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Abstract 

The purpose of this thesis was to investigate various conditional volatility models 

commonly used in forecasting financial risk within the field of Financial Econometrics. The 

GARCH, the GJR-GARCH and the T-GARCH models were examined. The models ability 

to forecast the conditional variance was investigated by forecasting the conditional 

volatility in four of the major Swedish stock indices, the OMXS30, Large Cap, Medium 

Cap and the Small Cap. The forecasted conditional volatility was then used to compute 

Value at Risk measurements, a measurement of risk that today is used in the risk 

management of most financial houses around the globe. The models ability to forecast the 

Value at Risk was then tested with Kupiecs unconditional coverage test. Support was found 

for the GJR-GARCH and T-GARCH models with Gaussian distributions producing the 

most satisfactory Value at Risk measures. 

KEYWORDS: ARCH, GARCH, GJR-GARCH, T-GARCH, Conditional Volatility, Value at 

Risk, Stock Indices. 
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Introduction 

Forecasting the volatility of financial time series is an inevitable part of the econometricians 

every-day work. This is not always an easy task, as the econometrician often has to make 

expectations about the data and its distributions. Expectations that Engle (2001) mean may 

distort the results and give a false sense of precision. In a field where the characteristics and 

behavior of time series data seldom are alike, the econometrician has to be well equipped with 

an armory of models and tricks of trade to tackle the task of forecasting risk. 

The most financial time series data suffer from characteristics such as heteroscedasticity and 

non-normality. The volatility tends to remain high and cluster succeeding periods of high 

volatility and remain low succeeding periods of low volatility as a result of the 

heteroscedastistic errors (Engle, 2001). If these characteristics are neglected rather than taken 

as a characteristic to incorporate, the results will give false predictions and hazardous usage as 

a base of risk management and decision-making.  

To model the conditional variance and hence ultimately tackle the problem of 

heteroscedasticity, Engle (1982) proposed the ARCH model – the Autoregressive Conditional 

Heteroscedasticity model. Engle early realized the ARCH models possibilities to forecast the 

volatility of financial data. Soon thereafter various authors proposed a large number of ARCH 

models resulting in rapid growth of the discipline of Financial Econometrics (Franses & 

McAleer, 2002). Among these models, three of them are going to be considered in this paper; 

the GARCH by Bollerslev (1986), the GJR-GARCH proposed by Glosten, Jagannathan and 

Runkle (1993) and the T-GARCH proposed by Zakoïan (1994). The research in this field has 

been very successful with well working models, but it is not always clear which model to use 

as the models fit varies from case to case.  

The resulting conditional volatility measurements are today used in a vast range of 

applications, among others as the base of Value at Risk (VaR). VaR is today commonly used 

by financial institutions as a way of handling with financial risk in their portfolios (Engle, 

2001). A model that is well fitted and makes precise forecasts of the volatility also makes 

more correct VaR forecasts, whereas it is of greatest importance to use the correct model for 

the specific situation. A model that overestimates the risk will be costly due to the institutions 

being unnecessarily cautious, just as a model that underestimates the risk be costly due to risk 

not being accounted for.  
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Fundamental Theory 

ARCH  

The ARCH(q) model as proposed by Engle (1982) is the absolute foundation within the field 

of forecasting conditional volatility. The ARCH(q) model is based on the assumption that the 

conditional volatility is a moving average of the squared innovations of the process (Jondeau, 

Poon & Rockinger, 2007). This requires that the parameters must satisfy the following 

constraints 𝜔 > 0, 𝛼𝑖 ≥ 0, 𝑖 = 1,… , 𝑞 − 1 to be defined and have positive variance. The 

ARCH(q) model as proposed by Engle (1982) is defined as 

ℎ𝑡 = 𝜔 +∑𝛼𝑗

𝑞

𝑗=1

휀𝑡−𝑗
2 ,                                                             (1) 

where 𝜔 and 𝛼𝑗 are the autoregressive parameters of the model and 휀𝑡−𝑗
2  is the squared 

innovations of the process. The order of the ARCH represents the number of lags taken into 

consideration in the computation of the conditional variance. The ARCH(q) often needs to be 

of higher order to be useful due to the phenomenon of volatility lingering in the financial 

markets (Poon, 2008). The unconditional variance of the return is easily calculated by (2) 

which clearly show that the sum of the parameters 𝛼𝑗  must be less than one for the variance to 

be positive 

𝜎2 =
𝜔

1 − ∑ 𝛼𝑗
𝑞
𝑗=1

.                                                                 (2) 

The ARCH model will not be analyzed in this paper but is only represented as a referral to the 

foundational theory that the other models are based upon.  

