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Abstract: Forecast adequately the volatility of financial returns is an essential task in finance. 

Such forecasts are used in risk management, derivative pricing and hedging, portfolio selection, etc. 

In each of these tasks the predictability of volatility is required. In each area it is important to know 

what volatility model or family volatility models performance the best. Thus, in this paper some 

volatility models are compared in terms of their ability to forecast Value at Risk(VaR) which is 

important in measuring market risk. This comparison includes the Exponential GARCH model 

(beta-t-EGARCH) proposed by Harvey and Chacravary in2008, and some specifications of the beta-

skewness-t-EGARCH model proposed by Harvey and Sucarrant in 2014. This last model is an 

extension of the previous one which includes leverage effect and fat tail-skewness distribution. The 

standard GARCH model is also included in the comparison. The results suggest that the new 

specifications perform very well in estimating VaR, outperforming the standard GARCH model. In 

addition, the most complex specification, which includes leverage and skewness distribution, best 

estimates VaR. These results contribute to the existing literature by showing that asymmetric 

specification for conditional volatility with fat-tailed and skewness distributions outperform the 

symmetric distribution in forecasting VaR.  
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1. Introduction 

Forecast adequately the volatility of financial returns is an essential task in finance. Such 

forecasts are used in risk management, derivative pricing and hedging, portfolio selection and 

market making, etc. In each of these tasks a predictability of volatility is required.  So, it is not 

surprisingly that in last decades we had been witnessing of a growing body of literature dedicated to 

improve the volatility estimations (i) proposing new volatility models or (ii) perfect the existing 

one.  

 It is well known that financial returns are characterised by volatility clustering: large returns 

in absolute value are likely followed by other larger returns in absolute value, and small returns in 

absolute value are followed by small returns in absolute value (Mandelbrot, 1963). Furthermore, 

financial returns are subject to leverage (Black, 1976), conditional fat-tailedness and conditional 

skewness (Bollerslev, 1987). The former means that volatility tends to be higher after negative 

returns, this is typically attributed to leverage (hence the name), whereas conditional fat-tailedness 

                                                           
1 This work has been funded by the Spanish Ministerio de Ciencia y Tecnología (ECO2012-31941: 2013-

2015). 



ISSN: 1929-0128(Print); 1929-0136(Online) ©Academic Research Centre of Canada 

~ 68 ~ 
 

means the standardised conditional return is more fat-tailed than the Gaussian. Conditional 

skewness means that the standardised return is not asymmetric.  

To capture volatility clustering, several family volatility models have been developed: 

GARCH models, stochastic volatility models and realised volatility-based models. With regard to 

the GARCH family, Engle (1982) proposed Autoregressive Conditional Heteroscedasticity 

(ARCH), which featured a variance that does not remain fixed but rather varies throughout a period. 

Bollerslev (1986) further extended the model by inserting the ARCH-generalised model (GARCH). 

In the context of this family model, Creat et al. (2008, 2011) and Harvey and Chakravarty (2008) 

proposed an exponential GARCH model (Beta-t-EGARCH) in which the variance, or scale, is 

driven by an equation that depends on the conditional score of the last observation. This model has 

a number of attractive elements (see the references).  

As previously mentioned, it is well known in the literature that financial returns exhibit 

skewness and fat-tailed distributions. To capture these characteristics, Harvey and Sucarrant (2013) 

extended conditional score models to skew distribution. The model they proposed is called the 

Beta-Skew-t-EGARCH model. This model combined the skewness of the conditional distribution 

with a leverage effect in the dynamic equation for the scale. In an empirical application, they 

compare the fit of several Beta-Skewed-t-EGARCH specifications with a standard GARCH model 

with a leverage term of the form proposed by Golsten et al. (1993) –henceforth GJR – or with a 

skewed-t-student conditional distribution. As a result, they find that the Beta-Skewed-t-EGARCH 

specifications outperform the GARCH-GJR in fitting portfolio returns.  

From the aforementioned paper, it seems clear that in statistical terms, the Beta-Skewed-t-

EGARCH model outperforms some standard GARCH specifications. However, we know nothing 

about the performance of this model in terms of Value at Risk. To fill this gap, we fit several Beta-

Skewed-t-EGARCH specifications, including the simplest one (beta-t-EGARCH), to a range of 

financial return series and compare these models in terms of Value at risk. The main aim is to know 

whether the new specifications outperform the standard GARCH in measuring market risk. 

The rest of the paper is structured as follow. In section 2, the beta-t-EGARCH model and the 

extensions proposed by Harevy and Sucarrant (2013) are presented. In section 3, it is described 

what Value at Risk (VaR) is, how to calculate it and the backtesting procedure used to evaluate the 

VaR estimates. The empirical results are presented in section 4. Section 5 contains the conclusion.  

