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2. Data and Methodology 

2.1 Data 

The dollar/yen futures contracts are ranked number 3 in the biggest exchange 

rate ones traded on the Chicago Mercantile Exchange (CME) from August 18, 1976. 

In the article, we take the daily price data provided by Datastream database from the 

Plaza Accord at September 22, 1985 through September 16, 2005 2 for two reasons. 

One is as what we described in the beginning, the other is that the values of dollar/yen 

futures drawn in Figure 1 exhibit different mean levels between the smooth period 

before the Plaza Accord and the period after the appreciation from 1985 to 1988. 

Here the appropriate roll data for contracts is determined by using the automatic 

roll of the futures contracts based on total daily tick volume, which implies that a roll 

of contracts will occur on the close of the day where the next contract’s daily tick 

volume exceeds the current contracts. 

For closing price series Pt, daily returns at time t are defined as 
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The sample statistics of returns are summarized in the upper part of Table 1. It shows 

that the series exhibits skewness and asymmetric properties, which means that the 

return series is not normal distributed.  

                                                 
2  We also use the model to fit the whole returns data from August 18, 1976. However, the models do 
not fit the data well. 
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2.2 Methodology 

2.2.1 FIGARCH 

Many literatures indicated that GARCH models with I (0) seem to vanish a 

volatility shock over time at an exponential rate, however the integrated GARCH 

model (IGARCH) with I (1) implies that a shock has no mean reversion. Ballie, 

Bollerslev, and Mikkelsen (1996) proposed the Fractional Integrated GARCH 

(FIGARCH) process considering the distinction between I (0) and I (1) to allow the 

long memory behavior in the volatility of stock and exchange rate return series, and it 

also fills the gap between short and complete persistence. While I ( d ) time series is 

with 0< <1, shocks decay at a slow hyperbolic rate. And the FIGARCH (1,d,1) 

model can be defined as: 

d

 ))]((1[])1)(([ 222
ttt

d LLL σεβωεφ −−+=−  (2)

2222 )1)(()](1[)( t
d

ttt LLLL εφεβσβωσ −−−++=  

211 })1)(()](1[1{)](1[ t
dLLLL εφββω −−−+−= −−          (3) 

.)()](1[ 21
tLL ελβω +−≡ −     

where , and 0≦d≦1. i
i i LL ∑∞

=
≡

1
)( λλ )(Lλ  is an infinite summation which, in 

practice, has to be truncated. 

The fractional differencing operator  is defined as:  dL)1( −
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where , ddc =)(1 )1(
2
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2.2.2 HYGARCH 

The unit-amplitude restriction of FIGARCH process makes the second moment 

of the unconditional distribution of residuals infinite and FIGARCH models not be 

covariance stationary. And there is a paradox that the length of memory increases as d 

increases in contrast to that decreases. To establish a more general framework, 

Davidson (2004) embed it in a class of models in which such restrictions can be tested, 

and also to adhere to the approach of modeling amplitude and memory as separate 

phenomena. His model introduced another parameter α. Consider the form 
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where 0≥α , . Note that, provided that , 0≥d 0>d
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The FIGARCH and stable GARCH cases correspond to 1=α  and 0=α , 

respectively.  The hypothesis of either of these two cases might be tested.  

Nevertheless, the parameter  is unidentified in the latter case, which poses a well 

known problem for constructing hypothesis tests.  Therefore, when , the 
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equation (5) will reduce to  
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In other words, when , the parameter 1=d α  reduces to an autoregressive root, and 

hence the model becomes either a stable GARCH or IGARCH, depending on whether 

1<α  or 1=α . Besides, when  is not too large, this model will correspond 

closely to the case  
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and )(⋅ς  is the Riemann zeta function. 

2.2.3 VaR 

Concerning the underestimation of risk, we compute VaR values to measure the 

maximum losses at (1-α) confidence level. Besides the short trading positions, we 

can also compute VaRs for the long ones in fact. In this section, VaRs for these two 

positions are estimated using the HYGARCH ( 1, d, 1 ) model under three different 

distributions including the normal, Student-t and skewed Student-t distributions 

described before. From models with past information, the conditional mean tμ̂  and 

conditional variance tσ̂  can be estimated in different states. The VaR values of α  

quantile for long and short trading position are computed as follows: 
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Under normal distribution,  

                         ttlong zVaR σμ α ˆˆ −=  ,                      (10) 

                         ttshort zVaR σμ α ˆˆ +=  ,                      (11) 

where zα  is the left or right quantile at α % for the normal distribution. 

Under the Student distribution, 

                        tvtlong stVaR σμ α ˆˆ ,−=  ,                      (12) 

                        tvtshort stVaR σμ α ˆˆ ,+=  ,                      (13) 

where ,vstα  is the left or right quantile at α % for the Student-t distribution with  

degrees of freedom. 

v

Under the skewed Student distribution, 

                       tvtlong skstVaR σμ ζα ˆˆ ,,−=                       (14) 

tvtshort skstVaR σμ ζα ˆˆ ,,+=                       (15) 

where , ,vskstα ζ  is the left or right quantile at α % for the skewed Student-t 

distribution with  degrees of freedom and asymmetry coefficient v ζ . If 1ζ < , we 

will get a bigger VaR for long position than short position; if 1ζ > , we will get the 

opposite result.  

2.2.4 Measure of Accuracy for VaR Estimates -- Kupiec Test 

    Intuitively, if those VaRs computed from models and past information could 

capture the real exposure which a manager faces at 5% confidence level precisely, the 
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realized VaRs would exceed the forecasted VaR five times in 100 observations. And 

this percentage of excess is named the empirical failure rate. In order to test the 

accuracy of those estimated VaRs, Kupiec (1995) proposed a likelihood-ratio test 

based on what we described above with hypothesis α=fH :0  versus α≠fH :1 , 

where f is the failure rate. He use the empirical failure rate , where
∧
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denotes N as the sample size and x as the number of times that realized VaRs exceed 

the estimated VaR in the sample, to approximate the failure rate on any one of the 

independent trials under . Therefore, the probability of observing 

x failures in a sample of size N is: , where  

signifies the binomial coefficient for N objects taken x at a time. The Kupiec LR test 

statistic is given by: 
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and this statistic has a distribution as chi-square distribution with 1 level of freedom. 

 