GARCH 

When using high orders of the ARCH(q) possible undesired negative effects might arise, such 

as rigidity which reduces the models effectiveness. The ARCH(q) model is then replaced by a 

generalized ARCH model proposed by Bollerslev (1986), known as GARCH(p,q). In the 

GARCH model the lagged conditional variances are also taken into account (Jondeau et al., 

2007). The GARCH(p,q) as proposed by Bollerslev (1986) is defined as 

ℎ𝑡 = 𝛼0 +∑𝛼𝑗

𝑞

𝑗=1

휀𝑡−𝑗
2 +∑𝛽𝑖ℎ𝑡−𝑖,

𝑝

𝑖=1

                                             (3) 
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where ℎ𝑡−𝑖 are the lagged conditional variances and where the parameters must satisfy 

𝛼0 > 0, 𝛼𝑗 ≥ 0, 𝑗 = 1,… , 𝑞, 𝛽𝑖 ≥ 0 and i = 1,… , p  to be defined and have positive variance. 

The unconditional variance of the GARCH(p,q) model is given by  

𝜎2 =
𝛼0

(1 − ∑ 𝛼𝑗 − ∑ 𝛽𝑖
𝑝
𝑖=1

𝑞
𝑗=1 )

,                                                    (4) 

where the parameters must satisfy  ∑ 𝛼𝑗 + ∑ 𝛽𝑖
𝑝
𝑖=1

𝑞
𝑗=1 < 1 to have positive variance (Jondeau 

et al., 2007).  The one step-ahead forecasts of a GARCH(1,1) is given by 

                                                          ℎ𝑡+1 = 𝛼0 + 𝛼𝑗휀𝑡
2 + 𝛽𝑖ℎ𝑡.                                                           (5) 

The ARCH and GARCH models assume symmetrical responses to new information. This 

contradicts French, Schwert and Stambaugh (1987) discoveries of negative news having 

greater impact on volatility than positive news has. The Threshold GARCH (T-GARCH) by 

Zakoïan (1994) and the GJR-GARCH by Glosten et al. (1993) have been proposed to 

incorporate the effects of asymmetrical responses to news.  

GJR-GARCH 

The asymmetrical GJR-GARCH model as proposed by Glosten et al. (1993) is defined as 

                                       ℎ𝑡 =  𝛼0 +∑𝛽𝑖ℎ𝑡−𝑖

𝑝

𝑖=1

+∑(𝛼𝑗 + 𝛿𝑗𝐷𝑗,𝑡−1)휀𝑡−𝑗
2

𝑞

𝑗=1

.                                     (6) 

For the conditional volatility to be positive the parameters must satisfy the constraints of 

 𝛼0 > 0, 𝛼𝑗 > 0 and 𝛽𝑖 ≥ 0 for 𝑖 = 1, . . , 𝑝 and 𝑗 = 1, … , 𝑞 (Poon, 2008). The 𝐷 is an indicator 

variable taking on the values of 

                                                                 𝐷 = {
1 𝑖𝑓 휀𝑡−𝑗 < 0,

0 𝑖𝑓 휀𝑡−𝑗 ≥ 0,
                                                              (7) 

which means that the effect of 𝛿𝑗휀𝑡−𝑗, known as the leverage effect, is only taken into account 

if the new information is negative, resulting in higher volatility than for positive information. 

In a similar manner as of the 1-step ahead GARCH forecast is the 1-step ahead GJR-GARCH 

forecast given by  

                                                 ℎ𝑡+1 = 𝜔0 + 𝛽𝑖ℎ𝑡 + 𝛼𝑗휀𝑡
2 + 𝛿𝑗𝐷𝑗,𝑡휀𝑡

2.                                             (8) 
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Related to the GJR-GARCH is the T-GARCH based on absolute values.  

