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CHRISTIAN JOCHUM*

Robust Volatility Estimation

1. Introduction: Why Volatility Forecasting?

For two reasons the exact estimation of the vola-
tility of a financial asset is of crucial importance to
the investor. For any application in option pricing,
which relies on the formulation proposed by
BLACK and SCHOLES (1973), the volatility is
the factor ultimately defining the price of the de-
rivative instrument. Secondly, portfolio manage-
ment and hedging strategies recognize the vari-
ance as the variable which describes the risk of the
asset.

While, in the standard deviation, statistical theory
provides a highly efficient way to estimate the dis-
persion and consequently the variance of a vari-
able, this measure is depending crucially on the as-
sumption that the underlying distribution is normal
in nature. Even slight deviations from this as-
sumption make the standard deviation highly un-
reliable in the sense that the estimated value will
fluctuate considerably around the true value. This
of course makes it a hazardous tool for pricing
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and hedging decisions. That financial markets data
do deviate from the ideal model of normality has
first been shown by FAMA (1965) and can nowa-
days be seen as a well established empirical fact.
The deviation from normality is characterized by
three regularities of return series: (1) Asset re-
turns tend to be leptokurtic (heavy tailed), mean-
ing that one encounters more “far off” observa-
tions than the normal distribution would predict.
(2) Asset returns show volatility clustering, in the
sense that the size of the current return change in-
fluences the size of the next change. (3) Finally, in
stock price returns evidence for a leverage effect
is found, since negative returns tend to be associ-
ated with higher levels of volatility.

Among the models proposed to account for and
make use of these characteristics, the by far most
successful one has been the linear ARCH(q)
model (ENGLE, 1982) and a wide variety of ex-
tensions. The core idea behind this approach is the
insight that even though innovations in market
returns are not correlated they are not independent
either. This dependence stems from the fact that
markets show volatility clustering, which again is
closely related to the existence of heavy tails.

If one turns back to the start of the story, namely
the problem of volatility estimation in the face of
continued deviations from the normal distribution
assumption, a second class of models offers some
promising insights. Robust estimators of scale
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(volatility) can be seen as a means to estimate the
dispersion of a variable, if the variable’s distribu-
tion is deviating from normality. Robust estima-
tion describes empirical distributions, which are
close to an ideal parameterized one.

LAX (1985) shows that there exists a variety of
dispersion estimators, which show considerably
better behavior than the standard deviation, when
long tailed symmetric distributions are considered.
His analysis indicates that robust techniques can
minimize the influence of deviations from normal-
ity on the performance of volatility estimators.
Thus using these estimators should improve pric-
ing and hedging procedures implemented on the
basis of volatility estimates.[1]

The structure of this paper is as follows: Section 2
describes the different approaches to volatility es-
timation and the main characteristics. Section 3
presents an application by modeling the volatility
of the Swiss Performance Index (SPI). The fore-
casting performance is then investigated in section
4 and finally section 5 offers some conclusions.
An Appendix presents an extended description of
the robust volatility estimators.

2. Volatility Estimation
2.1 ARCH Modeling in Finance

A basic autoregressive conditional heteroscedastic
(ARCH) model can be described as follows: The
underlying process y is stochastic with a condi-
tional mean QL

l'l't(eo)E Et-—] (YI)’

where 6, is a set of parameters. The expected
value for y; , E. (y:), equals the conditional mean
of the process, which allows to define the error
term as

8t(OO)Eyt “ut(eo)-

The conditional variance for the error process
{€,} equals the conditional variance for the {y, }
process.

ENGLE (1982) suggests the following parame-
terization to describe the conditional variance:

(1a)

n
ol =0+ Y el

i=1

For this process to be stationary the effect of an
innovation has to reduce to zero as t increases.
The general idea behind this very basic ARCH
model and all the following models is that, al-
though the innovations €, are uncorrelated, it can
be shown that large (small) innovations are sys-
tematically followed by large (small) innovations.
This introduces autocorrelation in €’ and can be
used to describe the clustering effects commonly
found in financial markets data.

