluation of out-of-sample forecasts proceeds as follows. There are P predictions

in all for each model. The ¯rst prediction is based on the model with parameters estimated

using data from 1 to R, the second on the model with parameters estimated using data from

2 to R + 1; : : : ; and the last on the model with parameters estimated using data P ¡ 1 to

R + P ¡ 1 = T: Based on the estimated models using a series of rolling samples, each of

size R, one-step ahead forecasts are generated for P post-samples, resulting in P forecasts

to evaluate each model.

The comparison of l models via given forecast criteria can be formulated as hypothesis

testing of some suitable moment conditions of the loss-di®erential f. Consider an l£1 vector

of moments, E(f¤); where f¤ = f(Z; ¯¤) is an l £ 1 vector with elements f ¤k ´ fk(Z; ¯¤)
for a random vector Z = (Y;X 0)0 and ¯¤ ´ plim ^̄

n: Hypothesis testing for E(f ¤) can be

conducted whenever the l£ 1 sample moment vector

¹f = P¡1
TX

t=R

f(Zt+1; ^̄t) (43)

has a continuous limiting distribution. For example, when we compare Model k with the

benchmark model (k = 0) using a loss function Loss, the kth element of the l £ 1 sample

moment vector ¹f is the loss di®erential of Model k and Model 0, that is

¹fk = Loss0 ¡ Lossk (k = 1; :::; l): (44)

We now de¯ne the four forms of the loss function Loss:

3.1 Loss Functions

We consider l = 23 models plus a benchmark model with total 24 models in Section 4. Let

the indicator (a dummy) for the case when return falls beyond the VaR forecast estimated

from Model k be denoted as dkt ´ 1(yt < V aRkt (®)) for t = R; : : : ; T : Let the probability

of the unconditional coverage failure be denoted as p®k = Pr[yt < V aRkt (®)] = Pr(dkt = 1).

As the indicator fdkt g has a binomial distribution, the likelihood is L(p®k ) = (1¡ p®k )n0(p®k )n1
where n0 =

PT
t=R(1¡ dkt ) and n1 =

PT
t=R dkt are the number of 0's and 1's in the indicator

sequence fdkt gTt=1. Note that nk0 + nk1 = P: The indices ® and k in dkt ; p®k ; V aRkt (®); nk0; nk1
will often be suppressed below.
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The ¯rst loss function A®k is based on the quasi log-likelihood (QLL) of V aRkt (®), that is

QLL®k = ¡P ¡1
TX

t=R

jyt ¡ V aRkt (®)j ¢
£
®dkt + (1¡ ®)(1 ¡ dkt )

¤
; (45)

which weights the observed deviation from the VaR with the probability with which it is

supposed to occur. We de¯ne

Aak ´ ¡QLL®k : (46)

A®k is the loss function used in the quantile estimation (see Koenker and Bassett 1978, p.

38, Ferguson 1967, Bertail et al 2000). Larger QLL®k and thus smaller A®k indicate a better

goodness of ¯t.

The second loss function Bak is based on the tail mean return (TMR), which is de¯ned as

TMR®k = P¡1
TX

t=R

ytdkt
nk1
; (47)

where nk1 =
PT
t=R dkt is the number of tail returns to be used in computing TMR®k : TMR

is the mean return when return falls below the VaR. When n1 = 0; TMR is not de¯ned

and thus not reported. The blank cells in tables correspond to such cases. Larger TMR®k
indicates a more pro¯t and a smaller loss from trades in the tail. As only the long position

(lower tail) is considered in this paper ytdt and TMR®k take negative values. We de¯ne

B®k ´ ¡TMR®k ; (48)

so that all of our objective functions are to be minimized. Thus, the model with smaller B®k
is a better one. It may be noted that TMR is similar to the expected shortfall, E [ytjyt <
V aRt(®)]; which is proposed by Artzner et al (1999) as an alternative risk measure and

used in McNeil and Frey (2000). But they are di®erent in that TMR is the simple average

of shortfalls while expected shortfall is the average weighted using a tail density (e.g., an

extreme value distribution discussed in Section 2). Note that we use TMR for the purpose

of model selection instead of using it as an alternative risk measure.

The third loss function C®k is based on the likelihood ratio statistic of Christo®ersen

(1998). To test whether the probability of the unconditional coverage failure, p = Pr[yt <

V aRt(®)]; is equal to ®; that is to test H0 : p = ® against H1 : p 6= ®; consider the indicator

dt which has a binomial distribution with the likelihood L(p) = (1¡p)n0pn1. Under the null,

it is L(a) = (1 ¡ ®)n0®n1; and thus the likelihood ratio test statistic is

LR = ¡2 ln(L(®)=L(p̂)) d! Â(1); (49)
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where p̂ = n1
n0+n1

is the maximum likelihood estimator of p. We now de¯ne our third loss

function based on LR :

C®k ´ P¡1LR (50)

= P¡1[¡2 ln L(a) + 2 lnL(p̂®k)]

= P¡1
TX

t=R

¡2
£
dkt ln(®) + (1¡ dkt ) ln(1¡ ®)