T-GARCH 

The asymmetrical T-GARCH model proposed by Zakoïan (1994) (see Jondaeu et al., 2007,   

p 95) is by definition, as in contrast to the symmetrical models and the GJR-GARCH, 

modelling conditional standard deviation instead of conditional variance and is based on 

absolute values instead of squares. The T-GARCH is defined by 

    √ℎ𝑡 = 𝜔 +∑[√ℎ𝑡−𝑗 |휀𝑡−𝑗| + 𝛾𝑗∏ |휀𝑡−𝑗|
𝑡−𝑗

] +∑𝛽𝑖√ℎ𝑡−𝑖

𝑝

𝑖=1

,                             (9)

𝑞

𝑗=1

  

when 휀𝑡−𝑗 < 0 is  ∏ = 1𝑡−𝑗  and 0 otherwise (Jondeau et al., 2007). Hence the leverage effect 

of 𝛾𝑗∏ |휀𝑡−𝑗|𝑡−𝑗  is only taken into account if the residuals are negative. In a similar manner as 

in the two preceding models is the 1-step ahead T-GARCH(1,1)  forecast given by 

                                        √ℎ𝑡+1 = 𝜔 + [√ℎ𝑡|휀𝑡| + 𝛾𝑗∏ |휀𝑡|
𝑡

] + 𝛽𝑖√ℎ𝑡 .                                  (10) 

Engles ARCH-LM test 

To test whether or not the residuals inherent ARCH effects and ultimately justifying the usage 

of ARCH models is done by running the ARCH-LM test by Engle (1982). The test is 

conducted by testing the null whether the error term is a white noise process given by 

                                                                      휀𝑡|𝐼𝑡−1~𝒩(0, 𝜎
2),                                                          (11) 

where 𝐼𝑡−1 is the information set known at time 𝑡 − 1, or driven by an ARCH(p) model as 

proposed by Engle (1982), given by 

                                                                         휀𝑡 = 𝜎𝑡𝓏𝑡,                                                                      (12) 

                                                               ℎ𝑡 = 𝜔 +∑𝛼𝑗

𝑞

𝑗=1

휀𝑡−𝑗
2 ,                                                            (13) 

(Jondeau et al., 2007). The test will reject the null hypothesis if there is a considerable amount 

of heteroscedasticity in the data. If the null is rejected the heteroscedastic errors are confirmed 

and hence the ARCH models are legitimately used. 
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Value at risk 

VaR is a measure of risk of capital requirements for financial institutions imposed by the 

Basel Committee on Banking Supervision (2010). VaR is widely used by the financial 

institutions around the globe (Engle, 2001). The VaR is the quantile or percentile of the 

conditioned distribution multiplied with the forecasted conditional standard deviation given 

by the model. The 99
th

 percentile is often used as a theoretical benchmark. The VaR could 

therefore be described as the percentage loss not to be exceeded given a certain confidence 

level. The VaR is given by 

                                                                   𝑉𝑎𝑅(𝛼) = −𝜎𝑡∅𝛼,                                                             (14) 

where 𝛼 is the nominal level, 𝜎𝑡 corresponds to the conditional standard deviation given at 

time t and  ∅𝛼 is the quantile of the distribution. The aim of the VaR measure is to be 

exceeded by the losses accordingly to the nominal level. VaR is due to its construction a 

positive number and is therefore interpreted as losses.  

Kupiecs unconditional coverage test 

The VaR forecasts sufficiency is tested with the unconditional coverage test by Kupiec 

(1995).1 Kupiecs test is a maximum likelihood test that tests if the empirical level of 

exceptions is statistically significantly deviating from the nominal level. The number of 

exceptions is given by  

                                                     𝐼𝑡 = {
1, 𝑖𝑓 𝑟𝑡 < −𝑉𝑎𝑅(𝛼),
0,             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

                                                          (15) 

If the forecasted VaR covers the true loss it is stated as 0, if it is exceeded it takes on the value 

of 1. The empirical level of coverage is then calculated by 

                                                                          
1

𝑇
∑ 𝐼𝑡,

𝑇

𝑇=1

                                                                        (16) 

where T corresponds to the number of out-of-sample forecasts. The empirical level of 

coverage is lastly tested with Kupiecs unconditional coverage test. The model is considered 

insufficient if the empirical level of coverage deviates statistically significantly from the 

nominal level. 

1The forecasted time series was also examined with MAPE and RMSE, this data is available upon request. 