Among the large number of ARCH type models([2]
notable extensions of the original model are the
GARCH, the GARCH-T and the EGARCH
model. The GARCH-T takes explicitely account
of heavy tails by assuming that the underlying dis-
tribution is a t-distribution, while the EGARCH
models the leverage effect found in financial mar-
kets. The relevant model specifications for the
GARCH and the GARCH-T model are:

p q
ol = m+zai£t2-i +2ﬁi6t2—i’ (1b)
i=1 i=1
and for the EGARCH model
log(ot)=m+[3‘log(0t_1)
£ I3 , (1c)
ty—=l 4 q ‘t_ll -v2/m
Vo1 |-

with ¥ measuring the size of the leverage effect.
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2.2 Robust Estimation
What is robust statistics?

Robust statistics is concerned with the problem
that many assumptions commonly made in statis-
tics (as normality, linearity, independence) are at
most approximations to reality: the theories of
classical parametric[3] statistics derive optimal
procedures under exact parametric models, but
say nothing about their behavior when the models
are only approximately valid. At the same time the
concept of robust statistics has to be distinguished
from the methodology of nonparametric statistics,
which explicitely avoids any assumption with re-
gard to the underlying population. Robust statis-
tics is still parametric in the sense that it considers
the neighborhood[4] of parametric models. One
example for this characteristic is presented in
HUBER (1964), who estimates the location pa-
rameter & of a distribution function F(t) for the in-
dependent, identically distributed (iid) random
variables x,,....,x,. This estimation is compli-
cated by the fact that the distribution function F(t)
is only approximately known:

Let F=(1-¢e)®+¢eH 2)

where 0 <e<1 isaknown number,

H is an unknown contaminating
distribution function,
()] is the standard normal distribu-

tion function.

The purpose of robust statistics can be seen in the
search for estimators which are highly efficient at
the parametric model, and whose distribution
change little in a small neighborhood of it. Thus,
the main aim of this methodology is to describe
the structure best fitting the bulk of the data,
while taking account of slight deviations from the
assumed distribution. Usually the distribution un-
derlying the model is the normal, either for
mathematical convenience or because of the cen-
tral limit theorem[5]. Deviations from this distri-

bution assumption can among other things be
caused: (a) by errors in the data set, (b) by the
way the data have been filtered (e.g. rounded), (c)
or by the fact that the normal distribution was an
approximation in the first place (as it is frequently
the case for financial markets data). Any of these
deviations from the assumed model results in effi-
ciency[6] losses during the parameter estimation.
Thus, already slight deviations from the normal
distribution cause the variance of the estimated
mean and standard deviation to increase signifi-
cantly.

Scale and Scale estimation

As described in SCHERVISH (1995) a scale
(dispersion) estimator should satisfy the following
properties: (1) the scale of a sample is non-
negative and is zero only when all the sample ob-
servations are identical; (2) the scale is invariant
to additive shifts in the location of the sample; (3)
multiplying the observation vector X with a con-
stant b increases the scale estimate by the factor b.
Thus, S(X) is a scale estimator, if

S(a + bX) = [bIS(X) 2 0. 3)

The scale estimators used in this paper all satisfy
condition (3) and are taken from LAX (1985).

Outliers and the weighting of the observations

The basic idea behind robust statistics is to treat
observations, which are “too far” away from the
center, differently from observations which lie
close to the center of the distribution. This is
achieved by defining influence functions, which
describe the approximate effect of an additional
observation x on a particular statistic, given a
large sample with a certain distribution.

The basic concept to achieve this was proposed by
HUBER (1964), who suggested solving the fol-
lowing equation for a scale estimate S:
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Figure 1: Weight of observation x
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with ui=(xi—'T)/S’

T an estimate of the center,

and the weighting function:

Wﬂ(ui) = _'b, u; < —b,
=u, b2 W 2 —-b,
= b, u; > b.