¤
+ 2

£
dkt ln(p̂

®
k ) + (1¡ dkt ) ln(1¡ p̂®k )

¤
:

As the smaller LR indicates that the coverage probability p is closer to ®, the model with

lower C®k generates the VaR forecasts with a better coverage probability and thus C®k is to

be minimized. Note that C®k = 0 if p̂®k = ® and C®k > 0 if p̂®k 6= ®: It should also be noted

that the Christo®ersen test LR is to test the null hypothesis H0 : p®k = ® for a given model

k and it is not to compare models, while the White's reality check using C®k is for model

selection and to compare models. When nk1 = 0; p̂®k = 0 and thus ln(p̂®k ) and C®k are not

de¯ned. The blank cells in Tables 3-4 correspond to such cases.

The fourth loss functionD®k is based on BIC's minimum required capital (MRC). Forecast

precision of VaR models is also central for Basel Committee's capital requirements (see

Jorion pp. 129). In other words, the forecast performance of internal VaR models are used

to determine the required capital for commercial banks. For VaR with 99% probability the

Basel Committee uses the following capital requirement rule (for ® = 0:99) for banks to

allocate capital (see Jorion p. 65)

D®k ´ MRC®k ´ max

"
m

1
60

60X

i=1

V aRkt¡i(®); V aR
k
t¡i(®)

#
(51)

where m = 3 if dt · 4; m = 3:40 if dt = 5; m = 3:50 if dt = 6; m = 3:65 if dt = 7; m = 3:75

if dt = 8; m = 3:85 if dt = 9; and m = 4:00 if dt ¸ 10: Therefore our ¯nal loss function

is a real loss function for a bank where the worse the internal model used the higher the

capital will be required to put aside. To put it di®erently, the better the precision of the

bank's internal risk model the lesser penalty it will face. Therefore, the lower the MRC the

better the risk precision of a model. It is also important to note that there is no loss function

corresponding to VaR with probability of ® = 0:95. For this case, no m values are assigned

by the Basel Committee. Furthermore, in our empirical section we employed only a one step

ahead forecasts (rather than 5 days or 10 days ahead forecasts) since the backtesting rules

of Basle Committee requires only one day holding period i.e. one step ahead forecasts.
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All of the four objective functions A®k ; B®k ; C®k ; and D0:99
k for our VaR reality check will

be minimized. Note that all four loss functions are expressed as sample moments of the

form P¡1
PT
t=R xt with xt being the respective summands expressed in (45), (47), (50), and

(51), so that test statistics can be formulated based on the sample moment vector of loss

di®erentials as in (43).

Inevitably, each loss function has its advantages and disadvantages depending on the need

and perspective. For instance, the regulators (i.e. BIS or central banks) would like to put

more weights on coverage probabilities therefore the loss function C would be more suitable

for them. If, on the other hand, the focus is the di®erence between the actual return and

the risk forecasts, then the loss A may be the most appropriate. If an institution wants to

ensure avoiding potential big losses, it will prefer VaR models to be evaluated under the loss

B: Therefore, we have used three di®erent loss functions to re°ect the notion that di®erent

agents may have di®erent objectives to evaluate risk measurement forecasts. Hence, we use

all three objectives in our empirical section.

3.2 Reality Check for Predictive Ability

Suppose one-step predictions are to be made for P prediction periods, indexed from R

through T , so that T = R + P ¡ 1: Here, P and R may increase as the sample size T

increases. The ¯rst forecast is based on the model parameter estimator ^̄
R, formed using

observations 1 though R; the next based on the model parameter estimator ^̄
R+1; formed

using observations 2 though R+ 1; and so forth, with the ¯nal forecast based on the model

parameter estimator ^̄
T: Often, model comparison via forecast criteria can be conveniently

formulated as hypothesis testing of some suitable moment conditions. Consider an l£1 vector

of moments, E(f ¤); where f¤ = f (Z; ¯¤) is an l£ 1 vector with elements f ¤k ´ fk(Z; ¯¤) for
a random vector Z = (Y;X 0)0 and ¯¤ ´ plim ^̄T : As discussed earlier, hypothesis testing for

E(f¤) can be conducted whenever the l£1 sample moment vector ¹f = P¡1
PT
t=Rf (Zt+1; ^̄t)

has a continuous limiting distribution.

West (1996, Theorem 4.1) shows that under proper regularity conditions,
p
P ( ¹f ¡ E(f ¤)) ! N(0;­) in distribution (52)

as P ´ P (T) ! 1 when T ! 1; where ­ is a l£ l matrix

­ = lim
T!1

var[P¡
1
2

TX

t=R

f(Zt+1; ^̄t)]; (53)
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which is a complicated expression as ­ depends on the estimated parameter ^̄t. When either

F ´ E(@f¤=@¯) = 0 (54)

or P=R ! 0 as T ! 1; ­ can be substantially simpli¯ed because then ­ does not depend

on the estimated parameter ^̄t and

­ = lim
T!1

var[P¡
1
2

TX

t=R

f(Zt+1; ¯¤)]; (55)

which corresponds to West's (1996) Theorem 4.1(a) and the result of Diebold and Mariano

(1995). Here, the e®ect of using ^̄
t rather than ¯¤ is asymptotically negligible. One can

proceed as if ¯¤ were known and were equal to ^̄
t in period t: However, when F 6= 0; as is the

case in this paper due to the use of the indicator dt in our three loss functions, ­ is unknown

and depends on ^̄
t: In this case, although ­ is not feasible to derive even asymptotically, a

bootstrap procedure may be used to obtain the null distribution of the statistic.

