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Abstract

In this paper, we show that the use of an alternative time-scale can eliminate the ine�ciencies

in the estimation of a GARCH model caused by intra-daily seasonal patterns. Even so, however,

the temporal aggregation properties of the GARCH model do not hold at the intra-daily frequencies,

revealing the presence of several time-horizons components. Besides, distinct characteristics were

identi�ed in the very short (less than 2 hours) and the very long (several months) run. Finally, the

out-of-sample predictive power of GARCH for the volatility was found to be lower than the historical

volatility itself implying the presence of other sources of heterogeneity.

1 Introduction

The Auto Regressive Conditional Heteroskedastic (ARCH) model (Engle, 1982) and its Gener-

alised version (GARCH) (Bollerslev, 1986) are now not only widely used in the FX literature

(Bollerslev et al., 1992) but also as the basic framework for empirical studies of the market micro-

structure such as the impact of news (Goodhart and Figliuoli, 1991; Goodhart et al., 1993) and

government interventions (Goodhart and Hesse, 1993; Peiers, 1994), or inter- and intra-market

relationships (Engle et al., 1990; Baillie and Bollerslev, 1990). The main assumption behind this

class of models is the relative homogeneity of the price discovery process among market partici-

pants at the origin of the volatility process. In other words, the conditional density of one GARCH

process can adequately capture the information of the news. In particular, GARCH parameters

for the weekly frequency theoretically derived from daily empirical estimates are usually within

the con�dence interval of weekly empirical estimates (Drost and Nijman, 1993).

However, several empirical evidences seem at odds with this homogeneous view of the market.

First, the long memory of the volatility (Dacorogna et al., 1993; Ding et al., 1993) indicates the

presence of several market components corresponding to several time-horizons. Note that this

property of the volatility has already been successfully incorporated in the GARCH setting as

the Fractionally Integrated GARCH (Baillie et al., 1993). Second, at the intra-daily frequency,

round-the-clock time series reveal seasonal patterns that re
ect, among others, the geographical

dispersion of the traders, concentrated in three main geographical areas, Asia, Europe and Amer-

ica. Although the �rst investigations of the e�ect of these di�erent geographical locations seemed

to indicate that news would just spread out around the world (the so-called meteor shower hy-

pothesis (Engle et al., 1990)), recent empirical studies (see Guillaume et al. (1994) for a survey)

brought to light the presence of these market components. Third, exchange rates movement are

not necessarily related to the arrival of news when looked at the intra-daily frequency (Goodhart,

1989), re
ecting the fact that intra-day traders may have other constraints and objectives than,

for example, longer term traders. Fourth, at the extremely high frequencies, FX rates exhibit

distinct characteristics due to the price formation process (Guillaume et al., 1994).

In this paper, we investigate the importance of this heterogeneity for the modelling of the

foreign exchange (FX) markets using the GARCH setting. More speci�cally, we show that es-

timates of a GARCH process with data in physical time are likely to be spurious, even though

estimates for one particular frequency seem to be reasonable. Estimates are only consistent when
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the seasonal patterns are taken into account. However, even when these seasonal patterns are

accounted for, the aggregation properties of the GARCH model break down at the intra-daily

frequencies, revealing the presence of traders with di�erent thresholds or risk pro�les. In addition

to the presence of these di�erent categories of traders, one also observes the e�ects of the price

formation process at frequencies higher than the 1 1/2 hour time interval. At the other extreme,

the instability of coe�cient estimates over di�erent sub-periods of 6 months suggests the pres-

ence of a seemingly random component at very long time-intervals. Finally, we show that these

mis-speci�cations of the GARCH process result in its very poor out-of-sample predictive power

for the volatility relative to the (unconditional) historical volatility.

The remainder of this paper is divided as follows. In section 2, we present the data and

describe regular patterns such as the seasonal deterministic components and its fractal structure.

A di�erent time scale which integrates these patterns is discussed in section 3. In section 4,

we present results of GARCH estimates for several frequencies in both physical time and de-

seasonalised time. The accuracy of the GARCHmodel is also tested for these di�erent frequencies.

Section 5 concludes the chapter.

2 Description of the data
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Histogram of the hourly average of the ab-
solute price change for the USD/DEM. The
x-axis is the hour of the day in GMT.
The sampling period runs from 1.01.1987 to
31.12.1993.

Figure 1: Intra-day seasonality

The foreign exchange (FX) market is a round-the-clock market with traders situated all over

the world. Although the FX market does not o�cially close, traders are typically active during the

business hours corresponding to one of the three major trading centers, namely, Europe, America

and East-Asia. Trading usually occurs in two stages: the publication of price quotes through one
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of the main electronic data vendors such as Reuters or Telerate and the actual trade negotiated

over the telephone. Since the actual transaction prices are generally not available, the FX rates

time series consist of these electronic price quotes. Daily FX rates, for instance, are the average

of the four or �ve last quotes by major banks around a particular hour of the day, for example

4.00 p.m., Greenwhich Mean Time (GMT). Daily FX rates are thus extracted from the intra-daily

time series of price quotes.