The deviations of observations that are far from
the center T are limited in their influence, because
their weight is set to b’ rather than u?. The con-
cept has been further developed to include re-

descending y functions (as used in the sine A or
biweight A estimator), which are characterized by:

Y(u;) — 0 as u; — oo,

Thus observations which are located too far from
the center receive only a minimal influence on the
estimate, while observations in the intermediate
area are partly downweighted and those close to
the center carry full weight, as figure 1 shows for
observations x and weights w.

The following scale estimators are chosen for es-
timation: the standard deviation and the robust
estimators: trimmed standard deviation, modified
sine A, biweight A.

While the standard deviation is taken as a bench-
mark, the other estimators are chosen because of
their performance as reported in table 1 of LAX
(1985). The trimmed standard deviation has been
included, because BAHRA (1994) reports that
this estimator is performing particularly well under
the assumption of fat-tailed distributions(7] .

The aim of the results below is to establish the
ability of various volatility measures to provide
exact volatility estimates and volatility forecasts in
the presence of significant deviations from the
normal distribution.

3. Empirical Analysis
3.1 The Data

Since ARCH models work particularly well for stock
return data, the Swiss Performance Index (SPI) is
chosen as the basis for the empirical investigation.
The return data [r, = ((S; — Sw1)/Sw-1)*100] are
quoted daily and span the time from January 02,
1989 to December 31, 1995.
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The estimates reported in Table 1 describe some |

of the characteristics mentioned when ARCH
models and robust estimators were introduced.
Compared to the mean and the standard deviation
both the minimum and the maximum values are far
too large to fit a normal distribution. Combining
this with the significant measure for excess kurto-
sis shows that the return distributions are clearly
fat-tailed. The null-hypothesis that the data are
normal distributed is rejected.

The test for the presence of ARCH effects is
modeled as proposed by ENGLE (1982) and the
null-hypothesis of constant conditional variance is
rejected at the 1% level for the SPI returns.

3.2 Volatility Estimation

Since it has been shown that ARCH effects are
present and that the SPI returns show the charac-
teristics, which justify the use of robust estima-
tors, the procedures are first implemented to esti-
mate the different volatility measures over the

whole sample of 1825 observations. To calculate
the robust estimates and the standard deviation a
simple moving average over a 20 day win-
dow[8] is used. From the variety of available
ARCH type models a GARCH, an EGARCH and
a GARCH-T/9] representation is chosen to calcu-
late volatilities under the assumption of autore-
gressive behavior. Figure 2 shows that the stan-
dard deviation of the SPI returns has varied con-
siderably over the sample period.

The statistics presented in Table 2 demonstrate
the way robust estimators work by giving less
weight to observations which are far away from
the mean of the distribution: the average level of
volatility as measured by the standard deviation is
higher than the average of the robust estimates.
This is because the standard deviation equally
weights all observation when calculating the dis-
persion, while the robust estimators use weighting
functions (e.g. the mod. sine A estimator) or leave
off certain observations altogether (the trimmed
standard deviation). This also explains why among
the robust estimators the trimmed standard devia-

Table 1a: Descriptive Statistics for daily return data (1825 observations)

mean Std.Dev Min. Max. Skewness Ex. Kurt Normality

SPI 0.044 0.817 -9.852 4.924 -1.690 20.171 1865.5
The values for skewness and excess kurtosis of a standard normal distribution are both 0.
The normality test (DOORNIK, HANSEN (1994)) has a chi-squared distribution with 2 dgf.
Table 1b: Testing for Autocorrelation in the Returns and the Presence of ARCH Effects

autocorrelation ARCH effects up to
lagl lag2 lag3 lag4 lag5 lag20
SPI 0.023 ~0.006 -0.008 0.043 present present

Testing for the presence of ARCH involves running the regression:

ef=o+Pe’, +--+P, €&, andtestingHp:=B, =---=P, =0
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Figure 2: Market volatility
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tion has by far the lowest mean. Including the bi-
weight estimator made some additional calcula-
tions necessary, because this estimator has proved
very sensitive to the choice of the constant factor