2. Volatility Models 

In this section, the Beta-t-EGARCH model proposed by Creal et al. (2008,2011) and Harvey 

and Chacravary (2008) and the Beta-Skew-t-EGARCH model proposed by Harvey and Sucarrant 

(2013) are presented.  

2.1 Beta-t-EGARCH 

Let   ,   ,   , . . .,   , be identically distributed independent random variables representing 

financial returns. Assume that {rt} follows the stochastic process 

                   ,             ,             (1) 

where the conditional error    is distributed as a t-student with zero mean, unconditional standard 

deviation    and degrees of freedom parameter  .              is the conditional scale o volatility, 
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which need not be equal to the conditional standard deviation. The conditional standard deviation is 

obtained as               2.  

The one-component specification is 

                     
 

                                    (2) 

               
              

        

is stationary if      . Because    is a martingale difference,         is weakly stationary with an 

unconditional mean of           and an unconditional variance of            . 

In the context of the GARCH family model, Engle and Lee (1999) proposed a two-component 

model in which the volatility is modelled with a long-run component and a short-run component. 

The main role of the short-run component is to note the temporary increase in volatility after a large 

shock. Following this philosophy, Creal et al. (2008, 2011) and Harvey and Chacravary (2008) 

propose the two-component Beta-t-EGARCH model. The expression of this model is as follows:  

                   
           

 
                         (3) 

Where           
               

            

and                
               

         

In the Beta-t-EGARCH model, as in the GARCH model, the long-term component,          
 

, 

has    close to one or even set equal to one. The short-term component,          
 

, will typically have 

a higher   combined with lower  . The model is not identifiable if the   =   imposing the 

constraint           ensures identifiability and stationarity.  

2.2 Beta-Skew-t-EGARCH 

Harvey and Sucarrant (2013) extend the conditional score models to skew distributions. The 

model they propose is called Beta-Skew-t-EGARCH. This model combines the skewness of the 

conditional distribution with a leverage effect in the dynamic equation of the scale.  

Skewness is introduced into the Beta--t-EGARCH model using the method proposed by 

Fernandez and Steel (1998) (see Harvey and Sucarrant (2013) for more details of this method). 

Thus, in equation (1), they assume that the conditional error    is distributed as a skewed t-student 

with mean   , scale   , degrees of freedom parameter   and skewness parameter  3 

                      ,                 ,                ,    

The leverage effect may be introduced into the model using the sign of the observations. For 

the one-component model, 

         
              

                                                        (4) 

Taking the sign of minus    means that the parameter of    is normally non-negative for stock 

returns. Although the statistical validity of the model does not require it, the restriction      

                                                           
2 The specification for the standard GARCH model is as follows:        ,            

  , where    is 
the scale o volatility, which is modeled as   

           
        

  with   
   .   

3 The conditional error     is an uncentred (i.e., mean not necessarily equal to zero) Skewed t variable 
with   degrees of freedom, skewness parameter  . A centred and symmetric t-distribution variable 
with mean zero is obtained when    , in which     , whereas a left-skewed (right-skewed) t-

variable is obtained when    , (   ). More details on the distribution can be found in Harvey 
and Sucarrant (2013) and Sucarrant (2013). 
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  may be imposed to ensure that an increase in the absolute values of a standard observation does 

not lead to a decrease in volatility.  

The two-component model with a leverage effect is:  

                   
           

 
                                  (5) 

Where           
               

          

and                
               

                                   

Only the short-term component has a leverage effect.  

3. VaR Methodology 

In this section, it is presented the concept of value at risk (VaR) and how to calculate it. In 

addition, a summary of the backtesting procedure used to evaluate the VaR estimates is presented.  

According to Jorion (2001), the VaR measure is defined as the worst expected loss over a 

given horizon under normal market conditions at a given level of confidence. The VaR is thus a 

conditional quantile of the distribution of asset returns. Use  to denote the cumulative 

distribution function,
 
               1t  , conditionally on the information set 1t  that is 

available at time t-1. The VaR with a given probability  0 1,  denoted by VaR    is defined as 

the   quantile of the probability distribution of financial returns:                  

         
 

Under the framework of the parametric techniques (see Jorion, 2001), the conditional VaR can 

be calculated as VaR(           where    represents the conditional mean, which we assume 

is zero,    is the conditional standard deviation and    denotes the corresponding quantile of the 

distribution of the standardised returns at a given confidence level 1- . For instance, if we assume 

a normal distribution for the financial returns,    will be the quantile   of the standardised normal 

distribution. 
 

In this paper, we will use several volatility models to forecast value at risk one day ahead at 

1% probability. In particular, we use six volatility models: the Beta-t-EGARCH model and four 

specifications of the Beta-skewed-t-EGARCH model presented in section 2. In the comparison, we 

also include the standard GARCH model below a t-student distribution. 