In this paper, we use a 7-years data bank of such intra-daily quotes for the period from

1.01.1987 to 31.12.1993 for the major currencies against the USD, that is the DEM, JPY, GBP,

FRF and CHF. As in M�uller et al. (1990) and Dacorogna et al. (1993), linear interpolation over

time is used to determine price values within data holes and to generate regularly spaced time

series. A minimum time interval of 10 minutes was taken to avoid price uncertainty (Guillaume

et al., 1994). Price are computed as the average of the logarithm of the bid and ask prices

(x(ti) = [log pbid(ti) + log pask(ti)] = 2 where ti indicates a �xed sampling) and returns as the

corresponding price changes (r(ti) = [x(ti) � x(ti � �t)]). In Table 1 in the Appendix, we

give a summary of the properties of these time series for the main intervals as well as the weekly

frequency. One very apparent feature of this table is the very fast increase of the kurtosis of the

returns with increasing sampling frequency. This major characteristic of FX returns is the direct

consequence of the non-convergence of the fourth moment of the distribution (see Dacorogna

et al., 1994). This already suggests that the GARCH process might not provide an adequate

description of the FX returns as it relies on the assumption of the existence of the fourth moment

of the distribution.
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Figure 2: Autocorrelation of the absolute price changes in physical time (with seasonal peaks) and

in #-time (with long memory e�ects) for the GBP/USD. The sampling period runs from

1.01.1987 to 31.12.1993.

The second major characteristic of intra-daily returns, the strong seasonal deterministic struc-

ture of the intra-daily volatility is illustrated in Figures 1 and 2(a). The presence (or absence) of

the di�erent geographical markets can easily be seen on Figure 1 with the decline in the activity

around 4.00 GMT when most of the Japanese trader are out for lunch and the strongest intensity

in the afternoon when both the American and European traders are present. In Figure 2(a), much

stronger autocorrelation patterns can be seen at lags that are integer multiples of seasonal pat-

terns. Although several studies of the micro-structure of the market have already tried to establish

a causal link between these di�erent geographical markets and the conditional heteroskedasticity
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of the returns (Guillaume et al., 1994), they did not make the distinction between conditional

and seasonal heteroskedasticity in their empirical models. One reason for this short-coming of

previous studies is that they concentrate their analyzis on data at one particular frequency. And

as will be demonstrated in section 4, one can easily overlook this deterministic seasonal feature

as empirical estimations for one particular frequency may appear to be reasonable.

A third characteristic of intra-daily returns is their fractal structure. Whereas the previous

feature of FX returns mainly characterized the geographically heterogeneity of the traders, the

fractal structure of the markets establishes a link between traders operating at very di�erent

time-horizons, ranging from market makers acting at very high frequency to long term investors

trading over much longer horizons of several weeks or even months. This fractal structure is

characterized by the following scaling law linking the average volatility over a time interval to the

size of this interval. Formally, we have (M�uller et al., 1990):

jr(ti)j =

�
�ti
�T

�1=E
(2.1)

In the above relationship the absolute value of the returns was taken as a measure of the volatility

but the same relationship is valid for their squared value. Taking the logarithm on both sides,

one can estimate the drift exponent { 1/E {. This drift exponent is a constant whose value is

quite stable over the years and across the currencies (Guillaume et al., 1994). The parameter�T

depends upon the FX rate and is obtained from the regression constant of the logarithmic form of

eq. 2.1. This relationship provides thus a way to characterize the average (or expected) volatility

for one particular frequency. This empirical law will be used in the next section to model the

deterministic seasonal pattern of the volatility.

A fourth characteristic of intra-daily returns is the price formation process which takes place

at the highest frequencies (Guillaume et al., 1994). In particular, the high short term negative

autocorrelation makes the nonlinear structure of FX rates even more complex (Guillaume, 1994).

Moreover, the size of the spread is comparable to the size of price changes to frequencies up to 80

minutes.

3 Alternative time scales

In empirical studies of daily FX rates, one usually assumes implicitly a di�erent time scale than

the physical time scale by omitting observations corresponding to the week-ends when the market

is mostly inactive. This alternative time scale corresponds therefore to what one would call a

business time scale. In a similar way, we already implicitly discussed two di�erent time scales

in the case of intra-daily data: regularly and irregularly { tick by tick { spaced prices. To avoid

uncertainty on the price, we took a minimum time interval of 10 minutes to compute returns

in physical time. Observations during week-end are, however, rather sparse, causing an abrupt

change in the shape of the autocorrelation function of the volatility as is shown in Figure 2(a). A

short-cut to treat this problem would be the de�nition of a business time scale in the same way

as for daily observations by simply omitting observations corresponding to the week-ends when

the markets are virtually closed, that is from Friday 22.30 GMT to Sunday 22.30 GMT. In the

remainder of this paper, we will refer to this time scale without the week-end observations as the

business time scale.