      For details about the measurements of fit, please contact Joel.nilsson.3608@student.uu.se.    
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Kupiecs unconditional coverage test statistic is given by  

                    𝐿𝑅𝑢𝑛𝑐 = −2𝑙𝑛[𝐿(𝑝| 𝐻𝑖𝑡𝑡, 𝑡 = 1,… , 𝑇)/𝐿(�̂�|𝐻𝑖𝑡𝑡, 𝑡 = 1, . . . , 𝑇)]~𝜒(1)
2 ,            (17) 

where  

                                         𝐿(𝑝| 𝐻𝑖𝑡𝑡, 𝑡 = 1,… , 𝑇) = (1 − 𝑝)𝑛0𝑝𝑛1 ,                                              (18) 

                                         𝐿(𝜋|𝐻𝑖𝑡𝑡, 𝑡 = 1, . . . , 𝑇) = (1 − �̂�)𝑛1�̂�𝑛1 ,                                             (19) 

and where  �̂� is the maximum likelihood estimator of the true probability of coverage 𝜋 

(Jondeau et al., 2007). The 𝑛0 corresponds to the number of out-of-sample forecasts not 

exceeding the VaR and 𝑛1 = 𝑇 − 𝑛0, is the number of exceeding forecasts. The unconditional 

coverage test tests if the model under-, or overestimates the coverage, and hence the risk in 

the financial data.  

The return of the indices 

The return of the indices is given by 

𝑟𝑡 = 100 × [𝑙𝑛(𝑝𝑡) − 𝑙𝑛(𝑝𝑡−1)],                                                (20) 

where 𝑟𝑡 is the return at time t, 𝑙𝑛𝑝𝑡 is the natural logarithm of the level of the index at time t 

and hence 𝑙𝑛𝑝𝑡−1 is the equality for the preceding period. The sum is then multiplied by 100 

to acquire the return in percentage units for maximal numerical optimization in the maximum 

likelihood calculations. The financial notation will as conventionally be used throughout this 

thesis. The return can be thought of as the expected return conditioned on the information 

known in period 𝑡 − 1 and a term of innovation with an expected value of zero. The return is 

then given by 

                                                              𝑟𝑡 = 𝐸[𝑟𝑡|Ι𝑡−1] + 휀𝑡.                                                              (21) 

The innovations 

Engle (1982) assumed that the innovations of heteroscedastic data could be composed as  

   휀𝑡 = 𝑧𝑡ℎ𝑡
1/2
,                                                                                              (22)  

where 𝑧𝑡 is assumed to follow some distribution with mean 0 and variance 1. The ℎ𝑡
1/2
  is the 

conditional standard deviation conditioned on the information known at time t-1 (Teräsvirta, 
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2006). The distribution assumed in 𝑧𝑡 above is arbitrary, even though there are a few non-

normal distributions which have been proven to be more or less empirically suitable. 

Gaussian distribution 

The density of the symmetric Gaussian distribution given by 

𝑓(𝑥) =
1

𝜎√2𝜋
exp (−

1

2

(𝑥 − 𝜇)2

𝜎2
),                                               (23) 

where, −∞ < 𝑥 < ∞, 𝜎 is the standard deviation and 𝜋 is the mean (Gujarati & Porter, 2009). 

Its great applicability and wide usage is both its rise and fall within volatility modelling. Due 

to its general application it is a good approximation but it misses out on a few important 

aspects of some financial data. Such as non-normal kurtosis and is therefore sometimes 

replaced by leptokurtic distributions or the Students t distribution.  

The standardized t distribution 

The density of the symmetric standardized t distribution with mean zero by Bollerslev (1987) 

is given by 

𝑓𝑣(휀𝑡|𝜓𝑡−1) = Γ (
𝜈 + 1

2
) Γ (

𝜈

2
)
−1

((𝜈 − 2)ℎ𝑡|𝑡−1)
−1/2

 

                                                               × (1 + 휀𝑡
2ℎ𝑡|𝑡−1

−1  (𝜈 − 2)−1 ) −(𝜈+1)/2,                              (24) 

where 𝜓𝑡−1 denotes the 𝜎-field generated by the available information at time t-1 (Bollerslev, 

1987), 𝜈 denotes the degrees of freedom and Γ(∙) the gamma function of the conditional 

distribution. 

Skewed t distribution 

The skewed Students t distribution is a modified t distribution with a skewed generalization. 