To test the accuracy of the VaR estimate, we use several standard tests: unconditional and 

conditional coverage tests, the Back-Testing criterion and the Dynamic Quantile test.  

We have an exception when 
1tr 
 <          ; in this case, the exception indicator variable 

(It+1) is equal to one (zero in other cases). Kupiec (1995) shows that the unconditional coverage test 

has as a null hypothesis  = , with a likelihood ratio statistic given by 

     N x N xx x
UCLR log 1 log 1   

  
  

      

which follows an asymptotic 2 (1)  distribution. The conditional coverage test (Christoffersen, 

1998) jointly examines if the percentage of exceptions is statistically equal to the expected 

percentage and the serial independence of It+1. The likelihood ratio statistic of the conditional 

coverage test is LRcc=LRuc+LRind, which is asymptotically distributed 2 (2) , and the LRind statistic 

is the likelihood ratio statistic for the hypothesis of serial independence against first-order Markov 

dependence. Finally, the dynamic quantile test proposed by Engle and Manganelli (2004) examines 

)(rF
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if the exception indicator is uncorrelated with any variable that belongs to the information set 
1t  

available when the VaR was calculated. This is a Wald test of the hypothesis that all slopes are zero 

in a regression of the exception indicator variable on a constant, five lags and the VaR.  

Additionally, we evaluate the magnitude of the losses experienced. The model that minimises 

the total losses is preferred to the other models. For this purpose, we have considered two loss 

functions: the regulator´s loss function and the firm’s loss function. Lopez (1998, 1999) proposed a 

loss function that reflects the utility function of a regulator. This loss function assigns a quadratic 

specification when the observed portfolio losses exceed the VaR estimate. Thus, we penalise only 

when an exception occurs according to the following quadratic specification:  

 
2




t t t t
t

VaR r if r VaRRLF
0 otherwise

-=     (6) 

This loss function gives higher scores when failures take place and considers the magnitude of 

these failures. In addition, the quadratic term ensures that large failures are penalised more than 

small failures. 

However, firms use VaR in internal risk management, and in this case, there is a conflict 

between the goal of safety and the goal of profit maximisation. VaR that is too high forces the firm 

to hold too much capital, imposing the opportunity cost of capital upon the firm. Taking this into 

account, Sarma et al. (2003) define the firm’s loss function as follows: 

     
2

.





t t t t

t

t
VaR r if r VaR

FLF
VaR otherwise

-=
-

            (7) 

where is the opportunity cost of capital.  

This function penalises the cases in which there are no exceptions in multiplying the VaR 

estimate by a factor  . As Abad et al. (2014) indicate, this product does not capture the 

opportunity cost of the capital in an exact way. Therefore, they propose a new firm’s loss function 

as follows:  

 
 

t t

t t

VaR r if r VaR

r VaR if r VaR

2
-FABL=

-







 
                      (8) 

In this expression, the exceptions are penalised as they usually are in the literature, following 

the instructions of the regulator. When there are no exceptions, the loss function penalises the 

difference between the VaR and the returns weighted by a factor α that represents the interest rate. 

This product is the opportunity cost of the capital, i.e., the excess capital held by the firm.  

4. Empirical Application 

4.1 Data analysis 

In this section, the βeta-t-EGARCH specification and some specifications of the βeta-skew-t-

EGARCH (denoted βtE) are fitted to a range of financial return series.  

The data set consists of closing daily returns on eight composite indexes from 1/1/2000 to 

12/31/2013 (approximately 3,500 observations). The indexes are: Ftse, CAC40, DAX, Athens, 

Nikkei, Hang Seng, S&P500 and Nasdaq. The data were extracted from the Yahoo finance website. 
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The computation of the indexes’ returns (rt) is based on the formula rt=ln(It)-ln(It-1), where It is the 

value of the stock market index for period t.  

Table 1 contains descriptive statistics of the return series. For each index, the unconditional 

mean of daily return is very close to zero. The unconditional standard deviation is especially high 

for Athens (1.763) and Nasdaq (1.747). For the rest of stock index returns, the standard deviation 

moves between 1.263 Ftse and 1.580 Hang Seng. The skewness statistic is negative for five of the 

indexes considered, but it is only statistically significant for Ftse, Athens and S&P500. 

