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3. Empirical Result 

3.1 Unit Root Tests and Stationarity Test 

In order to observe the feature of stationarity for the return series, we adopt three 

approaches including the Augmented Dickey-Fuller (1981), Phillips-Perron (1988), 

and KPSS tests. The empirical results presented in Table 1 display that the ADF and 

PP test statistics significantly reject hypothesis of unit roots for the series and the 

KPSS test result do not reject the stationarity null hypothesis with the intercept. In 

addition, the results are similar whether the test includes the intercept here or not and 

whether we consider the trend. It means that there is no paradox within those three 

tests and the Lo’s R/S test would be used to fit the long memory behavior while a 

series is stationary. 

3.2 Long Memory in Volatility 

After getting the results of stationarity tests, we have to capture the long memory 

behavior in volatility of a return series as a credible check for using the HYGARCH 

model.  

Usually squared returns and absolute returns are used as volatility proxies. The 

Lo’s R/S test statistics for those will tell us whether the characteristic of long memory 

exhibit in conditional variance. The results are given in the bottom of Table 1 and 

indicate long memory in return volatility as Lo’s R/S test statistics strongly reject the 
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null hypothesis. It implies that the autocorrelation function (ACF) of the squared or 

absolute returns series decays at a hyperbolic, instead of an exponential, rate as the lag 

increases. 

Also, we compute the Lo’s R/S test statistics for the return series and the result 

displays that long memory characteristics do not exhibit in daily returns as it does not 

reject the null hypothesis of no long memory. Therefore, the return series are I (0) 

processes which have no long memory characteristics, but volatilities are I(d)-long 

memory processes.  

3.3 Estimating the Models 

 The estimation results of the HYGARCH ( 1, d, 1 ) model under the normal, 

Student-t and skewed Student-t distributions are presented in Table 2. According to 

the estimated long memory parameters  of the HYGARCH( 1, d, 1) models based 

on the three distributions, we could observe the evidences of long memory process 

respectively because the  parameters of the HYGARCH models range from 

0.260667 to 0.400983, all significantly different from 0 and 1. Moreover, please note 

that the hyperbolic parameters (log 

d̂

d̂

α̂ ) in the HYGARCH models are not significant 

from zero. These indicate that volatility of the returns in the model can be 

characterized by slowly mean-reverting fractionally integrated processes. 

In addition, we can observe that the returns exhibit significant fat tails as the 
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estimated the Student degree of freedom parameter is 4.161854 in the Student-t model 

and υ  is 4.191944 in the skewed Student-t model significantly different from zero. 

Furthermore, the estimated skewness parameter ( )log 0.046221 0ζ = >  is significant 

different from zero in the model with a skewed Student-t distribution, which means 

the distribution skewed to the right. It is in accordance with what we discussed in 

Table 1. We can also pay attention to the statistics in the lower part of Table 2 and 

find that the model with a skewed Student-t distribution outperforms according to the 

lower AIC, SBC and higher log-likelihood values. These empirical evidences confirm 

that the return distribution is skewed.  

For the goodness of fit tests, the Ljung-Box test statistics computed on the 

squared standardized residuals of the model with different distributions can not reject 

the null of white noise series. And after fitting the model, ARCH LM test statistics for 

residuals also supports that there is no ARCH effect in the residuals. From Table 2, it 

seems that the returns data has passed the tests and confirmed there is no bias 

concealed in residuals. 

3.4 In-Sample and Out-of-Sample VaRs Analyses 

    After estimating the models, we separate the sample data into the in-sample and 

the out-of-sample parts. We use models to fit these departments respectively to test 

the effectiveness of past information and the forecasting abilities for the remaining 
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samples. As for how to measure that, Kupiec test discussed above will be used here. If 

the models fit the data well, we would not reject the null hypothesis that the failure 

rate estimated. 

3.4.1 In-sample VaR computations 

We compute 4685 in-sample VaRs for the returns data. And in Table 3, these 

computed in-sample VaR results, including the empirical failure rates and the 

corresponding Kupiec’s LR statistics, under the HYGARCH ( 1, d, 1 ) models with 

the three distributions are showed respectively. We can observe that the results under 

the normal and Student-t distributions with non-skewed features have a poor 

performance for short and long positions: the empirical failure rates are significantly 

different from the specified failure rates,α . However, if we used the model with a 

skewed Student-t distribution to fit the data, the confused state would be improved 

and there are no results which reject the null hypothesis that α=f . It means that the 

model considering the characteristics of skewness and fat-tails is more appropriate to 

fit our returns data whose skewness coefficient different from zero and kurtosis 

coefficient larger than three respectively in fact.  

Our empirical results of the model also indicate that the bias increases as the 

confidence level decreases (from 0.025 to 0.0025 and from 0.975 to 0.9975) for the 

normal distributions. On the contrary, it decreases for the fat-tailed ones. The results 
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obtained here are consistent with what Inui, Mijima, and Kitano (2003) and Li and Xu 

(2006) concluded. The former pointed out that as the confidence level increases, the 

significant bias for VaR values calculations with a fat-tailed distribution increases. 

The latter also discovered that the probability of the VaRs computed by the 

conditional extreme value theory to the VaRs under a normal distribution increases 

significantly as the confidence level decreases. And it signifies that the dollar/yen 

return distribution is really fat-tailed to make the bias increase as the confidence level 

decreases under a normal distribution. 

To check it closely, we also can observe that the bias under the skewed Student-t 

distribution is smaller than that under the Student-t one. It implies that the skewed and 

fat-tailed distribution is more appropriate to the returns again. 

In addition, we increase or decrease the probability of a symmetrical normal or 

Student-t distribution on where the null hypothesis is rejected according to Table 3, 

we will get a distribution skewed to the right rather than to the left. This circumstance 

matches with the positive skewness coefficient of our model in Table 2. 

3.4.2 Out-of-sample VaR computations 

From in-sample VaR computations described in last subsection, we just only get 

the past performance of these VaR models. In order to comprehend whether these 

models can really forecast well, we show the empirical results of the out-of-sample 
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VaRs under the same models used before. Here we compute 530 out-of-sample VaRs 

for the returns data, and the models are re-estimated every 67 observations in the 

out-of-sample period.3 As in-sample VaR analysis, these out-of-sample VaRs are 

compared with the estimated VaRs for Kupiec’s LR test. Table 4 presents the results 

computed by the HYGARCH model. We can observe that there are no failure rates 

different from α significantly. In other words, the model with the three different 

distributions can fit the out-of-sample data well to show their forecasting abilities. 

However, we have consistent results with the in-sample VaR calculations that skewed 

Student-t models perform best because of the p-values. 

In addition, we pay attention to that the VaR model performs very well when α 

equals to 0.0025 for the long position and 0.9975 for the short one under these 

fat-tailed distributions. In such case, the Kupiec LR test statistic is not available. It is 

so conservative that the failure rate is zero or one at the two extreme pre-specified 

VaR levels because the model captures the fat-tail behavior exhibited in the returns 

perfectly. 

 

                                                 
3  We choose out-of-samples for two years included 530 daily returns, and we re-estimate VaRs every 
67 observations because a contract across a season averagely includes 67 daily returns. 