When we compare a single model (l = 1) with a benchmark we can use Diebold and

Mariano's (1995) test and West's (1996) test with an appropriate estimator of ­. When

we compare multiple forecasting models (l > 1) against a given benchmark model, however,

sequential use of Diebold and Mariano (1995) and West (1996) tests may result in a data-

snooping bias since the test statistics are mutually dependent due to the use of the same

data. See Lo and MacKinlay (1999, Ch.8) and White (2000) for more discussions on the

biases due to data snooping. To account for possible bias due to data snooping, we use

White's (2000) procedure. The appropriate null hypothesis is that the best model is no

better than a benchmark, expressed formally as

H0 : max1·k·l E(f¤k ) · 0: (56)

This is a multiple hypothesis, the intersection of the one-sided individual hypotheses E(f ¤k ) ·
0; k = 1; : : : ; l: The alternative is that H0 is false, that is, that the best model is superior to

the benchmark. White's (2000) test statistic for H0 in (56) is formed as follows:

¹V ´ max
1·k·l

p
P ¹fk; (57)

which converges in distribution to max1·k·l Zk under H0; where the limit random vector

Z = (Z1; : : : ; Zl)0 is N(0;­): This null limit distribution is however unknown (due to

unknown ­) and not feasible to derive even asymptotically. White (2000) suggests to use
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the stationary bootstrap of Politis and Romano (1994) to obtain the null distribution of ¹V :

This gives appropriate p-values for testing the null hypothesis that the best model has no

predictive superiority relative to the benchmark (White, 2000, Corollary 2.4). The p-value

is called the \Reality Check p-value" for data snooping. White (2000, Proposition 2.5) also

shows that the test's level can be driven to zero at the same time the power approaches to

one as ¹V diverges at rate P 1
2 under the alternative. Implementation of the Reality Check

bootstrap and an illustrative example can be found in White (2000). See also Sullivan,

Timmermann and White (1998, 1999) for applications to the studies of technical trading

rules and calendar e®ects in asset markets.

White (2000, Theorem 2.3 & Corollary 2.4) shows that a su±cient condition for the

validity of the stationary bootstrap procedure is (P=R) log logR! 0 as n! 1; no matter

whether E(@f ¤=@¯) = 0. White (2000) only considers di®erentiable Ã (e.g., MSFE). As

noted in White (2000, p. 1100), it is possible to extend his procedure to nondi®erentiable

Ã (e.g., our four loss functions). Checking White's (2000) proof, we can see that when no

parameter estimation is involved, White's (2000) procedure is applicable to nondi®erentiable

Ã:We expect that when parameter estimation is involved, the impact of parameter estimation

uncertainty is asymptotically negligible (so that ­ is as in (4.1)) when P grows at a suitably

slower rate than R. In this case, we conjecture that White's (2000) procedure continues to

hold for nondi®erentiable Ã no matter whether @E(f ¤)=@¯ = 0. However, the proof is much

involved and has to be pursued in further work. We note that McCracken's (2000) approach

will be useful here.

Under appropriate conditions and under the null hypothesis, the distribution of
p
P ( ¹f ¤¡

¹f) converges to that of
p
P ( ¹f ¡ E(f ¤)) where ¹f ¤ is obtained from the stationary bootstrap.

We obtain the empirical quantiles of the statistic

¹V ¤ = max
1·k·l

p
P ( ¹f¤k ¡ ¹fk) (58)

and, accordingly, the p-value for testing the null hypothesis that the best model has no

predictive superiority relative to the benchmark (White, 2000, Corollary 2.4). This p-value

is called the \Reality Check p-value" for data snooping.

The inclusion of ¹fk in (58) guarantees that the statistic satis¯es the null hypothesis

E( ¹f¤k ¡ ¹fk) = 0 for all k. This setting makes the null hypothesis the least favorable to the

alternative and consequently, it renders a very conservative test. When a highly misspeci¯ed

model is introduced, the reality check p-value becomes very large and, depending on the
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variance of ¹fk, it may remain large even after the inclusion of better models. Hence, the

White's reality check p-value may be considered as an upper bound of the true p-value.