Table 1. Descriptive statistics of return series  (January 2000-December 2013) 

 Mean Median Std. Dev. Skewness Kurtosis 
Jarque 

Bera 

Ftse 0.000 0.036 1.263 
-0.124

** 

(0.041) 

5.947
** 

(0.082) 

5200.2
** 

(0.001) 

Cac40 -0.008 0.021 1.535 
0.026 

(0.041) 

4.671
**

 

(0.082) 

3242.9
**

 

(0.001) 

DAX 0.009 0.071 1.579 
0.023 

(0.041) 

4.156
**

 

(0.082) 

2559.8
**

 

(0.001) 

Athens -0.044 0.000 1.763 
-0.016 

(0.041) 

4.156
**

 

(0.081) 

2593.3
**

 

(0.001) 

Nikkei -0.004 0.015 1.576 
-0.420 

(0.042) 

6.258
**

 

(0.084) 

5694.4
**

 

(0.001) 

Hang Seng 0.008 0.17 1.580 
-0.066 

(0.041) 

7.824
**

 

(0.083) 

8889.3
**

 

(0.001) 

S&P500 0.006 0.56 1.315 
-0.175 

0.041) 

7.824
**

 

(0.083) 

871.9
**

 

(0.001) 

Nasdaq 0.000 0.073 1.747 
0.045 

(0.041) 

4.913
**

 

(0.083) 

3529.4
**

 

(0.001) 

  Note: This table presents the descriptive statistics of the daily percentage returns of Ftse, 

CAC40, DAX Athensl, Nikkei, HHang Seng, S&P 500 and Nasdaq. The sample period is from 

January 2
nd

, 2000, to December 31
st
, 2013. The index return is calculated as   Rt=100(ln(It)-ln(It-1)), 

where It is the index level for period t. Standard errors of the skewness and excess kurtosis are 

calculated as  n/6  and n24  respectively. The JB statistic is distributed as the Chi-square with 

two degrees of freedom.  *, ** denote significance at the 5% and 1% levels, respectively. 

 
 

This means that the distribution of those returns is skewed to the left. In the case of CAC40, 

DAX and Nasdaq, the skewness statistic is positive, but it is not statistically significant in any case. 

For all of the indexes considered, the excess kurtosis statistic is very large and significant at 

1% level, implying that the distributions of those returns have much thicker tails than the normal 

distribution. Similarly, the Jarque-Bera statistic is statistically significant, rejecting the assumption 

of normality. These results are in line with those obtained by Bollerslev (1987), Bali and 

Theodossiou (2007), and Bali, et al. (2008), among others. All of them find evidence that the 

empirical distribution of the financial return exhibits a significant excess of kurtosis (fat tails and 

peakness).  

Financial returns are modelled as in section 2. The one-component (βtE) specification is  
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Table 2.      specifications fitted 

    
  

(se) 
   
(se) 

   
(se) 

   
(se) 

   
(se) 

   
(se) 

  
(se) 

  
(se) 

logL 
(SIC)   

Ftse       -0.027 0.987  -- 0.049  --  -- 14.962 -- -5086.9   

    0.094 0.003 
 

0.005     3.359 
 

2.888   

       -0.181 0.984  -- 0.028  -- 0.037 13.199 -- -5022.0   

    0.051 0.003   0.004   0.004 2.438   2.854   

       0.021 0.984  -- 0.033  -- 0.041 14.254 0.863 -5003.3   

    0.064 0.003   0.004   0.004 2.854 0.021 2.846   

       -0.069 0.991 0.917 0.035 -0.017 0.053 17.061 -- -5008.1   

    0.088 0.003 0.016 0.007 0.010 0.005 4.002   2.851   

       -0.024 0.990 0.935 0.033 -0.005 0.052 18.253 0.874 -4992.7   

    0.084 0.004 0.016 0.009 0.011 0.005 4.726 0.021 2.845   

Cac40      0.182 0.989  -- 0.045  --   10.718  -- -5958.9   

    0.097 0.003 
 

0.005 
 

  1.695 
 

3.340   

       0.018 0.984  -- 0.026  -- 0.041 11.043  -- -5883.9   
    0.047 0.003   0.004   0.004 1.560   3.301   

       0.217 0.985  -- 0.031  -- 0.045 11.581 0.876 -5868.6   
    0.064 0.003   0.004   0.004 1.701 0.021 3.295   

       0.120 0.989 0.932 0.047 -0.030 0.057 10.456 -- -5871.8   

    0.093 0.005 0.014 0.012 0.014 0.005 1.432   3.299   

       0.159 0.986 0.947 0.053 -0.028 0.057 10.701 0.893 -5860.9   
    0.081 0.007 0.012 0.021 0.023 0.005 1.508 0.022 3.295   