The skewed t distribution as proposed by Hansen (1994) is given by  

 𝑔(𝑧|𝜂, 𝜆) =

{
 
 

 
 
𝑏𝑐 (1 +

1

𝜂 − 2
(
𝑏𝑧 + 𝑎

1 − 𝜆
)
2

)

−(𝜂+1)/2

𝑧 < −𝑎/𝑏,

𝑏𝑐 (1 +
1

𝜂 − 2
(
𝑏𝑧 + 𝑎

1 + 𝜆
)
2

)

−(𝜂+1)/2

𝑧 ≥ −𝑎/𝑏,

                             (25) 

where 2 < 𝜂 < ∞ and −1 < 𝜆 < 1, depending on if the distribution is positively or 

negatively skewed. The constants a and b are given by 
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                                                                 𝑎 = 4𝜆𝑐 (
𝜂 − 2

𝜂 − 1
),                                                                (26) 

𝑏2 = 1 + 3𝜆2 − 𝑎2,                                                             (27) 

and lastly where c is defined by 

𝑐 =
Γ (
𝜂 + 1
2 )

√𝜋(𝜂 − 2)Γ (
𝜂
2)
 .                                                         (28) 

Generalized Error Distribution 

The last of the distributions considered in this paper is the Generalized Error Distribution, 

known as the GED. The GED as proposed by Nelson (1991) is defined as 

𝑓(𝑧) =
𝜈 exp [− (

1
2)
|𝑧/𝜆|𝜈]

𝜆2(1+1/𝜈)Γ(1/𝜈)
,                                                  (29) 

where −∞ < 𝑧 < ∞ , 0 < 𝜈 ≤ ∞, Γ(∙) is the gamma function and 𝜆 is given by 

𝜆 ≡ [2(−2/𝜈)Γ(1/𝜈)/Γ(3/𝜈)]
1/2
.                                             (30) 

The GED is closely related to the Gaussian distribution, when 𝜈 = 2, the GED is converging 

to a Gaussian distribution (Nelson, 1991).  

Data 

The data consists of daily closing prices of the OMXS30, Large Cap, Medium Cap and Small 

Cap measured in the Swedish currency during the period of 2007-01-01 to 2015-04-10. The 

data was collected from NASDAQs Nordics official website and consists of 2075 regular 

trading days respectively. In the situations where the markets have not been open as during 

the weekends and bank holidays the subtraction has been conducted with the closest 

preceding day of trade. 

The return of the OMXS30 index is presented on the top of Figure 1 and the squared returns 

on the bottom of the figure. The return of the index is initially relatively stable; the returns are 

about equally volatile throughout the period. Shortly thereafter a breaking point hits the 
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markets, followed by a period of vastly increased, clustered, volatility. The return is running 

from -8 % to +10 % with only a few days in between.  

Figure 1: Daily returns and squared returns of OMXS30 

 

 

Table 1 introduces the first four moments and a Jarque-Bera test of the processed datasets. 

The Medium Cap has had the highest average return and Small Cap the lowest volatility 

during the sample period.  

Table 1: Descriptive statistics of the indices. 

 
Mean Std. dev. Skewness Kurtosis Jarque-Bera 

OMXS30 0.0194 2.3131 0.0833 7.3796 1.6538e+03 

Large Cap 0.0338 1.5041 0.0166 7.2710 1.5690e+03 

Medium Cap 0.0377 1.3940 -0.3032 8.9177 3.0447e+03 

Small Cap 0.0271 0.8325 -0.8452 11.4620 6.4091e+03 
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The third and fourth moments of the returns shows that the returns hold a severe amount of 

kurtosis and that the distributions of the Medium Cap and Small Cap are slightly skewed. The 

combined Jarque-Bera test confirms that the distributions are non-normal. 

The distributions of the returns are shaped as slightly skewed sharp peaks. An example of this 

is shown in Figure 2: The distributions of the returns in OMXS30.  

Figure 2: The distribution of the returns in OMXS30 

 
The Gaussian distribution has a kurtosis of exactly 3 which implies that the distributions of 

the returns are leptokurtic (Gujarati & Porter 2009).  The descriptive and graphical analysis of 

the data implies that other distributions than for the Gaussian distribution should be 

theoretically more appropriate. 

The time-varying volatility is unmistakable but whether the ARCH effects are confirmed in 

the data and hence justifying the use the ARCH models is tested by Engles ARCH LM test. 