Hansen (2001) considered di®erent adjustments to (58) providing a lower bound for the

statistic as well as intermediate values that depend of the variance of ¹fk: In Hansen (2001)

the statistic (58) is modi¯ed as

¹V ¤ = max1·k·l
p
P ( ¹f¤k ¡ g( ¹fk)) (59)

Di®erent g(¢) functions will produce di®erent bootstrap distributions that are compatible

with the null hypothesis. If g( ¹fk) = max( ¹fk; 0); the null hypothesis is the most favorable

to the alternative, and the p-value associated with the test statistic under the null will be

a lower bound of the true p-value. Hansen (2001) recommends setting g(¢) as a function of

the variance of ¹fk , i.e.

g( ¹fk) =
½

0 if ¹fk · ¡Ak
¹fk if ¹fk > ¡Ak (60)

where Ak = 1
4P

1=4
p

var( ¹fk) and the variance can be estimated from the bootstrap resamples.

4 Empirical Results

Daily nominal foreign exchange (FX) rate series are obtained from Datastream for the Asian

countries: Thailand baht, Korean won, Russian rouble, Turkish lira, and Brazilian real.

Since the crisis FX crisis hit these countries di®erently, we analyzed various periods that

a®ected these markets. Table 2 presents the summary of the data. For Korea the sample

period was between January 12, 1992 to October 1, 1997 including 1262 observations, i.e.,

R = 1262. We have forecasted the FX rate risk of Korean won until October 9, 1998 using

P = 250. For Thailand baht we analyzed the period between January 1, 1992 and June

30, 1997 as our in sample period R = 1434. For out-of-sample risk forecast analysis we

use the daily data until June 15, 1998 with P = 250 similar time period where begin our

analysis. Daily logarithmic returns for FX rates are analyzed. The FX crisis of Brazil has

been investigated by using the daily rates between January 1, 1993 and December 31, 1998.

The out-of-sample period was until December 17, 1999, again P = 250. For the Russian bond

market crisis which resulted in a severe devaluation in Russian rouble has been investigated

between May 7, 1993 and March 8, 1998, including 1947 observations, i.e., R = 1947. For

the Turkish FX market crisis took place in 1994 was investigated between the daily Turkish

lira rates beginning from January 1, 1990 to April 1, 1994 with R = 1087. We analyze the

23



crisis until December 14, 1995 with P = 250 and the analysis contains only short position,

i.e., we looked at from the right tail of the FX return distribution.

In the Tables 3 and 4 we present the forecast results for Thailand's baht and Brazilian

real. Both of these tables report the test statistic values of Christo®ersen (1998) coverage

probability tests. The results show some similarities between these two countries. For Thai-

land, if we investigate the VaR forecasts for ® = 0:05; we noticed that very rare models

have adequate performance. For instance, when the actual coverage probability was 0.05,

the estimated probability for EWM model was 0.08 and has a Likelihood Ratio test statistic

of 4.1 which rejects the probability of actual and estimated probabilities are equal. This is

true almost for each risk models except the GARCH ¯ltered Hill method. For this method

we observe a LR of unconditional coverages equal to 0.54 where we can not reject the null

that the estimated and actual coverages are equal since the critical value of such test is 3.84.

The same is true for the test for conditional coverages. In this case conditional coverages of

Filtered Hill method again seems to be satisfactory. When we consider the VaR for proba-

bility 0.01 we notice a di®erent result. In this case many of the ¯ltered methods seemed to

fare better than other regular models. Particularly, Filtered HS, Filtered EVT with GPD,

GEV and Hill estimators, and Filtered NPQ are all seemed to have satisfactory probability

coverages. Many un l̄tered models such as EWMA, MC GBM, GARCH, and un l̄tered EVT

models fail to capture the actual coverages. Relatively less e±cient forecasting precision of

CaViaR model, Hull and White (1998) model, ¯ltered bootstrap model were also revealed

from this country study. As before, Filtered HS and NPQ models were relatively e±cient

in capturing the coverage probabilities of risk forecasts. For this country one of the most

interesting results is that the Filtered Nonparametric Methods do at least as well as Fil-

tered EVT models. We did the similar analysis for Brazilian Real which also su®ered from

¯nancial crisis hit Brazil. The results obtained from this country has some similarities and

dissimilarities to Thailand case. First, for ® = 0:05; there are more models that appear to

be more satisfactory than that of Thailand's Baht. Conventional EWMA and conventional

Variance-covariance model as well as Filtered Monte Carlo and Hill estimators seemed to be

successful. The picture changes somewhat di®erently when we look at risk forecast at the

probability of ® = 0:01: In this circumstances we can see that the most successful one was

again l̄tered methods. Particularly, the ¯ltered Historical Simulation seems to forecast the

actual coverages most e±ciently. Other l̄tered methods, especially, Filtered EVT models
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such as GPD, GEV, and Hill show a signi¯cant coverage probabilities. On the other hand,

CaViaR, Hull and White and partly Filtered Bootstrapped methods produced relatively in-

e±cient risk forecasts under this test statistics. A general ¯nding up to this point can be

stated that ¯ltering is very useful in detecting risk forecasts but this does not have to be

done under EVT methods. Most surprisingly, the most conventional risk model of EWMA

volatility does a very good job for this exchange rate series. Particularly, ¯ltered HS method

produced very e±cient coverage probabilities for both countries and probabilities.