DAX      0.219 0.989  -- 0.046  --   11.367  -- -5995.2   

    0.103 0.003 
 

0.004 
 

  2.035 
 

3.369   

       0.128 0.984  -- 0.032  -- 0.037 11.061  -- -5929.5   

    0.053 0.003   0.004   0.004 1.711   3.335   

       0.333 0.984  -- 0.036  -- 0.042 11.840 0.872 -5911.6   

    0.073 0.003   0.004   0.004 1.982 0.020 3.327   

       0.265 0.990 0.923 0.049 -0.028 0.053 11.282 -- -5911.7   

    0.131 0.005 0.015 0.011 0.013 0.005 1.838   3.330   

       0.293 0.988 0.943 0.052 -0.022 0.053 11.580 0.890 -5899.1   

    0.108 0.006 0.011 0.017 0.020 0.005 1.961 0.021 3.325   

Athens      0.292 0.986  -- 0.052  --   6.917  -- -6592.2   
    0.083 0.004 

 
0.006 

 
  0.797 

 
3.651   

       0.251 0.982  -- 0.050  -- 0.016 7.058  -- -6577.7   

    0.068 0.004   0.006   0.003 0.815   3.645   

       0.263 0.982  -- 0.050  -- 0.017 7.087 0.976 -6576.9   
    0.068 0.004   0.006   0.003 0.821 0.020 3.647   

       0.411 0.999 0.919 0.012 0.040 0.024 7.702 -- -6558.8   
    0.170 0.001 0.017 0.003 0.006 0.004 0.973   3.640   
       0.410 0.999 0.919 0.012 0.040 0.024 77.235 0.981 -6558.4 

 

  

0.169 0.001 0.017 0.003 0.006 0.004 .000 0.020 3.642 
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(se) 
   
(se) 

   
(se) 

   
(se) 

   
(se) 

   
(se) 

  
(se) 

  
(se) 

logL 
(SIC)   

Nikkei       0.257 0.982 -- 0.044 -- -- 13.763 -- -5982.2 

     0.066 0.005 

 

0.005 

  

2.583 

 

3.5 

 
       0.210 0.975 -- 0.040 -- 0.022 12.205 -- -5956.8 

     0.047 0.005 
 

0.004 
 

0.003 2.001 
 

3.5 

 
       0.265 0.974 -- 0.042 -- 0.025 134 0.911 -5949.3 

     0.050 0.005 

 

0.004 

 

0.004 24 0.022 3.4 

 
       0.219 0.982 0.859 0.048 -0.022 0.044 12.004 -- -5941.1 

     0.066 0.008 0.043 0.013 0.017 0.007 1.982 
 

3.4 

 
       0.242 0.991 0.915 0.030 0.006 0.039 13.186 0.914 -5935.0 

     0.080 0.006 0.025 0.012 0.014 0.006 2.396 0.023 3.4 

 HangSeng      0.247 0.994 -- 0.035 --   7.970 -- -5854.1 

     0.143 0.003 

 

0.004 

 

  1.080 

 

3.4 

        0.162 0.989 -- 0.031 -- 0.019 8.374 -- -5828.1 

     0.072 0.002 

 

0.004 

 

0.003 1.155 

 

3.3 

        0.234 0.990 -- 0.032 -- 0.021 8.609 0.940 -5823.7 

     0.080 0.002   0.004   0.003 1.230 0.020 3.3 

        0.200 0.991 0.806 0.045 -0.045 0.051 8.487 -- -5804.4 

     0.117 0.004 0.101 0.006 0.013 0.011 1.264 

 

3.3 

        0.201 0.990 0.869 0.047 -0.037 0.045 8.839 0.959 -5802.7 

     0.107 0.004 0.043 0.008 0.011 0.007 1.329 0.021 3.3 

 S&P500      -0.051 0.990 -- 0.047 -- --  9.019 -- -5108.6 

     0.105 0.003 

 

0.005 

 

  1.351 

 

2.9 

        -0.176 0.986 -- 0.024 -- 0.042 9.768 -- -5025.1 

     0.046 0.002 
 

0.004 
 

0.004 1.302 
 

2.9 

        0.058 0.986 -- 0.029 -- 0.045 9.963 0.870 -5005.0 

     0.067 0.002   0.004   0.004 1.366 0.019 2.9 

        0.8887 1.000 0.939 0.023 -0.002 0.048 12.221 -- -6006.2 

     0.222 0.001 0.017 0.005 0.007 0.006 0.213 

 

3.4 

        0.023 0.997 0.972 0.016 0.012 0.052 9.457 0.875 -4998.4 

     0.110509 0.00239 0.007451 0.006494 0.007008 0.004771 1.286 0.020 2.9 

 Nasdaq      0.409 0.995 -- 0.039 --   14.384 -- -6077.7 

     0.188 0.003 
 

0.004 
 

  3.018 
 

3.5 

        0.169 0.991 -- 0.026 -- 0.030 13.056 -- -6025.5 

     0.074 0.002 

 

0.004 

 

0.003 2.268 

 

3.4 

        0.531 0.993 -- 0.028 -- 0.034 13.052 0.862 -6004.8 

     0.130 0.002   0.004   0.003 2.260 0.020 3.4 

        0.889 1.000 0.939 0.023 -0.002 0.048 12.221 -- -6006.2 

     0.222 0.001 0.017 0.005 0.007 0.006 2.131 
 

3.4 

        0.938 1.000 0.948 0.021 0.008 0.049 11.944 0.880 -5990.7 

 
  