Table 2: Statistics on the standard deviation, robust
volatility estimators, and ARCH volatility for the SPI

mean | std.dev.| Minimum | Maximum
std. dev. 11.73 5.89 4.64 40.21
mod. sine A 10.61 4.23 3.20 39.53
trim. std. dev. 7.46 2.50 3.53 1594
biweight 11.67 5.56 4.63 60.96
GARCH 12.73 3.26 10.38 50.99
GARCH-T 12.05 4.35 8.50 60.40
EGARCH 12.50 3.19 7.61 45.89

The statistics refer to 1696 observations from July 1 1989
to December 30 1995. All rates are annualized.

¢, which is used to standardize the deviation from
the mean. While LAX (1985) reports values for ¢
around 9, a grid search[10 ] for ¢ results in values
which are higher.

Finally, the volatility estimates from the GARCH,
the EGARCH and the GARCH-T model are on
average higher, which is due to the high amount
of persistence found in all ARCH models, but
show significantly less variation than the standard
deviation.

4. Forecasting
4.1 Generating the Forecasts

The purpose of this section of the paper will be to
test the reliability of robust estimators by using
them as the basis for volatility forecasts and com-
pare their performance with forecasts based on
ARCH estimates.
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A considerable problem lies in the fact that assum-
ing a certain ARCH type model determines the
forecasting procedure[11], whereas using a robust
estimator does not point to a certain underlying
process, which has to be used for forecasting pur-
poses. This introduces the problem that whenever
the forecasting ability of a robust estimator is
tested, the validity of the implicitly assumed proc-
ess connecting the robust estimates is under scru-
tiny as well. This might bias the forecasting per-
formance of the robust estimators downwards.
The procedures proposed by HEYNEN and KAT
(1994) for the ARCH models are used to calculate
out-of-sample-forecasts as a function of the de-
viation of the last estimated variance from the un-
conditional variance, the forecasting horizon and
the coefficients of the volatility model. One way
to address the problem posed by the robust esti-
mators is the Box Jenkins forecasting method, as
discussed in BOX and JENKINS (1976), which
involves the process of constructing an
AR(DMA(p,d,q) model and the generation of
forecasts from this model. The model found
to fit the data best is assumed to describe the
process[12] connecting the robust estimates.

4.2 Testing the predictive power

JORION (1995) shows that the predictive power
of a volatility forecast can be estimated by regress-
ing the realized volatility on the predicted vola-
tility:

o, =0+p,6; +¢, (10)
To estimate the forecasts a moving window pro-
cedure is employed which first estimates the re-
spective model making use of four years of data
and then calculates a k (5,10,20,40) step ahead
forecast. By moving the window one step forward
and repeating the process, a day to day series of
out-of-sample volatility forecasts is created. The
same moving window methodology is also used to
generate a series of k steps ahead forecasts based

on the robust volatility estimates. While this ap-
proach makes use of all the data available and re-
turns a large number of forecast values it also in-
troduces overlaps in the error terms of above re-
gression of order k — 1. Traditionally, this problem
is avoided by defining the sampling interval to be
equal to the forecast interval. In this case this
would imply to move the window not by 1 but by
k steps per cycle. Another way around this prob-
lem is HANSEN’s (1982) Generalized Method of
Moments (GMM), which allows to account for
unknown orders of serial correlation and hetero-
scedasticity while explicitely holding the instru-
ment vector orthogonal to the error terms of the
regression. Past values of the regression’s ex-
planatory variable (which is the volatility forecast)
are used as instruments. If the forecast is efficient
in the sense that all past information (including
past forecasts) is used to generate the current
forecast then the covariance between the instru-
ments and the error term of the regression should
be zero. GMM estimates are not efficient com-
pared to a well-specified GLS model, but by using
GMM the danger of inconsistent parameter esti-
mates can be avoided.