5 Conclusions

In this paper we evaluate predictive performance of various conditional and unconditional

Value-at-Risk (VaR) models. This study can also be considered as a stress testing exercise

since it covers the recent crises in Southeast Asia, Russia, Brazil and most recently Turkey.

We analyzed the daily predictive performance of many VaR models such as exponentially

weighted moving average (EWMA), historical simulation (HS), Monte Carlo (MC), boot-

strap methods, nonparametric quantile regression (NPQ), extreme value theory (EVT), and

conditional autoregressive VaR (CaViaR). These models will be called unconditional VaR

models or un¯ltered VaR models. We also apply these methods to the standardized resid-

uals by various conditional variance models to compute the VaR, which we call here the

conditional VaR (CVaR) models or ¯ltered VaR models. For example, the CVaR models

we consider are the Filtered HS, Filtered MC, Filtered bootstrap, Filtered NPQ, Filtered

EVT, and Filtered CaViaR models. We compare and evaluate them in several dimensions:

(1) VaR versus CVaR models, (2) CVaR models based on various ¯ltering schemes (e.g.,

GARCH versus FIGARCH), (3) Gaussian distribution versus various skewed and leptokur-

tic distributions, (4) conventional distributions versus EVT distributions, and (5) parametric

versus nonparametric methods. Our forecast evaluation uses one step ahead prediction for

250 day forecast samples to be compatible with the backtesting regulation of Bank for In-

ternational Settlements (BIS). Various objective functions and evaluation methods are used.

Results indicate that the choice of l̄tering scheme and the degree of severity of crisis appear

to be crucial factors in assessing the performance of risk forecasts.
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TABLE 1. VaR Models

Variance Models Historical Simulation Simulating GBM Quantile Regressions EVT
Un¯ltered VaR MA HS MC GBM NPQ GEV

EWMA Bootstrap GBM CaViaRS GPD
GARCHN CaViaRA Hill
FIGARCHN
GARCHH

Filtered VaR HS-GARCHN MC GBM-GARCHN NPQ-GARCHN GEV-GARCHN
(Filtered Bootstrap HS-GARCHN Bootstrap GBM-GARCHN CaViaRS-GARCHN GPD-GARCHN
with GARCHN) HWHS CaViaRA-GARCHN Hill-GARCHN

Notes: (1) The subscripts N and H in GARCHN ; GARCHH; and FIGARCHN denote the distribution used for the maximum
likelihood estimation. We use Gaussian normal and Hansen's (1994) skewed t; which are denoted as N and H; respectively.
For example, GARCHN denotes the GARCH model estimated using Gaussian normal density, and GARCHH is the GARCH
model estimated using Hansen's skewed t: (2) The conditional VaR (CVaR) models are denoted in the form \Unconditional
VaR-Variance Model", where Variance Model denotes model for ¾2t that is used to compute zt = "t=¾t: (3) MA = moving
average; EWMA = exponentially weighted MA; HS = historic simulation; HWHS = Hull and White's (1998) modi¯ed HS;
NPQ = nonparametric quantile regression of Cai (2002); MC = Monte Carlo; EVT = extreme value theory; GPD = generalized
Pareto distribution; GEV = generalized extreme value distribution; GBM = geometric Brownian motion.



TABLE 2. Data

Country Currency In-Sample Period R Out-of-Sample Period P
Thailand Baht January 1, 1992 - June 30, 1997 1434 July 1, 1997 - 6 15 1998 250
Korea Won December 1, 1992 - September 30, 1997 1262 October 1, 1997 - October 9, 1998 250
Russia Rouble May 7, 1993 - March 8, 1998 1326 March 9, 1998 - June 19, 1999 250
Turkey Lira Janaury 1, 1990 - March 31, 1994 1087 April 1, 1994 - December 14, 1995 250
Brazil Real January 1, 1993 - December 31, 1998 1106 January 1, 1999 - December 17, 1999 250

Notes: (1) Source: Data Stream. (2) Daily nominal foreign exchane rates.



TABLE 3. Christo®ersen Test: Thailand and Korea

Thailand Korea
® = 0:05 ® = 0:01 ® = 0:05 ® = 0:01

k Model p̂0:05k LR1 LR2 p̂0:01k LR1 LR2 p̂0:05k LR1 LR2 p̂0:05k LR1 LR2
1 EWMA .080 4.10 9.40 .024 3.58 2.423
2 MA .156 39.06 14.91 .088 58.43 14.794
3 GARCHN .084 5.17 0.463 .044 15.96 1.017
4 HS .414 294.37 4.801 .165 159.04 15.116
5 HS-GARCHN .008 14.04 0.032 .004 1.16 0.008
6 MC .309 170.98 14.812 .229 260.94 19.567
7 MC-GARCHN .140 11.98 0.683 .064 33.26 0.001
8 GPD .892 1161.95 3.333 .189 195.71 28.824
9 GPD-GARCHN .008 14.04 0.032 .004 1.164 0.008