0.213 0.001 0.016 0.005 0.007 0.006 2.078 0.020 3.4 

 
   : Beta-skew-t-EGARCH specifications;     :one-component model;     : one-component model with 

a leverage effect;     : one-component model with a leverage effect and skewness distribution.     : two-

component model with a leverage effect;     : a two-component model with a leverage effect and 

skewness distribution. LogL: log-likelihood; T: number of observations; (se): standard error; SIC: Schwarz 

(1978) information criterion computed as      
     

 
         , where k is the number of estimated 

parameters in the log –volatility specifications.  
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Three specifications contained in the one-component βtE are estimated, labelled βtE1, βtE2 

and βtE3. βtE1 is the beta-t-EGARCH specification. βtE2 is the beta-t-EGARCH specification with 

leverage. The specification with both leverage and skewness is βtE3. 

The two-component βtE specification is given by 

                        ,                        
           

 
 

 

         
               

         ,          ,          and 

 

         
               

                                

 

A total of two specifications contained in the two-component model are estimated, which are 

labelled βtE5 and βtE6. βtE5 is the two-component model with leverage. The specification with 

both leverage and skewness is βtE6.  

Tables 2 contain the estimation results of different financial returns. All models satisfy the 

stationary conditions. The simplest specifications, βtE1 and βtE2, provide the highest maximum 

likelihood. However, according to the Schwarz (1978) information criterion (SIC), the one- and 

two-component models with a leverage effect and skewed t-student distribution (βtE3, and βtE6) 

best fit the data.  

All of the results suggest that most conditional returns are heavy-tailed (the maximum estimate 

value of the degrees of freedom parameter, for example, 11 [DAX] among the βtE models). The 

leverage effect estimate      is always positive, which yields the usual interpretation of large 

negative returns followed by higher volatility. Similarly, the skewness parameter estimates     

range from 0.862 to 0.959, which means that the distribution of these returns is skewed to the left. 

This result is in opposition to the preliminary evidence that suggested a symmetric distribution for 

most indices. The preliminary results are only maintained for the Athens index.  

4.2 VaR application  

In this section, the βtE specifications presented in section (2) are used to calculate the VaR one 

day ahead at 1% probability and then theses estimations are compared. In the comparison, it is 

included the standard GARCH model. The analysis period ran from January 1st, 2008, to December 

31, 2013. The comparison of the VaR estimates has been conducted in terms of evaluating the 

accuracy of the VaR estimates and of the loss function. To evaluate the accuracy of the VaR 

estimates, several standard tests are used. The results of these tests are presented in table 3. For each 

index, it is presented the percentage of exceptions obtained with each volatility model considered: 

βtE1, βtE2, βtE3, βtE5, βtE6, and the standard GARCH. The percentages of exceptions are marked 

in bold. Below the percentages, the statistics used to test the accuracy of the VaR estimates are 

presented. These statistics are as follows: (i) the unconditional coverage test (LRuc); (ii) statistics 

for serial independence (LRind); (iii) the conditional coverage test (LRcc) and (iv) the Dynamic 

Quantile test (DCT). Each statistic is shown next to a mark (*) that indicates that the VaR estimate 

is inaccurate. When the null hypothesis that “the VaR estimate is accurate” has not been rejected by 

any test, we shaded the region of the figure that represents the percentage of the exception.  

The VaR estimates from the standard GARCH model are not accurate for any of the eight 

indices we have considered. In all cases, the standard GARCH model overestimates risk. However, 

the βtE1 specification, which is equivalent to the standard GARCH, seems to perform better. This 

model provides accurate VaR estimates in four of the eight indices considered (DAX, Athens, 

Nikkei and Hang Seng). Unlike the standard GARCH model, the βtE1 specification tends to 

underestimate risk.  
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Table 3. Accuracy test (1%) 