A more proper way to fully account for the variation in the presence (or absence) of the market

agents is to directly model the deterministic seasonal patterns corresponding to the presence of
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the di�erent geographical markets. Such a model was presented in Dacorogna et al. (1993) where

the resulting time scale was called the Theta (#) time scale. To construct this #-time scale, the

inverse of the scaling law is applied to the hourly average volatility for each hour of the week

resulting in the following activity statistics:

astat;i �
�T

�t
(jr(ti)j)

E (3.1)

where�t = 1 h and the index i refers to the hour of the week (i = 1; :::; 168). An activity function

a(t) is then �tted to the results of the statistics astat;i. This activity function is divided into three

components corresponding to the three main geographical FX markets { East-Asia, Europe and

America {. Each of these markets is described by an activity variable a0 corresponding to a

constant base level during the closing hours and an activity variable ak(t) describing the activity

during the opening hours of the corresponding market (k = 1; 2; 3). The #-time is then the time

integral of the worldwide activity:

#(t) � a0 (t� t0) +

3X
k=1

Z t

t0

ak(t
0) dt0 (3.2)

The activity variable is normalized in such a way that #-time can be measured in the same units as

physical time (e. g. hours, days, weeks); one full week in #-time corresponds to one week in physical

time. With the exception of the day of the week e�ect, this #-time scale thus explicitely takes into

account most of the deterministic seasonal patterns; that is, the presence of each geographical

market independently, the day-light saving time, the local holidays and the peaks due to news

announcements documented in Guillaume et al. (1994a). Only some stochastic seasonality can

be seen in the autocorrelation function of the volatility in #-time shown in Figure 2(b).

4 Results of the GARCH coe�cient estimates

In order to test the e�ects of the geographical and temporal heterogeneity of the markets,

we used the Maximum Likelihood procedure to �t the simple following GARCH(1,1) on the time

series for several frequencies and time scales:

h(t) = �0 + �1:"
2(t� 1) + �1:h(t � 1) (4.1)

where h(t) is the conditional variance and "2(t) is the squared innovation. At the highest fre-

quencies (less than 2 hours), we included a MA(1) term in the mean equation to account for the

statistically signi�cant auto-correlation of the returns at these frequencies.

The algorithm used for the numerical optimization of the Maximum Likelihood is a two-steps

iterative procedure that combines a Genetic Algorithm (GA) with the Berndt, Hall, Hall and

Hausman (BHHH) algorithm (Berndt et al., 1974). In this algorithm, the number of iterations {

called generations { is �xed. For each generation, the GA initializes a �xed number of potential

solutions for the parameters (Goldberg, 1989). These solutions might either be chosen randomly

or be picked up from a given set of initial solutions (for example, solutions for similar problems).

In this paper, we chose the random initialization to avoid any a priori bias in the estimation.

The Maximum Likelihood is then evaluated for each potential solution. In the second step, the

best solution is used as an initial solution for the BHHH algorithm. The solution obtained with
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Figure 3: Aggregation of the GARCH(1,1) coe�cients in physical time.

the BHHH algorithm is added to the set of random potential solutions for the next generation.

Convergence is ensured by a su�cient number of generations. The main advantage of this method

is to avoid to be trapped in local minima with the BHHH algorithm, as the set of potential

solutions for the next generation of the GA includes randomly chosen solutions. The method is

also very fast, notwithstanding the very large number of observations (368.000 data points for the

10 minutes frequency). Robust standard errors were computed using White's variance-covariance

matrix (White, 1980).

4.1 Impact of the seasonal heterogeneity

As could be expected, the use of the physical time scale caused a complete break-down of the

estimation procedure yielding �1 estimates as large as 4.0. This is, of course, due to the presence

of the week-ends. We, therefore, re-estimate the model in the previously de�ned business time

scale. The circles in Figure 3 correspond to the estimation of the �1 and �1 coe�cients for the
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Figure 4: Aggregation of the GARCH(1,1) coe�cients in #-time.

USD/FRF for several frequencies. Although the coe�cient estimates may look quite reasonable at

one particular frequency, the global picture for all the frequencies appears quite odd. In particular,

the coe�cient estimates for frequencies higher than the 2 hours time interval re
ect the relatively

random behavior of FX returns at these frequencies.