The ARCH LM test rejects the null hypothesis in all of the indices with P-values well below 1 

%. The test statistics are summarized in Table 2 

Table 2: Test results of the ARCH LM test 

 OMXS30 Large Cap Medium Cap Small Cap 

P-value 0.000 0.000 0.000 0.000 

 

The analysis is based on 1-day-ahead forecasts with a rolling forecast window of 1775 

observations. The t+1 forecast is made at time t and the succeeding forecast, t+2, is made at 

time t+1, effectively capturing the last out-of-sample forecast and using it in the succeeding 

forecasts. When a forecast has been made, the last observation of the dataset, t-1774, is 

excluded. This method is repeated until the number of out-of-sample observations are 
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sufficient, which is set to a sample of 300 observations in this thesis. This guarantees that the 

same number of observations is used throughout the full forecast horizon.    

Results 

OMXS30 

The models ability to forecast the conditional volatility in the index OMXS30 is in most cases 

surprisingly good. The abilities to forecast the true VaR is satisfactory but with only a few 

exceptions. The problems observed in the 1 % VaR forecasts are in two out of three cases 

related to the usage of T-GARCH and the T-GARCH-GED is the only model that produces 

unsatisfactory 5 % VaR forecasts. What is interesting to see is that the models that rely on the 

t distribution are strongly overestimating the risk in the 1 % VaR. Two out of three  

1 % VaR measures that are rejected by Kupiecs test is associated with the t distribution.  

Table 3: VaR for models on OMXS30 

 OMXS30  

 1 % VaR 5 % VaR 

GARCH-N 0.0133 0.0633 

GARCH-t 0*** 0.0367 

GARCH-skewed t 0.0067 0.0633 

GARCH-GED 0.0033 0.0367 

GJR-GARCH-N 0.0067 0.0500 

GJR-GARCH-t 0.0033 0.0400 

GJR-GARCH-skewed t 0.0067 0.0433 

GJR-GARCH-GED 0.0033 0.0300 

T-GARCH-N 0.0133 0.0500 

T-GARCH-t 0*** 0.0333 

T-GARCH-skewed t 0.0067 0.0433 

T-GARCH-GED 0*** 0.0200** 
                              The *, ** and *** represent s rejection by Kupiecs Unconditional  

                              Coverage test at 10 %, 5 % and 1 % significance level respectively. 

The T-GARCH models seem to forecast the VaR poorly in OMXS30 but for the T-GARCH-

N that forecasts an ideal 5 % VaR measure. In the OMXS30 are half of models adequately 

forecasting the true 1 % VaR which means it is not possible to determine which model is best 

at 1 % level. The T-GARCH-N is the model that produces the most correct 5 % VaR forecasts 

in the OMXS30 index. 

Large Cap 

The results of applying the models to the Large Cap index are given in Table 4 below. The 

GARCH-GED and GARCH-skewed t seems to strongly underestimate the true risk in the 5 % 
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VaR forecasts. Three out of five rejections are based on GARCH models with different 

expectations of distributions.  

Table 4: VaR for models on Large Cap 

Large Cap 

 1 % VaR 5 % VaR 

GARCH-N 0.0167 0.0567 

GARCH-t 0*** 0.0367 

GARCH-skewed t 0.0267 0.0900*** 

GARCH-GED 0.0200 0.0833*** 

GJR-GARCH-N 0.0133 0.0567 

GJR-GARCH-t 0.0033 0.0433 

GJR-GARCH-skewed t 0.0267 0.0933*** 

GJR-GARCH-GED 0.0067 0.0600 

T-GARCH-N 0.0100 0.0467 

T-GARCH-t 0*** 0.0333 

T-GARCH-skewed t 0.0167 0.0333 

T-GARCH-GED  0.0167 0.0633 
                            The *, ** and *** represents rejection by Kupiecs Unconditional  

                            Coverage test at 10 %, 5 % and 1 % significance level respectively. 

Every GJR-GARCH model but for the 5 % GJR-GARCH-skewed t are on the other hand 

adequately forecasting the true risk in the Large Cap index. The T-GARCH models are 

adequately forecasting the true VaR in all cases except for the 1 % VaR T-GARCH-t forecast. 