4.3 Results

A first characteristic of the results is a significant
decline in the goodness of fit, as measured by the
R’, for longer forecast horizons both for the ro-
bust and the ARCH type estimators. While this is
true for all estimators, some indication can be
found that the relative performance of the ARCH
models is improving as the horizon is increased.
As shortly mentioned above the use of the robust
estimators necessitates the modeling of an under-
lying process as well. This implicitly makes any
test on the forecast ability of the robust estimators
a joint hypothesis test: that the volatility is cor-
rectly estimated and that the correct underlying
process has been chosen.
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Table 3: Results from the forecasting regression (5, 10, 20, 40 days)

o, =o+p,6! +¢,

where O , is the standard deviation and 6 f the period t forecast

Interval const. stoch. trim | biweight | mod.sine | GARCH-T| EGARCH | GARCH R? GMM
5 0.299 0.973** 0.74 0.04
4.71** 0.772%* 0.30 0.94
-0.38 1.020%* 0.81 0.02
1.55%* 0.853%* 0.64 0.09
—4.50%* 1.242%* 0.55 0.10
—2.24% 1.006** 0.35 0.27
-1.39 0.906** | 031 | 0.72
10 2.31*%* [ Q.755%* 0.48 0.23
5.70** 0.613%* 0.18 0.98
1.73%* 0.797** 0.50 0.20
3.01** 0.695** 0.42 0.67
—5.57** 1.312%* 0.49 0.57
-1.42 0.939** 0.30 0.92
0.34** 0.752%*% | 0.23 0.93
20 5.87** [ 0.386%* 0.13 0.70
7.17** 0.381** 0.07 0.96
5.38** 0.424%* 0.14 0.77
6.04** 0.382%* 0.13 0.85
-0.57 0.870** 0.17 0.96
-0.71 0.866** 0.14 0.95
247 0.582* 0.11 0.99
40 6.38** | 0.340** 0.06 0.29
7.62%%* 0.333* 0.04 0.35
5.48%* 0.418%%* 0.06 0.29
6.49%* 0.343** 0.05 0.36
-0.171 0.818%* 0.08 0.52
0.77 0.748** 0.07 0.31
2.18 0.592** | 0.08 0.38

** gignificance at the 1% level, * significance at the 5% level

The column “GMM” reports the significance value of the specification test for the GMM regression:
values smaller than 5% (0.05) reject the nullhypothesis that the regression is correctly specified.

The reported loss of relative strength of the robust
estimators is an indication that this problem is of
relevance. Nevertheless it has to be seen that par-
ticularly over horizons of 5 and 10 days the fore-
casts explain a considerable part of the variation in
the market volatility. Considering that in today’s
financial markets 10 days are not exactly a short

period of time the R? reported here are promising
and justify the methodology used.

Still, achieving better forecasts than the simple
benchmark of the stochastic volatility assumption
(reported as STOCH.) remains a considerable
problem, although the simplest process (AR(1))
and the standard deviation is used to generate
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these forecasts. Nevertheless, Table 3 shows that
a simple stochastic forecast can be outperformed,
namely by forecasts based on the BIWEIGHT es-
timator for shorter and the GARCH-T model for
longer forecast horizons. This result contrasts to
HEYNEN and KAT’s (1994) work, which shows
the stochastic volatility model outperforming the
ARCH models used as comparison. Along with
the reasonable R” this shows the volatility predic-
tion beyond purely stochastic models is re-
warding.

By taking a closer look at the individual results it
becomes evident that there is a difference between
smoothing (robust) dispersion estimators by
weighting down outliers and the complete re-
moval of the most distant observations. This effect
becomes particularly pronounced if one compares
the trimmed standard deviation estimator (TRIM)
and the BIWEIGHT estimator. The significantly
worse performance of the TRIM estimator for all
horizons shows that simply cutting off distant ob-
servations generates an undesirable loss of infor-
mation. The BIWEIGHT estimator on the other
hand, which uses all observations by assigning
them different weights, shows that there is indeed
improvement possible by acknowledging the pres-
ence of outliers.