Therefore, we re-estimated the model once again using the #-time scale to account for the

geographical heterogeneity of the markets. The results for the USD/DEM are represented in

Figure 4 by circles. More detailed results for each currency can also be found in Tables 2 and 3

in the Appendix. This time, contrary to results in business time, coe�cient estimates are quite

similar across FX rates and reasonably homogeneous from one frequency to another (see Andersen

and Bollerslev (1994) for similar results). This indicates the importance of taking this seasonal

heterogeneity in empirical studies of the FX markets such as lead-lag relationships between mar-

kets. However, this does not imply that the GARCH model describes the volatility process at the

intra-daily frequencies as adequately as it seems to do at the daily or weekly frequencies. One
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Figure 5: Temporal stability of the GARCH(1,1) coe�cient estimates.

easy test is to check whether the temporal aggregation properties of the GARCH model hold at

the intra-daily frequencies.

4.2 Impact of the temporal heterogeneity

The GARCH model can be viewed as describing either a jump process (Drost and Nijman, 1993)

or a di�usion process (Nelson and Foster, 1994). In both cases, the sum of the �1 and �1 should

tend to 1 as the frequency becomes larger and larger and the autoregressive parameter �1 should

tend to 1, whereas the moving average parameter �1 should tend to 0. In other words, the

higher the frequency, the longer the e�ect of shocks on the volatility should persist. The triangles

in Figures 3 and 4 represent the theoretically derived coe�cients on the basis of the formulae

presented in Nelson (1990) and in Drost and Nijman (1993), respectively.

Since previous results con�rmed the adequacy of these theoretical results at the daily and

weekly frequencies (Drost and Nijman, 1993), we used the daily estimations as a starting point

to compute the results for the other frequencies. As can also be checked in Tables 2 and 3 in the

Appendix, both formulas yield similar results. Although the coe�cient estimates in the case of

the #-time scale seem quite reasonable, they are outside the signi�cance interval of the coe�cients

that are derived theoretically. Moreover, the �1's increase slowly whereas the �1's decrease and

the sum of the two parameters does not really tend to 1 as one goes from the daily to higher

frequencies. Besides, at frequencies higher than 2 hours, the sum of the two parameters start to

decrease, implying even less volatility persistence. As already noted in the case of the business
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time scale, this re
ects the seemingly more random behavior of FX returns at these frequencies.

This probably also explains the abnormal results we obtained at these frequencies for the �t of

the GARCH model using a T-Student distribution instead of the normal distribution such as in

Baillie and Bollerslev (1989)1.

Therefore, even when one takes into account the impact of the geographical heterogeneity of

the traders, the GARCHmodel does not appear to be able to capture adequately the heterogeneity

of traders acting at di�erent time-horizons. In other words, the information content of the condi-

tional density is not the same for di�erent frequencies. This could be due to di�erent volatilities

being relevant at di�erent frequencies, or the presence of traders with di�erent objective functions

acting at di�erent time-horizons.

To further assess the time heterogeneous behavior of returns, we looked at the temporal

stability of the coe�cient estimates for several sub-samples. Figure 5 gives the estimations of

the GARCH parameters for the USD/DEM at the 2 hours time-interval, for sub-samples of six

months, yielding 2,190 observations per sub-sample in #-time2. As can be seen, the the coe�cients

are not stable over time. Estimation of the Likelihood Ratio test of the equality of the parameters

across the sub-samples yields a value of 7,300 compared to the corresponding critical value of 55.5

at the 0.001 level. Moreover, the absence of pattern in their evolution re
ects the presence of a

very long term, non-GARCH, component in FX rates.

4.3 Out-of-sample forecasting

A very interesting application of the GARCH model is its potential use for the forecast of the

volatility such as in the context of option pricing models. To test the out-of-sample performance

of the GARCH(1,1), we �tted the GARCH model on the �rst half of the sample and used the

second half of the sample to compute the forecast. The one step ahead forecast of the conditional

volatility for the GARCH is compared with the corresponding (unconditional) historical volatility

computed as the squared of the innovations. The expected conditional variance for the GARCH

is given by the following formula (Engle and Bollerslev, 1986):

Et(h(t+ 1)) = �0 + �1:"
2(t) + �1:h(t) (4.2)

for the one-step ahead conditional forecast.

To account for the various sources of heterogeneity, we used the #-time scale for several

frequencies. As an alternative forecast, we used the historical volatility of the previous period.

Tables 4, 5 and 8 give the Root Mean Squared Errors (RMSE) for the di�erent frequencies

and, in the case of the USD/DEM at the 2-hours frequency, for sub-samples of six months. In all

cases, the RMSE for the historical volatility is found to be much lower for the historical volatility.