Medium Cap 

All of the models satisfactory forecasted the volatility in Medium Cap with 1 % VaR 

measures which is thus far unique.  

Table 5: VaR for models on Medium Cap 

Medium Cap 

 1 % VaR 5 % VaR 

GARCH-N 0.0133 0.0367 

GARCH-t 0.0030 0.0267 

GARCH-skewed t 0.0200 0.0400 

GARCH-GED 0.0133 0.0433 

GJR-GARCH-N 0.0167 0.0367 

GJR-GARCH-t 0.0033 0.0233* 

GJR-GARCH-skewed t 0.0200 0.0433 

GJR-GARCH-GED 0.0167 0.0233* 

T-GARCH-N 0.0067 0.0300 

T-GARCH-t 0.0033 0.0167*** 

T-GARCH-skewed t 0.0133 0.0200** 

T-GARCH-GED  0.0067 0.0167*** 
                            The *, ** and *** represents rejection by Kupiecs Unconditional  

                            Coverage test at 10 %, 5 % and 1 % significance level respectively. 

None of results were rejected by Kupiecs unconditional coverage test; the models were well 

estimating the true risk even though some were more or less precise. When forecasting 5 % 
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VaR measures the models begin to underperform, especially the T-GARCH types. Three out 

of the four T-GARCH 5 % VaR measures are rejected by Kupiecs unconditional coverage 

test. Five out of twelve models forecasted a 1 % VaR measures close to the nominal level. 

The models that produced adequate 5 % VaR forecasts were the GARCH-GED and the GJR-

GARCH-skewed t models. 

Small Cap 

The models had the most problems when forecasting VaR measures in the Small Cap index. 

One third of the models produced unsatisfactory 1 % VaR measures. The models had even 

greater problems forecasting 5 % VaR as half of the models forecasts were unsatisfactory. 

Table 6: VaR for models on Small Cap 

Small Cap 

 1 % VaR 5 % VaR 

GARCH-N 0.0200 0.0633 

GARCH-t 0.0333 0.0400 

GARCH-skewed t 0.0400*** 0.1267*** 

GARCH-GED 0.0300** 0.1033*** 

GJR-GARCH-N 0.0167 0.0667 

GJR- GARCH-t 0.0067 0.0367 

GJR-GARCH-skewed t 0.0400*** 0.1200*** 

GJR-GARCH-GED 0.0233 0.0967*** 

T-GARCH-N 0.0100 0.0333 

T-GARCH-t 0*** 0.0233* 

T-GARCH-skewed t 0.0267 0.0833** 

T-GARCH-GED 0.0100 0.0700 
                         The *, ** and *** represents rejection by Kupiecs Unconditional  

                         Coverage test at 10 %, 5 % and 1 % significance level respectively. 

What is interesting to see is that for the first time throughout the analysis is the best 5 %  VaR 

produced by a GARCH-t, a model that have shown to have extensive problems forecasting the 

true VaR in all other indices. The model that predicts the 1 % VaR best in the Small Cap is 

the T-GARCH-N and T-GARCH-GED while the GARCH-t is the superior model in the 5 % 

VaR case.  

Discussion 

Many models produced equally satisfactory VaR forecasts in the indices of OMXS30 and 

Medium Cap. Some underestimated the true VaR and some overestimated it but all the VaR 

forecasts were close to the nominal level as desired. This is clearly positive as it implies that 

most models are well suitable for these indices. Unfortunately this means that it is not 

possible to pinpoint the best suitable model as none produced the true VaR. To avoid this 
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problem the out-of-sample observations could be increased and thus allowing for a larger span 

of variation. The probability of the losses exceeding the VaR the exact same amount of times 

would then be smaller and pinpointing the single best model would thus more likely be 

possible. One could on the other hand question if this would be of any intrinsic value. The 

results imply that most models are well working in these indices and that is a result with 

intrinsic value itself. 

In the cases where the models yielded the same VaR and thus disabling pinpointing the one 

superior model the result have simply been presented as is. The summation of the results and 

pinpointing of the best models for each respective index has been composed in table 7 below. 