10 GEV10 .470 370.26 3.646 .430 648.109 3.718
11 GEV10-GARCHN .008 14.04 0.032 .004 1.164 0.008
12 GEV20 .470 370.26 3.646 .430 648.109 3.718
13 GEV20-GARCHN .474 375.92 5.797 .004 1.164 0.008
14 Hill .205 73.39 17.810 .100 72.431 28.468
15 Hill-GARCHN .040 0.54 0.837 .008 0.104 0.032
16 HW .470 370.26 11.052 .181 183.267 21.707
17 Bootstrap-GARCHN .538 470.92 3.587 .052 22.404 1.433
18 CaViaRS .153 36.57 13.232 .068 37.163 2.479
19 CaViaRS-GARCHN .165 44.23 21.885 .088 58.432 19.390
20 CaViaRA .137 27.24 2.851 .080 49.592 1.186
21 CaViaRA-GARCHN .165 44.23 2.302 .080 49.592 1.186
22 NPQ .442 331.52 5.185 .189 195.709 12.482
23 NPQ-GARCHN .008 14.04 0.032 .008 0.104 0.032
24 GARCHH .092 7.61 13.300 .040 13.017 0.705



TABLE 3. Christo®ersen Test (continued): Russia and Turkey

Russia Turkey
® = 0:05 ® = 0:01 ® = 0:05 ® = 0:01

k Model p̂0:05k LR1 LR2 p̂0:01k LR1 LR2 p̂0:05k LR1 LR2 p̂0:05k LR1 LR2
1 EWMA .052 0.03 14.02 .020 1.98 9.01
2 MA .040 0.54 13.46 .012 0.10 5.43
3 GARCHN .068 1.58 8.46 .032 7.78 1.38
4 HS .124 20.95 24.07 .048 19.09 5.70
5 HS-GARCHN .056 0.20 12.40 .012 0.10 0.07
6 MC .080 4.10 17.28 .044 15.96 17.87
7 MC-GARCHN .060 0.52 10.95 .028 5.53 0.41
8 GPD .996 1473.08 0.01 .068 37.16 38.24
9 GPD-GARCHN .161 41.61 56.86 .618 1089.23 8.29

10 GEV10 .149 34.14 13.93 .092 63.00 21.41
11 GEV10-GARCHN |- { { { { {
12 GEV20 .169 46.90 25.10 .092 63.00 21.41
13 GEV20-GARCHN || { { { { {
14 Hill .104 11.98 1.38 .024 3.58 2.42
15 Hill-GARCHN .032 1.91 38.49 .012 0.10 0.07
16 HW .149 34.14 22.27 .064 33.26 14.26
17 Bootstrap-GARCHN .221 86.48 22.27 .044 15.96 25.02
18 CaViaRS .165 44.23 11.55 .028 5.53 6.74
19 CaViaRS-GARCHN .181 55.24 20.81 .076 45.33 19.11
20 CaViaRA .189 61.08 5.40 .060 29.50 10.95
21 CaViaRA-GARCHN .241 103.89 2.11 .072 41.19 4.18
22 NPQ .124 20.95 24.07 .060 29.50 6.72
23 NPQ-GARCHN .012 10.73 0.07 .056 25.88 12.40
24 GARCHH



TABLE 3. Christo®ersen Test (continued):Brazil

Brazil
® = 0:05 ® = 0:01

k Model p̂0:05k LR1 LR2 p̂0:01k LR1 LR2
1 EWMA 0.040 0.543 0.837 0.012 0.099 0.073
2 MA 0.052 0.025 9.575 0.044 15.961 12.555
3 GARCHN 0.072 2.303 0.087 0.024 3.584 0.296
4 HS 0.281 141.947 8.196 0.060 29.499 16.874
5 HS-GARCHN 0.072 2.303 0.087 0.012 0.099 0.073
6 MC 0.116 17.129 20.151 0.068 37.163 18.596
7 MC-GARCHN 0.068 1.579 0.027 0.024 3.584 0.296
8 GPD 0.988 1441.731 0.073 0.052 22.404 14.875
9 GPD-GARCHN - - - - - -
10 GEV10 0.426 310.096 4.165 0.277 345.211 4.571
11 GEV10-GARCHN 0.004 18.402 0.008 0.004 1.164 0.008
12 GEV20 0.434 320.742 6.876 0.333 450.811 3.215
13 GEV20-GARCHN 0.45 342.425 6.794 0.004 1.164 0.008
14 Hill 0.108 13.616 40.466 0.044 15.961 12.555
15 Hill-GARCHN 0.032 1.907 0.531 0.004 1.164 0.008
15 HW 0.285 145.978 7.134 0.06 29.499 55.479
17 Bootstrap-GARCHN 0.434 320.742 6.876 0.036 10.282 0.752
18 CaViaRS 0.177 52.406 13.801 0.104 77.279 16.895
19 CaViaRS -GARCHN 0.177 52.406 16.786 0.133 113.481 13.759
20 CaViaRA 0.177 52.406 8.664 0.092 63.004 17.592
21 CaViaRA-GARCHN 0.149 34.142 18.013 0.104 77.279 12.946
22 NPQ 0.321 183.993 3.290 0.068 37.163 18.596
23 NPQ-GARCHN 0.012 10.734 0.073 0.080 49.592 0.306
24 GARCHH 0.032 1.904 36.157 0.012 0.099 0.073