In order to test formally the e�ciency of our forecasts, we then regressed the one-step ahead

historical volatility on the one-step ahead forecast, that is, we estimate the following equation in

the case of the GARCH model:

"2(t+ 1) = b0 + b1:Et(h(t+ 1)) + �t+1 (4.3)

1Although the algorithm converges, the sum of the �1 and �1 increasingly exceeds 1 as the frequency becomes

larger. One also �nds excess residual skewness and kurtosis. Since these results are robust to the size of the

sample, they cannot be attributed to a larger number of observations in the tails
2Tables with coe�cient estimates are available upon request.
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where b0 should be equal to zero and b1 should be statistically equal to one. To avoid auto-

correlation and heteroskedasticity problems, we used the procedure described in Newey and West

(1987) to estimate robust standard errors. Note that in the hypothesis that the �t are not auto-

correlated, the results are not biased. These results are given in Table 6, 6 and 9. Both in

the case of the GARCH forecast and the historical volatility, the regression parameters b1 are

very signi�cantly di�erent from one and the corresponding R2's are extremely low, showing that

neither of the forecasts are very accurate. These results only con�rm previous �ndings with daily

data (Day and Lewis, 1992; West and Cho, 1994), reinforcing the empirical evidence of the low

predictive power of the GARCH model for the volatility.

5 Conclusion

In this paper, we assessed the impact of the heterogeneous behaviour of the FX markets on the

intra-daily performance of the GARCH model. We found that the various sources of deterministic

seasonality present in intra-daily returns introduced severe mis-speci�cations. However, we showed

that these ine�ciencies could best be dealt with by the use of a time-scale transformation. Though,

even in this new time-scale, the aggregation properties of the GARCH break down at the intra-

daily frequencies, revealing the presence of several components corresponding to di�erent time-

horizons. Although the explicit modelling of these di�erent time-components remains a challenge3,

a second-best solution would be to vary the sampling frequency of the data used in micro-structure

studies.

However, in addition to this seasonal and temporal heterogeneity, two distinct patterns at both

extremes of the frequency spectrum were highlighted. On the one hand, at frequencies higher than

2 hours, the e�ects of the price formation process taking place at the 10 minutes frequency were

found to cause a lower persistence of the volatility. On the other hand, we could also identify the

presence of a very long-term, seemingly random, component at intervals of several months. This

long-term component is consistent with the observed changing views on the relevant underlying

fundamentals in the long run. Furthermore, even at frequencies in the middle range between these

two extremes, the relatively poor out-of-sample forecasting power of the GARCH model indicated

that other sources of heterogeneity are yet to be identi�ed and modelled. Therefore, it remains to

be seen whether these additional sources of heterogeneity could be captured by a single process

equation such as a (very) sophisticated GARCH-type model.
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6 Appendix: Tables of estimates

rate time int. mean variance skewness kurtosis

USD/DEM 10 m �2:73 � 10�7 2:62 � 10�7 0:17 35.10

1 h �1:63 � 10�6 1:45 � 10�6 0:26 23.55
6 h �9:84 � 10�6 9:20 � 10�6 0:24 9.44

24 h �4:00 � 10�5 3:81 � 10�5 0:08 3.33

1 w �2:97 � 10�4 2:64 � 10�4 0:18 0.71

USD/JPY 10 m �9:42 � 10�7 2:27 � 10�7 �0:18 26.40

1 h �5:67 � 10�6 1:27 � 10�6 �0:09 25.16
6 h �3:40 � 10�5 7:63 � 10�6 �0:05 11.65

24 h �1:37 � 10�4 3:07 � 10�5 �0:15 4.81
1 w �9:61 � 10�4 2:27 � 10�4 �0:27 1.30

GBP/USD 10 m �6:91 � 10�9 2:38 � 10�7 0:02 27.46
1 h 7:61 � 10�7 1:40 � 10�6 �0:23 21.53

6 h 4:63 � 10�6 8:85 � 10�6 �0:34 10.09

24 h 1:72 � 10�5 3:60 � 10�5 �0:26 4.41
1 w 6:99 � 10�5 2:72 � 10�4 �0:66 2.77

USD/CHF 10 m �2:28 � 10�7 3:07 � 10�7 �0:04 23.85
1 h �1:37 � 10�6 1:75 � 10�6 0:05 18.28

6 h �8:23 � 10�6 1:11 � 10�5 0:05 7.73

24 h �3:38 � 10�5 4:51 � 10�5 �0:04 2.81
1 w �2:58 � 10�4 3:16 � 10�4 0:09 0.34

USD/FRF 10 m �1:98 � 10�7 2:08 � 10�7 0:35 43.31
1 h �1:18 � 10�6 1:28 � 10�6 0:47 28.35

6 h �7:13 � 10�6 8:29 � 10�6 0:23 9.69

24 h �2:91 � 10�5 3:40 � 10�5 0:06 3.22
1 w �2:32 � 10�4 2:44 � 10�4 0:16 0.88

Table 1: Price change distributions characterized by the mean, the variance, the skewness

and the kurtosis at di�erent time int.s for the major currencies against the USD
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Table 2: Parameters estimates for the GARCH(1,1) with standardised maximum likelihood (M.L.)

and kurtosis (K). Corrected standard errors are in parenthesis. The time scale is the de-

seasonalised #-time. The coe�cients with a prime and and a double prime are computed

from the (dis)aggregation formulas for the jump and the di�usion hypothesis respectively.