                           GARCH 

Ftse 1.50% 1.80% 1.80% 1.80% 1.60% 0.50% 

LRUC 1.190 3.820 3.300 3.820 1.930 1.790 

LRIND 0.420 0.460 0.430 0.460 0.340 0.040 

LRcc 1.610 4.280* 3.730 4.280* 2.260 1.820 

DQ 4.490* 0.620 0.560 0.430 0.540 4.170* 

Cac40 1.40% 1.30% 1.30% 1.60% 1.40% 0.50% 

LRUC 0.812 0.812 0.812 2.225 1.107 2.508 

LRIND 0.253 0.486 0.486 0.278 0.278 0.028 

LRcc 1.065 1.298 1.298 2.504 1.384 2.536 

DQ 4.559* 1.373 1.383 0.922 0.894 5.763* 

DAX 1.40% 1.60% 2.00% 1.70% 1.70% 0.30% 

LRUC 1.107 2.225 2.671 6.017* 2.671 4.160* 

LRIND 0.278 0.359 0.389 0.591 0.389 0.014 

LRcc 1.384 2.585 3.060 6.608* 3.060 4.175 

DQ 0.781 0.976 1.043 0.563 0.587 0.385 

Athens 1.60% 1.70% 1.70% 1.90% 1.50% 0.30% 

LRUC 2.160 2.598 2.598 4.680* 1.390 4.231* 

LRIND 0.356 0.386 0.386 0.515 0.301 0.014 

LRcc 2.516 2.984 2.984 5.195* 1.691 4.245* 

DQ 0.562 0.938 0.938 2.703* 0.828 11.584* 

Nikkei 1.30% 1.20% 1.60% 1.40% 1.60% 0.40% 

LRUC 0.500 0.299 1.744 0.747 1.744 2.920 

LRIND 0.618 0.698 0.361 0.545 0.361 0.021 

LRcc 1.118 0.997 2.105 1.29. 2.105 2.941 

DQ 3.617 2.232 1.030* 1.528 2.160 0.025* 

Hang Seng 1.50% 1.30% 1.30% 1.30% 1.50% 0.30% 

LRUC 1.558 0.406 0.406 1.558 1.558 5.068* 

LRIND 0.309 0.210 0.210 0.309 0.309 0.009 

LRcc 1.867 0.616 0.616 1.867 1.867 5.077* 

DQ 0.601 0.957 0.957 0.729 0.771 0.390 

S&P500 0.50% 1.30% 1.90% 2.40% 1.70% 0.50% 

LRUC 2.385 0.406 4.413* 9.129* 2.371 2.385 

LRIND 2.259 0.609 0.493 0.763.8 0.365 0.028 

LRcc 4.644 1.015 4.906 9.892* 2.737 2.413 

DQ 5.996* 1.558 1.322 1.083 0.584 5.284* 

Nasdaq 1.72%  1.59%   1.72%  2.32%  1.52%  0.60 

LRUC 2.832 1.946 2.832 8.375* 1.558 1.267 

LRIND 0.395 0.336 0.395 0.7214 0.309 0.046 

LRcc 3.228 2.283 3.228 9.096* 1.867 1.314 

DQ 4.060* 2.727* 2.369* 2.0092 .6591 3.984* 
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    :one-component model;     : one-component model with a leverage effect;     :one-

component model with a leverage effect and skewness distribution.     : two-component model with 

a leverage effect;     : two-component model with a leverage effect and skewness distribution. The 

statistics are as follows: (i) the unconditional coverage test (LRuc); (ii) statistics for serial 

independence (LRind); (iii) the Conditional Coverage test (LRcc) and (iv) the Dynamic Quantile test 

(DQ). An **, (*) denotes rejection at the 1% (5%) level. The shaded cells indicate that the null 

hypothesis that the VaR estimate is accurate is not rejected by any test. 
 

 

In a comparison among all βtE specifications including the simplest one (βtE1), we can 

observe that the one-component model with a leverage effect (βtE2) performs very well in 

forecasting VaR. This model provides accurate VaR estimates in six of the eight indices considered. 

Considering a skewness distribution in the context of the one-component model does not improve 

the results. However, the two-component model with a leverage effect (βtE5) does not performance 

well in estimating VaR. However, when we consider leverage and skewness (βtE6), the results 

improve extraordinarily. This model provides accurate VaR estimates in all cases considered, 

outperforming all of the βtE specifications.   

Another way to compare the VaR estimates that is often used in the VaR literature is through a 

loss function. The loss function measures the magnitude of the losses experienced. A model that 

minimises the total loss is preferred to other models. For this purpose, we have considered two loss 

functions: the regulator’s loss function proposed by Lopez (1998, 1999) and the firm’s loss function 

(Abad et al., 2014). The results of these loss functions are presented in tables 4 and 5
4
.  

According to the regulator’s loss function, the standard GARCH model provides the lowest 

losses. This is a reasonable result, as this model overestimates risk in all cases. However, as 

previously mentioned, the standard GARCH model fails to pass accuracy tests, so we cannot 

conclude that this is the best model. Actually, as Angelidis and Degiannakis (2007) remarked, the 

models that fail to pass a number of statistically accurate tests should not be taken into account 

when calculating the loss function. These authors remark that the backtesting of a set of VaR 

models should be carried out through a two-stage selection approach. Because a minimum degree of 

reliability should be required, we remove those methods that fail to pass a given number of 

statistical accuracy tests in the first stage. The selected VaR models are then compared in a second 

stage on the basis of loss functions. If we only use the loss function for backtesting, a model with 

any exception may be considered the best one according to the regulator’s loss function.  