A further traditional measure for the quality of a
forecast is the joint test on the forecasting regres-
sion (as in Table 3) that the coefficient o on the
constant is zero and the coefficient § on the fore-
cast equals one. A F-Test run for the regressions
presented consistently rejects this null-hypothesis.
Inspection of the (significant) coefficients shows
that this is largely due to the coefficient o which
diverges considerably from zero: the coefficients
on the constant are increasing in absolute value
while the values for B are decreasing. This reflects
the mean reverting nature of the procedures used
to generate the out-of-sample-forecasts.

Finally, the question remains open which of the
two groups (ARCH type or robust estimators) are
on average better able to predict volatility. To test
the assumption that the robust estimators are bet-
ter in forecasting future volatilites a Mann-

Whitney test statistic is used. This test can be
employed to compare the central locations of two
populations with unknown distribution functions.
This characteristic is useful since the information
which describes the forecasting performance is
given by R’ whose distribution is not obvious.
The nullhypothesis tested is, that the two distribu-
tions of the R® given by the regressions on the
ARCH models (GARCH, GARCH-T, EGARCH)
and the robust forecasts (TRIM, BIWEIGHT,
MOD. SINE) have the same central location; or
more generally that there is no difference in the
forecasting power. The calculated rank sum for
the robust forecasts in Table 3 is 145.5 versus
154.5 for the (E)YGARCH ones. This gives a value
for the test statistic of 0.015 as compared to a 5%
critical value of —1.65: using the realized standard
deviation as measure, forecasts based on robust
estimators cannot be said to offer consistently
better results than the ones calculated from ARCH
models. This is mainly due to the fact that the
ARCH models are outperforming for longer hori-
zons. Thus the Mann-Whitney statistic corrobo-
rates our above result that the relative perform-
ance changes with time and supports the conclu-
sion that choosing an underlying process for the
robust estimator from the variety of ARMA mod-
els might not be the ultimate step towards
achieving optimal forecasts.

5. Conclusion

This work set out to show that, given certain em-
pirical deviations from the normal distribution in
financial data, along with the approach based on
the ARCH methodology there is a second class of
volatility estimators which also takes account of
phenomena like clustering or the presence of lev-
erage effects. Whatever the name, one realizes,
that the whole discussion burns down to the ques-
tion on how to treat outliers in the data. While the
ARCH models recognize them as relevant realiza-
tions of an underlying process, the theory of ro-
bust estimation treats them as data points which
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should be given less weight in the calculation of
the mean or the dispersion of a variable. When
used to calculate measures of volatility for the SPI
returns the robust estimates are less volatile and
on average lower than the standard deviation,
which is in line with their theoretical set-up. When
robust and ARCH based volatilities are used to
forecast future volatility no significant difference
in their performance can be found. Nevertheless
the statistics presented here show that along with
the ARCH models the robust variance estimators
provide useful instruments in the presence of de-
viations from normality.

While the nature of the problem that we report,
namely deviations from the normality assumption
in various financial time series, appears like a
rather technical issue, the practical implications
cannot be neglected. This is particularly true for
the pricing of derivatives, e.g. options, where the
volatility measure to a large degree determines the
price of the financial instrument. The standard
deviation, as the traditional volatility measure,
rapidly looses accuracy as soon as the underlying
data series exhibits leptokurtosis or skewness,
which automatically invalidates the prices inferred
from the Black-Scholes formula. Consequently,
the mispricing of options and the problem of exact
volatility estimation cannot be seen as separate is-
sues.