The daily interval serves as a reference basis.
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Table 3: Parameters estimates for the GARCH(1,1) with standardised maximum likelihood (M.L.) and kurtosis (K). C

dard errors are in parenthesis. The time scale is the de-seasonalised #-time. The coe�cients with a prime and

prime are computed from the (dis)aggregation formulas for the jump and the di�usion hypotheses respectiv

interval serves as a reference basis.
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Table 4: Root Mean Square Errors for the GARCH (G) and the last period historical volatility (HV)

for the 1, 2, 12 and 24 steps ahead predictions.
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Table 5: Root Mean Square Errors for the GARCH (G) and the last period historical volatility (HV)

for the 1, 2, 12 and 24 steps ahead predictions.
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rate time int. b0 (G) b1 (G) R2 (G) b0 (HV) b1 (HV) R2 (HV)

USD/DEM 10 m �0:93 � 10�5 0:225 0:004 0:31 � 10�6 0:049 0:002
(0:29 � 10�5) (0:069) (0:15 � 10�7) (0:040)

20 m �0:35 � 10�4 0:302 0:008 0:57 � 10�6 0:100 0:010
(0:12 � 10�4) (0:104) (0:51 � 10�7) (0:080)

30 m �0:64 � 10�4 0:290 0:006 0:88 � 10�6 0:063 0:004
(0:17 � 10�4) (0:077) (0:45 � 10�7) (0:044)

1 h �0:17 � 10�1 0:485 0:009 0:17 � 10�5 0:057 0:003
(0:22 � 10�4) (0:060) (0:78 � 10�7) (0:031)

2 h �0:40 � 10�3 0:586 0:013 0:34 � 10�5 0:050 0:003
(0:48 � 10�4) (0:070) (0:14 � 10�6) (0:016)

6 h �0:19 � 10�2 0:803 0:025 0:10 � 10�4 0:037 0:001
(0:30 � 10�3) (0:124) (0:46 � 10�6) (0:014)

12 h �0:52 � 10�3 0:894 0:035 0:19 � 10�4 0:093 0:009
(0:91 � 10�4) (0:151) (0:11 � 10�5) (0:034)

24 h �0:85 � 10�3 0:741 0:023 0:40 � 10�4 0:100 0:010
(0:22 � 10�3) (0:182) (0:28 � 10�5) (0:052)

USD/GBP 10 m �0:35 � 10�4 0:630 0:058 0:24 � 10�6 0:173 0:030
(0:41 � 10�5) (0:073) (0:16 � 10�7) (0:057)

20 m �0:77 � 10�4 0:539 0:031 0:51 � 10�6 0:145 0:021
(0:78 � 10�5) (0:054) (0:26 � 10�7) (0:042)

30 m �0:16 � 10�3 0:624 0:039 0:76 � 10�6 0:162 0:026

(0:17 � 10�4) (0:066) (0:24 � 10�7) (0:026)
1 h �0:39 � 10�3 0:840 0:036 0:16 � 10�5 0:103 0:011

(0:47 � 10�4) (0:099) (0:71 � 10�7) (0:035)
2 h �0:87 � 10�3 0:937 0:042 0:30 � 10�5 0:147 0:022

(0:13 � 10�3) (0:144) (0:16 � 10�6) (0:044)

6 h �0:29 � 10�2 0:010 0:044 0:93 � 10�5 0:137 0:019
(0:52 � 10�3) (0:181) (0:58 � 10�6) (0:050)

12 h �0:77 � 10�3 0:111 0:049 0:18 � 10�4 0:195 0:038
(0:17 � 10�3) (0:243) (0:21 � 10�5) (0:092)

24 h �0:13 � 10�2 0:884 0:026 0:40 � 10�4 0:159 0:025

(0:48 � 10�3) (0:306) (0:39 � 10�5) (0:025)

JPY/USD 10 m �0:23 � 10�4 0:579 0:046 0:21 � 10�6 0:184 0:034
(0:14 � 10�5) (0:036) (0:87 � 10�8) (0:035)

20 m �0:48 � 10�4 0:602 0:049 0:41 � 10�6 0:167 0:028

(0:38 � 10�5) (0:047) (0:17 � 10�7) (0:034)
30 m �0:81 � 10�4 0:603 0:041 0:60 � 10�6 0:148 0:022

(0:44 � 10�5) (0:033) (0:13 � 10�7) (0:017)
1 h �0:18 � 10�3 0:638 0:035 0:12 � 10�5 0:117 0:014

(0:19 � 10�4) (0:067) (0:42 � 10�7) (0:027)
2 h �0:45 � 10�3 0:711 0:035 0:23 � 10�5 0:121 0:015

(0:51 � 10�4) (0:080) (0:90 � 10�7) (0:027)

6 h �0:17 � 10�2 0:805 0:033 0:61 � 10�5 0:226 0:051
(0:30 � 10�3) (0:143) (0:62 � 10�6) (0:086)