TABLE 4a. Reality Check: Thailand

k Model A0:05
k RC A0:01

k RC B0:05
k RC B0:01

k RC C0:05
k RC C 0:01

k RC D0:01
k RC

1 EWMA 2.44 .052 4.09 .104 0.014 .325 0.020 .507 0.016 .964 0.014 .954
2 MA 1.81 .127 2.93 .201 0.011 .472 0.013 .649 0.157 .548 0.235 .353
3 GARCHN 2.36 .036 3.90 .085 0.011 .438 0.013 .671 0.021 .958 0.064 .820
4 HS 0.72 .388 1.97 .326 0.007 .498 0.010 .698 1.182 .000 0.639 .004
5 HS+GARCHN 16.11 .000 32.18 .000 0.024 .074 0.027 .188 0.056 .772 0.005 .908
6 MC 1.01 .307 1.30 .467 0.008 .470 0.001 .755 0.687 .004 1.048 .000
7 MC+GARCHN 2.39 .034 3.49 .141 0.011 .420 0.013 .635 0.048 .913 0.134 .632
8 GPD 0.234 1.000 2.11 .308 0.002 1.000 0.008 .884 4.666 .000 0.786 .000
9 GPD-GARCHN 10.61 .000 47.61 .000 0.024 .089 0.027 .175 0.056 .786 0.005 .930

10 GEV10 0.58 .475 0.65 .990 0.006 .536 0.006 .967 1.487 .000 2.603 .000
11 GEV10-GARCHN 23.19 .000 40.92 .000 0.024 .091 0.027 .189 0.056 .778 0.005 .917
12 GEV20 0.58 .458 0.64 1.000 0.006 .537 0.006 .974 1.487 .000 2.603 .000
13 GEV20-GARCHN 0.718 .442 41.20 .000 0.005 .612 0.027 .178 1.510 .000 0.005 .919
14 Hill 1.50 .156 2.74 .200 0.009 .482 0.012 .679 0.295 .180 0.291 .220
15 Hill-GARCHN 4.07 .000 16.79 .000 0.014 .253 0.024 .232 0.002 .993 0.000 .980
16 HW 0.70 .398 2.72 .249 0.006 .563 0.009 .815 1.487 .000 0.736 .001
17 Bootstrap-GARCHN 0.51 .503 3.55 .118 0.005 .574 0.012 .690 1.891 .000 0.090 .740
18 CaViaRS 1.09 .285 3.17 .189 0.008 .487 0.013 .639 0.507 .023 0.149 .582
19 CaViaRS-GARCHN 1.05 .307 3.75 .133 0.008 .467 0.011 .673 0.538 .015 0.235 .350
20 CaViaRA 1.20 .226 3.08 .181 0.009 .486 0.013 .649 0.389 .079 0.199 .444
21 CaViaRA-GARCHN 1.19 .235 2.98 .185 0.009 .500 0.012 .669 0.334 .144 0.199 .447
22 NPQ 0.66 .432 1.81 .365 0.006 .521 0.010 .749 1.331 .000 0.786 .000
23 NPQ-GARCHN 23.62 .000 15.78 .000 0.024 .077 0.024 .232 0.056 .797 0.000 .989
24 GARCHH 1.06 .300 1.53 .409 0.006 .515 0.007 .969 0.961 .000 1.810 .000

Notes: (1) The sample period of the data is from to December x, xxxx with the total xxxx observations. The models are estimated
using R = xxxx observations. (2) RC denotes the reality check p-value of White (2000) test computed using the stationary bootstrap of
Politis and Romano (1994, PR). The Bootstrap Reality Check p-values are computed with 1,000 bootstrap resamples and the bootstrap
smoothing parameter q = 0.5. See PR or White (1998) for the details. The p-values for q = 0:25 and 0:75 are similar and are not
reported. RC is to compare all of the models except model k with model k (k = 1; : : : ; 26): That is to consider each model k as the
benchmark model. (3) LR is the estimated statistics of Christo®ersen (1998), distributed asymptotically Â(1) with the 5% critical value
3.84. Note that LR = C®k £ P and thus the loss C®k = P¡1 £ LR. (4) Loss D, D®k ; is MRC, de¯ned only for ® = 0:01 by the BIC.



TABLE 4b. Reality Check: Korea

k Model A0:05k RC A0:01
k RC B0:05

k RC B0:01
k RC C0:05

k RC C 0:01
k RC D0:01

k RC
1 EWMA
2 MA
3 GARCHN
4 HS
5 HS+GARCHN
6 MC
7 MC+GARCHN
8 GPD
9 GPD-GARCHN

10 GEV10
11 GEV10-GARCHN
12 GEV20
13 GEV20-GARCHN
14 Hill
15 Hill-GARCHN
16 HW
17 Bootstrap-GARCHN
18 CaViaRS
19 CaViaRS-GARCHN
20 CaViaRA
21 CaViaRA-GARCHN
22 NPQ
23 NPQ-GARCHN
24 GARCHH

Notes: See Table 4a.