Finanzmarkt und Portfolio Management — 12. Jahrgang 1998 — Nr.1

55



Ch. Jochum: Robust Volatility Estimation

Appendix
The Estimators:

(1) Standard Deviation:

Given a vector of sample observations

X = {x,,X,,....,X, } with an average ¥,

d, =x;, —X are the deviations from the mean.
The standard deviation is:

n 0.5
S=(de/(n—l)] : (5)

(2) Trimmed Standard Deviation:

A two-sided p% trimmed mean, M, ., can be cal-
culated by sorting the observations, eliminating
the (pn/2) smallest and the (pn/2) largest observa-
tions and then computing the mean of the remain-

ing observations. The deviation from this trimmed
mean M,  is called d.

di =|Xi -M

2,p|

Analogously a one sided trimmed mean M, can
be obtained by cutting off the r% highest observa-
tions. The trimmed standard deviation then is de-
fined as

0.5
S im =(M1,,(df,d§,....,di)) . (6)

(3) Biweight A:
Let T be the median of a vector {x,,x,,....,x, }

of observations, Sy its MAD[13 ] , ¢ a positive
constant, and compute

u; =(x;, = T)/cS,. )

An increase in the constant ¢ increases the relative
importance of large deviations from T. The
weighting function for the observations is given by

w, =(1-u;*)’
=0

foryl <1
for ly;l > 1.

Given these weights for the respective
“standardized” observations the biweight A esti-
mator is:

0.5
{Z(xi -T)2(1—u§)4}
b n *

|u;st
b= (8)
i _1 0.5
(n=1) Y (1—u,)*(1-5u?)
<]
(4) modified Sine A:

Let T be the median of a vector {x,,x,,....,x, }

of observations, S, its MAD, ¢ a positive con-
stant, and compute

u; =(x; =T)/cS,.

The weighting function for the observations is cal-
culated as

b(w;) iflul <7
else.

= sin (u;)
=0

The modified sine A estimator is then calculated
as

05 -
§"= mSoo ¥ tan™ zsmz ()} * ( ZC(B(ui ) oo
(n-D~ = fo; I

&)
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Footnotes

(1]

(2]
(3]

(4]
(5]

(6]

(71

(8

(91

(10]

(11]

[12]

GESKE, TOROUS (1990) show that “robust estima-
tion of common stock return volatility eliminates the
model’s mispricing with respect to sample skewness
and sample kurtosis”.

For an excellent survey of the ARCH literature see
BOLLERSLEY et al. (1993).

The term parameter is generally used to indicate a
characteristic of the population. For example the class

of all normal distibutions {N(u,cz)} is parametric

with the population parameters pi and 6°.
Neighborhood in this context can be understood as a
”true” distribution lying near a parametric model.
Stating that, whatever the distribution of x; (as long
as the variance is finite), for large n the distribution

X—p
of z - o7Jn converges to the standard normal.

Efficiency in this context is defined as follows (e.g.
scale): Let V. be the smallest known variance of a

scale (measure of dispersion) estimator in repeated
samples from a given distribution. Then an estimator
with variance V has the relative efficiency E = 100
(Vain /V). Thus the relative efficiency of an estimator

is lower the higher its variance.

An exact description of the robust scale estimators
used in the following estimates can be found in the
appendix of this paper.

see JORION (1995) and BRAILSFORD, FAFF (1996).
A 20 day window covers one trading month, yielding
‘monthly’ volatility estimates. It can be shown that
volatility shocks decay at a rate of (o+f) for the
GARCH(1,1) model. The value of (o+f) = 0.84 for
the estimation below. A shock in period t return will
thus have only very limited effect on the volatility
estimate in period t+20. Consequently, a 20 day win-
dow is sufficient to estimate the volatility during this
period.

For the GARCH-T the normal distribution underlying
the GARCH structure is replaced with a t-distribution
in order to account for leptokurtosis. For equations
(1b) and (1c) it was sufficient tosetp=q=1.

Low values of ¢ generate highly volatile results for
the biweight estimator. Thus, the value of ¢, which is
associated with the lowest amount of variance in the
series of biweight estimates, is used in equation (7).
The forecasting results support this approach.

The procedures are derived and first used in
HEYNEN, KEMNA, VORST (1994) and HEYNEN,
KAT (1994). This paper makes use of their procedu-
res.

Usually an AR(1) process is sufficient.

[13] MAD is defined as the median absolute devia-

tion from the
{X,Xpee0 X, )

median

of

the

observations
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