12 h �0:37 � 10�3 0:815 0:039 0:13 � 10�4 0:125 0:016
(0:48 � 10�4) (0:101) (0:77 � 10�6) (0:032)

24 h �0:97 � 10�3 0:814 0:030 0:28 � 10�4 0:061 0:004

(0:18 � 10�3) (0:144) (0:20 � 10�5) (0:031)

Table 6: E�ciency test for the GARCH (G) and the last period historical volatility

(HV). Corrected standard errors are in parenthesis.
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rate time int. b0 (G) b1 (G) R2 (G) b0 (HV) b1 (HV) R2 (HV)

CHF/USD 10 m �0:29 � 10�4 0:484 0:024 0:32 � 10�6 0:144 0:021
(0:29 � 10�5) (0:048) (0:14 � 10�7) (0:039)

20 m �0:90 � 10�4 0:621 0:042 0:59 � 10�6 0:200 0:040
(0:87 � 10�5) (0:059) (0:22 � 10�7) (0:031)

30 m �0:15 � 10�3 0:530 0:026 0:96 � 10�6 0:126 0:016
(0:17 � 10�4) (0:061) (0:43 � 10�7) (0:040)

1 h �0:39 � 10�3 0:662 0:022 0:19 � 10�5 0:105 0:011
(0:37 � 10�4) (0:064) (0:66 � 10�7) (0:032)

2 h �0:78 � 10�3 0:692 0:018 0:39 � 10�5 0:065 0:004

(0:93 � 10�4) (0:082) (0:12 � 10�6) (0:019)
6 h �0:33 � 10�3 0:852 0:026 0:12 � 10�4 0:066 0:004

(0:52 � 10�4) (0:130) (0:49 � 10�6) (0:024)
12 h �0:60 � 10�3 0:824 0:024 0:24 � 10�4 0:069 0:005

(0:12 � 10�3) (0:161) (0:11 � 10�5) (0:032)

24 h �0:91 � 10�4 0:712 0:014 0:41 � 10�4 0:174 0:030
(0:46 � 10�4) (0:241) (0:32 � 10�5) (0:072)

FRF/USD 10 m �0:18 � 10�4 0:530 0:041 0:19 � 10�6 0:248 0:062

(0:51 � 10�5) (0:149) (0:30 � 10�7) (0:121)
20 m �0:24 � 10�4 0:268 0:007 0:50 � 10�6 0:058 0:003

(0:56 � 10�5) (0:062) (0:22 � 10�7) (0:038)

30 m �0:58 � 10�4 0:346 0:013 0:74 � 10�6 0:094 0:009
(0:13 � 10�4) (0:078) (0:48 � 10�7) (0:058)

1 h �0:18 � 10�3 0:489 0:013 0:15 � 10�5 0:096 0:009
(0:22 � 10�4) (0:061) (0:83 � 10�7) (0:049)

2 h �0:40 � 10�3 0:666 0:019 0:29 � 10�5 0:109 0:012

(0:38 � 10�4) (0:061) (0:15 � 10�6) (0:043)
6 h �0:14 � 10�2 0:762 0:025 0:94 � 10�5 0:060 0:004

(0:22 � 10�3) (0:119) (0:41 � 10�6) (0:018)
12 h �0:45 � 10�3 0:897 0:041 0:18 � 10�4 0:106 0:011

(0:76 � 10�4) (0:146) (0:97 � 10�6) (0:036)

24 h �0:87 � 10�3 0:853 0:042 0:36 � 10�4 0:079 0:006
(0:18 � 10�3) (0:167) (0:22 � 10�5) (0:029)

Table 7: E�ciency test for the GARCH (G) and the last period historical volatility

(HV). Corrected standard errors are in parenthesis.

O&A Preprint -19-



year semester G(1) G(2) G(12) G(24) HV(1) HV(2) HV(12) HV(24)

1987 1st 0:26 � 10�3 0:27 � 10�3 0:42 � 10�3 0:60 � 10�3 0:44 � 10�5 0:57 � 10�5 0:58 � 10�5 0:60 � 10�5

2nd 0:59 � 10�3 0:60 � 10�3 0:70 � 10�3 0:81 � 10�3 0:12 � 10�4 0:16 � 10�4 0:17 � 10�4 0:16 � 10�4

1988 1st 0:55 � 10�3 0:62 � 10�3 0:13 � 10�2 0:18 � 10�2 0:74 � 10�5 0:99 � 10�5 0:99 � 10�5 0:10 � 10�4

2nd 0:79 � 10�3 0:86 � 10�3 0:14 � 10�2 0:18 � 10�2 0:58 � 10�5 0:80 � 10�5 0:79 � 10�5 0:82 � 10�5

1989 1st 0:38 � 10�3 0:39 � 10�3 0:50 � 10�3 0:61 � 10�3 0:11 � 10�4 0:14 � 10�4 0:15 � 10�4 0:15 � 10�4