Among the βtE specifications, the one-component model with a leverage effect (βtE2) and the 

two-component model with leverage and skewness distribution (βtE6) provide the best results. Both 

models yield the lowest losses in four of the eight indices.  

However, according to the firm’s loss function, which takes the opportunity cost of capital into 

account, the two-component model with a leverage effect and asymmetric t-student, provide the 

lowest losses. On the other hand, as expected, the standard GARCH model provides the highest 

losses.  

Overall, according to the accuracy test and the loss function, we can determine that the two-

component model with leverage and skewness distribution (βtE6) provides the best results in 

estimating VaR.  

The superiority of this model respect to the simplest specifications stress another an interesting 

question. It seems that asymmetric specification for conditional volatility with fat-tailed and 

                                                           
4 In order to calculate the firm’s loss function, we proxy the price of capital with the interest rate of the 

Eurosystem monetary policy operations of the European Central Bank. 
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skewness distributions outperform the symmetric distribution in forecasting VaR. This result is in 

line with those presented by Haas et al. (2004), Zhang and Cheng (2005), Kuester et al. (2006), Bali 

and Theodossiou (2008), Bali et al. (2008), Haas (2009), Xu and Wirjanto (2010), Polanski and 

Stoja (2010) and Chen et al. (2012).  

Table 4. Magnitude of the regulator ś loss function 

                          GARCH 

Ftse 0.013 0.011 0.012 0.015 0.013 0.005 

DAX 0.021 0.018 0.019 0.025 0.018 0.007 

Cac40 0.022 0.023 0.023 0.025 0.022 0.006 

Athens 0.027 0.030 0.031 0.029 0.022 0.009 

Nikkei 0.066 0.050 0.048 0.052 0.052 0.006 

Hang Seng 0.016 0.009 0.010 0.008 0.008 0.001 

S&P500 0.016 0.028 0.017 0.026 0.018 0.008 

Nasdaq 0.026 0.017 0.020 0.026 0.018 0.014 

This table reports the average of the regulator’s loss function of each volatility model. Boldface 

figures denote the minimum value of the loss function for each index.    : Beta-skew-t-EGARCH 

specifications;     :one-component model;     : one-component model with a leverage effect; 

    :one-component model with a leverage effect and skewness distribution.     : two-component 

model with a leverage effect;     : two-component model with a leverage effect and skewness 

distribution. 
 

Table 5. Magnitude of the firm’s loss function  

                          GARCH 

Ftse 0.066 0.062 0.063 0.064 0.063 0.081 

DAX 0.080 0.077 0.077 0.077 0.075 0.093 

Cac40 0.085 0.084 0.083 0.083 0.082 0.097 

Athens 0.099 0.102 0.102 0.100 0.096 0.125 

Nikkei 0.129 0.113 0.111 0.116 0.114 0.101 

Hang Seng 0.088 0.080 0.080 0.079 0.078 0.116 

S&P500 0.082 0.091 0.072 0.076 0.071 0.095 

Nasdaq 0.087 0.080 0.081 0.080 0.076 0.101 

This table reports the average of the firm’s loss function of each volatility model, as proposed by 

Abad et al.   (2015). Boldface figures denote the minimum value of the loss function for each index. 

   : Beta-skew-t-EGARCH specifications;     :one-component model;      : one-component 

model with a leverage effect;     :one-component model with a leverage effect and skewness 

distribution.     : two-component model with a leverage effect;     : two-component model with a 

leverage effect and skewness distribution. 

5. Conclusion 

In this paper, we compare the performance of several Beta-skewed-t-EGARCH specifications 

in terms of Value at Risk. In this comparison we include the standard GARCH model.  

The data set for the study consists of closing daily returns on eight composite indexes from 

1/1/2000 to 12/31/2013 (approximately 3,500 observations). The indexes are: Ftse, CAC40, DAX, 

Athens, Nikkei, Hang Seng, S&P500 and Nasdaq.  
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The comparison of the VaR estimates has been conducted in terms of evaluating the accuracy 

of the VaR estimates and the loss function from the points of view of the regulator and the firm.  

According to the accuracy test, the standard GARCH model performs very poorly in 

estimating VaR, as this model provides inaccurate VaR estimates in all cases. The beta-t-EGARCH, 

which is equivalent to the standard GARCH model, seems to work better, providing accurate VaR 

estimates in 50% of the cases. Among the Beta-Skewness-t-EGARCH specifications, the two-

component model with a leverage effect and a skewness distribution is the best one in forecasting 

VaR. According to the loss function, the two-component model also provides the best results, 

especially from the point of view of the firm’s loss function.  

These results contribute to the existing literature, showing that skewness and fat-tailed 

distribution outperform the symmetric distribution in forecasting VaR.  
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