Table 7: The best suited models for each respective index 

1 % VaR     5 % VaR 

OMXS30 GARCH-N, GARCH-skewed t, GJR-GARCH-N, GJR-GARCH-N, T-GARCH-N 

 GJR-GARCH-skewed t, T-GARCH-N,   

 T-GARCH-skewed t  

Large Cap T-GARCH-N T-GARCH-N 

Medium Cap GARCH-N, GARCH-GED, T-GARCH-N, T-

GARCH-skewed t, T-GARCH-GED 

GARCH-GED, GJR-GARCH-

skewed t 

Small Cap T-GARCH-N, T-GARCH-GED GARCH-t 

   

The GJR-GARCH-N and T-GARCH-N models were clearly superior in forecasting the true 

VaR in the indices which were based on larger stocks. While the GARCH model with 

different expectations of distribution was more frequently adequately producing precise VaR 

measures in the indices that were based on medium and small cap stocks. 

The GJR-GARCH-N and the GARCH-N models greatly estimated the true volatility and were 

in every single case producing satisfactory VaR measures. This is in line with the earlier 

findings of Bucevska (2012) who applied GJR-GARCH models, among others, on the 

Macedonian stock exchange. Bucevska found that the GJR-GARCH models were the most 

robust models among the models examined. One should be cautious when comparing the 

results between these kinds of studies as the datasets are unique which leads to large 

variations in the data. Some consideration could on the other hand be taken as the financial 

crisis and the succeeding turbulence hit all the economies globally and hence some 

resemblance of the datasets could most likely be found.  

Throughout the analysis a few interesting observations were made. The Students t distribution 

seemed to weaken the fit of the model in all indices but in the case of GARCH-t 5 % VaR 

forecasts in the Small Cap index. The reason behind this is likely due to the observed excess 
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kurtosis in the data. The distributions of the returns showed that the distribution was both 

leptokurtic and fat-tailed. One would expect the Students t distribution to greatly capture the 

rarely observed extreme values in the tails and hence produce better forecasts than the 

Gaussian distribution. Instead the parameters capturing the fat-tails of the returns seemed to 

remove the focus from the kurtosis of the distribution. The results were that the models that 

relied on the t distribution poorly captured the kurtosis of the returns resulting in 

overestimation of the true risk. 

The T-GARCH-GED successfully forecasted VaR measurements exactly at the nominal level 

of one percent in the Small Cap index. This was an interesting result as the T-GARCH-GED 

model generally either under-, or overestimated the risk in the other indices. The negative 

news impact is expected to decrease the prices of the equities, thereby increasing the 

loan/equity ratios of the companies and ultimately increase the expected return on equity, 

resulting in an increased leverage effect. Shleifer and Summers (1990) discuss the subject of 

noise traders trading based on beliefs and sentiments rather on fundamental analysis. If the 

equities are in a larger degree being traded on beliefs of future returns this would theoretically 

justify French’s et al. (1987) theory of asymmetrical response to negative and positive news 

and thus the usage of T-GARCH and GJR-GARCH models. It might be a long-shot as the 

expectation of noise traders might not hold for all stocks in the index but perhaps for only a 

few. As each single stock has a small weight in the total of the index, the noise trader effect 

might not be significantly affecting the responses in the index as a whole. But at the end of the 

day it is the model that performs the best that deserves recognition and should be used 

regardless of underlying cause. 

Conclusions 

The purpose of this thesis was to investigate the GARCH, GJR-GARCH and T-GARCH 

models applicability to forecasting VaR in some of the major Swedish stock indices. The 

analysis was conducted by evaluating the VaR measurements with Kupiecs unconditional 

coverage test. Support was found for the GJR-GARCH and T-GARCH models with 

expectation of Gaussian distribution were overall most adequately able to forecast satisfactory 

VaR measures in all of the indices. Half of the models adequately forecasted the 1 %VaR in 

OMXS30 and Medium Cap. Support was also found that the Students t distribution weakened 
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the VaR forecasts in all the indices, even though a model that relied on the t distribution once 

produced the best VaR.  

Interesting continuous work to be done by future researchers in this field might be to expand 

the research by applying other univariate and multivariate models to the Swedish stock 

indices. Another possibly interesting analysis would be to control for the possibility of 

generalization of the results among different stock indices of the world or by expanding the 

number indices examined.  
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Appendix 

In the appendix are the excluded graphs of the distributions of returns, returns and squared 

returns presented. 

Figure 3: The distributions of returns of the indices
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Figure 4: Daily returns and squared returns of Large Cap and Medium Cap 
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Figure 5: Daily returns and squared returns of Small Cap 

 

 