2nd 0:20 � 10�2 0:23 � 10�2 0:29 � 10�2 0:29 � 10�2 0:86 � 10�5 0:11 � 10�4 0:12 � 10�4 0:12 � 10�4

1990 1st 0:60 � 10�3 0:62 � 10�3 0:80 � 10�3 0:99 � 10�3 0:38 � 10�5 0:50 � 10�5 0:46 � 10�5 0:50 � 10�5

2nd 0:19 � 10�2 0:23 � 10�2 0:26 � 10�2 0:26 � 10�2 0:57 � 10�5 0:71 � 10�5 0:74 � 10�5 0:79 � 10�5

1991 1st 0:80 � 10�3 0:83 � 10�3 0:11 � 10�2 0:14 � 10�2 0:13 � 10�4 0:16 � 10�4 0:17 � 10�4 0:17 � 10�4

2nd 0:34 � 10�2 0:37 � 10�2 0:38 � 10�2 0:38 � 10�2 0:89 � 10�5 0:13 � 10�4 0:13 � 10�4 0:13 � 10�4

1992 1st 0:50 � 10�3 0:51 � 10�3 0:60 � 10�3 0:70 � 10�3 0:46 � 10�5 0:60 � 10�5 0:61 � 10�5 0:62 � 10�5

2nd 0:82 � 10�3 0:87 � 10�3 0:13 � 10�2 0:19 � 10�2 0:15 � 10�4 0:19 � 10�4 0:18 � 10�4 0:18 � 10�4

1993 1st 0:23 � 10�2 0:26 � 10�2 0:26 � 10�2 0:26 � 10�2 0:72 � 10�5 0:95 � 10�5 0:95 � 10�5 0:95 � 10�5

2nd 0:13 � 10�2 0:15 � 10�2 0:21 � 10�2 0:21 � 10�2 0:63 � 10�5 0:82 � 10�5 0:85 � 10�5 0:83 � 10�5

Table 8: Root Mean Square Errors for the GARCH (G) and the last period historical volatility (HV)

for the 1, 2, 12 and 24 steps ahead predictions. The currency is the USD/DEM at the 2

hours interval.
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year semester b0 (G) b1 (G) R2 (G) b0 (HV) b1 (HV) R2(HV)

1987 1st �0:16 � 10�3 0:638 0:028 0:17 � 10�5 0:188 0:035
0:38 � 10�4 0:147 0:14 � 10�6 0:061

2nd �0:40 � 10�3 0:675 0:007 0:34 � 10�5 0:074 0:005
0:15 � 10�3 0:252 0:38 � 10�6 0:053

1988 1st �0:72 � 10�4 0:134 0:001 0:13 � 10�5 0:027 0:001
0:34 � 10�4 0:063 0:22 � 10�6 0:017

2nd �0:46 � 10�3 0:576 0:015 0:17 � 10�5 0:195 0:038
0:19 � 10�3 0:242 0:23 � 10�6 0:094

1989 1st �0:32 � 10�3 0:831 0:028 0:33 � 10�5 0:034 0:001

0:57 � 10�4 0:149 0:33 � 10�6 0:022
2nd �0:20 � 10�2 0:996 0:037 0:22 � 10�5 0:174 0:030

0:71 � 10�3 0:354 0:21 � 10�6 0:091

1990 1st �0:33 � 10�3 0:558 0:006 0:13 � 10�5 0:054 0:003

0:14 � 10�3 0:235 0:99 � 10�7 0:029
2nd �0:75 � 10�3 0:397 0:007 0:23 � 10�5 0:057 0:003

0:31 � 10�3 0:163 0:17 � 10�6 0:030

1991 1st �0:46 � 10�3 0:581 0:013 0:39 � 10�5 0:093 0:009
0:12 � 10�3 0:148 0:35 � 10�6 0:026

2nd �0:89 � 10�2 0:607 0:056 0:22 � 10�5 0:239 0:057

0:68 � 10�2 0:003 0:41 � 10�6 0:183

1992 1st �0:13 � 10�3 0:271 0:001 0:18 � 10�5 0:024 0:001
0:18 � 10�3 0:352 0:15 � 10�6 0:032

2nd �0:53 � 10�3 0:656 0:030 0:52 � 10�5 0:051 0:003

0:93 � 10�4 0:113 0:44 � 10�6 0:034

1993 1st �0:62 � 10�4 0:028 0:000 0:24 � 10�5 0:003 0:000
0:34 � 10�3 0:147 0:22 � 10�6 0:017

2nd �0:54 � 10�3 0:418 0:009 0:19 � 10�5 0:038 0:001
0:32 � 10�3 0:252 0:20 � 10�6 0:040

Table 9: E�ciency test for the GARCH (G) and the last period historical volatility

(HV). Corrected standard errors are in parenthesis. The currency is the

USD/DEM at the 2 hours interval.
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