TABLE 4c. Reality Check: Russia

k Model A0:05k RC A0:01
k RC B0:05

k RC B0:01
k RC C0:05

k RC C 0:01
k RC D0:01

k RC
1 EWMA
2 MA
3 GARCHN
4 HS
5 HS+GARCHN
6 MC
7 MC+GARCHN
8 GPD
9 GPD-GARCHN

10 GEV10
11 GEV10-GARCHN
12 GEV20
13 GEV20-GARCHN
14 Hill
15 Hill-GARCHN
16 HW
17 Bootstrap-GARCHN
18 CaViaRS
19 CaViaRS-GARCHN
20 CaViaRA
21 CaViaRA-GARCHN
22 NPQ
23 NPQ-GARCHN
24 GARCHH

Notes: See Table 4a.



TABLE 4d. Reality Check: Turkey

k Model A0:05k RC A0:01
k RC B0:05

k RC B0:01
k RC C0:05

k RC C 0:01
k RC D0:01

k RC
1 EWMA
2 MA
3 GARCHN
4 HS
5 HS+GARCHN
6 MC
7 MC+GARCHN
8 GPD
9 GPD-GARCHN

10 GEV10
11 GEV10-GARCHN
12 GEV20
13 GEV20-GARCHN
14 Hill
15 Hill-GARCHN
16 HW
17 Bootstrap-GARCHN
18 CaViaRS
19 CaViaRS-GARCHN
20 CaViaRA
21 CaViaRA-GARCHN
22 NPQ
23 NPQ-GARCHN
24 GARCHH

Notes: See Table 4a.



TABLE 4e. Reality Check: Brazil

k Model A0:05
k RC A0:01

k RC B0:05
k RC B0:01

k RC C0:05
k RC C0:01

k RC D0:01
k RC

1 EWMA 0.35 .000 3.44 .188 .0045 .058 0.029 .234 2.28 .000 0.000 .982
2 MA 0.39 .000 3.73 .185 .0041 .877 0.021 .455 1.12 .724 0.064 .742
3 GARCHN 0.43 .000 2.69 .275 .0064 .000 0.022 .467 1.12 .906 0.014 .919
4 HS 0.58 .000 2.59 .288 .0054 .000 0.018 .471 2.31 .000 0.118 .487
5 HS+GARCHN 0.35 .000 3.81 .128 .0055 .000 0.020 .502 1.12 .897 0.003 .985
6 MC 0.33 .000 1.76 .394 .0042 .447 0.016 .490 3.81 .000 0.149 .369
7 MC+GARCHN 0.58 .000 2.51 .304 .0064 .000 0.022 .460 1.12 .889 0.014 .918
8 GPD 0.00 .973 2.81 .276 - - 0.019 .456 - - 0.090 .625
9 GPD-GARCHN - - - - - - - - - - - -

10 GEV10 0.39 .000 0.77 .859 .0041 .867 0.007 .889 1.12 .709 1.386 .000
11 GEV10-GARCHN 0.35 .000 41.58 .000 .0045 .061 0.034 .259 2.28 .000 0.005 .913
12 GEV20 0.33 .000 0.66 1.000 .0042 .423 0.006 .999 3.81 .000 1.810 .000
13 GEV20-GARCHN 0.58 .000 40.23 .000 .0064 .000 0.034 .258 1.12 .904 0.005 .899
14 Hill 0.43 .000 3.26 .231 .0064 .000 0.021 .457 1.12 .904 0.064 .731
15 Hill-GARCHN 0.58 .000 6.51 .004 .0054 .001 0.034 .269 2.31 .000 0.005 .912
16 HW 0.40 .000 7.64 .022 .0041 .656 0.014 .551 1.10 .864 0.118 .510
17 Bootstrap-GARCHN 0.35 .000 2.59 .269 .0055 .000 0.010 .806 1.12 .905 0.041 .763
18 CaViaRS 0.44 .000 2.00 .358 .0054 .000 0.013 .591 2.31 .000 0.235 .183
19 CaViaRS-GARCHN 0.39 .000 1.80 .392 .0041 .876 0.011 .679 1.12 .712 0..371 .050
20 CaViaRA 0.00 .963 2.09 .381 - - 0.013 .600 - - 0.235 .207
21 CaViaRA-GARCHN 0.35 .000 2.04 .378 .0045 .070 0.013 .608 2.28 .000 0.235 .202
22 NPQ 0.40 .000 1.80 .384 .0041 .650 0.016 .519 1.10 .897 0.149 .403
23 NPQ-GARCHN 0.44 .000 1.58 .423 .0054 .000 0.012 .655 2.31 .000 0.199 .259
24 GARCHH 0.33 .000 3.19 .215 .0004 .439 0.029 .225 3.81 .000 0.000 .985

Notes: See Table 4a.


