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Abstract 

We compare the traditional GARCH models with a semiparametric approach based on 

extreme value theory and find that the semiparametric approach yields more accurate 

predictions of Value-at-Risk (VaR). Using traditional parametric approaches based on 

GARCH and EGARCH to model the conditional volatility, we calculate univariate one-day 

ahead predictions of Value-at-Risk (VaR) under varying distributional assumptions. The 

accuracy of these predictions is then compared to that of a semiparametric approach, based on 

results from extreme value theory. For the 95% VaR, the EGARCH’s ability to incorporate 

the asymmetric behaviour of return volatility proves most useful. For higher quantiles, 

however, we show that what matters most for predictive accuracy is the underlying 

distributional assumption of the innovations, where the normal distribution falls behind other 

distributions which allow for thicker tails. Both the semiparametric approach and the 

conditional volatility models based on the t-distribution outperform the normal, especially at 

higher quantiles. As for the comparison between the semiparametric approach and the 

conditional volatility models with t-distributed innovations, the results are mixed. However, 

the evidence indicates that there certainly is a place for extreme value theory in financial risk 

management. 

Keywords: Financial econometrics, Extreme Value Theory, Value-at-Risk, Volatility 

models, Risk management 
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1. Introduction 
The literature regarding financial risk management is quite extensive, and most empirical 

investigations revolve around Value-at-Risk (VaR) as the risk measure of choice. VaR is 

considered the benchmark measure of portfolio risk since it is the risk measure banks and 

other financial institutions must use according to the Basel framework. If we let α denote a 

small percentage, then the VaR of a certain asset (or portfolio of assets) can be defined as the 

minimum potential loss that the portfolio can suffer in the α-percent worst cases, over a given 

time horizon. VaR does not, however, tell us what the losses look like when the VaR-

threshold is exceeded. Furthermore, VaR has been subject to some criticism (see for example 

Artzner et al. 1999) regarding whether VaR is a coherent risk measure or not. Nevertheless, 

VaR remains the benchmark quantitative tool for evaluating financial risk, further reinforced 

by the Basel framework, and it is widely used among financial risk managers.  

There are some features inherent to financial data that are especially noteworthy. One of these 

observed phenomena’s are so-called volatility clustering, that is the tendency of large changes 

in asset prices to be followed by further large changes, and vice versa for small changes. 

Starting with the works of Engle (1982) and Bollerslev (1986), certain models capable of 

taking this phenomenon into account have been developed. Bollerslev’s GARCH-model has 

since its’ introduction been further augmented, and as of today the whole GARCH-family 

consists of more than 100 different members. One of these members is the Exponential 

GARCH, or EGARCH, developed by Nelson (1991). The EGARCH was introduced to cope 

with the asymmetric behavior of return volatility, which is another observed feature of 

financial data worth mentioning. The application of GARCH, EGARCH and the other 

members of the GARCH-family rests upon certain assumptions regarding the innovations, 

with the normal distribution and Student-t being widely used. However, empirical 

observations tend to imply that asset returns follow a distribution with fatter tails than those of 

the normal and Student-t, meaning that the frequency of tail-based events might be 

underestimated if the asset returns are modelled using the normal or Student-t distribution. 

Since the GARCH-family of models are widely used in estimating the VaR for certain kind of 

assets, there are therefore a serious risk of underestimating the portfolio risk. Asset prices are 

notoriously prone to extreme values, which further questions the assumptions regarding the 

innovations and thus the validity of the risk measures based on those.  
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Recent events, such as the financial crisis 07-09 and the collapse of the oil price, highlights 

the importance of properly assessing the probability and ramification of extreme events for 

risk management. Since such extreme events are associated with the tails of the distribution of 

asset returns, this puts further weight on being able to properly evaluate the events found in 

the tails of the distributions. An alternative approach, as opposed to the standard GARCH-

modelling, could therefore be found in utilizing extreme value theory (EVT). EVT focuses 

directly on the tails of the distribution at hand, and therefore provides a solid framework to 

study the behaviour of extreme observations. The potential gain in utilizing EVT to calculate 

risk measurements for various assets are mostly found in the occurrence of extreme values 

which tends to coincide with periods of instability on the financial markets. There is therefore 

potential for an EVT-based approach to prove a more coherent measure of risk, especially in 

times of financial distress. 

We follow the framework of McNeil & Frey (2000) and develop a semiparametric approach 

to calculate univariate, one-day ahead predictions of VaR. The purpose of this study is to 

compare the predicted VaR of the semiparametric approach to predictions of the more 

traditional parametric approach, based on members of the GARCH-family. For this study, we 

consider the standard GARCH and EGARCH-models with normal and Student-t distributed 

innovations as the benchmarks, which the semiparametric models are compared to. The 

models will be evaluated on nine different equities from three different sectors, 

pharmaceutical, oil & gas and technology, all listed on either the New York Stock Exchange 

(NYSE) or the NASDAQ. The equities are furthermore evenly distributed among small – mid 

and large-cap, to evaluate whether the dynamics of returns differ substantially with the size of 

the company. The question at hand is whether the semiparametric approach provides better 

estimates of VaR in comparison to the traditional parametric GARCH-models, and thus 

constitutes a more coherent approach to risk management especially in times of financial 

instability.  

The seminal paper by McNeil & Frey (2000) constitutes the main inspiration to this thesis and 

we follow the methodology developed by them. Our main contribution to the literature is the 

inclusion of the EGARCH in modelling the volatility for both the parametric and the semi-

parametric approaches evaluated in this study. Furthermore, our study could provide further 

insights regarding the validity of the semi-parametric approach across different sectors and for 

equites of varying size, spanning from small to large cap. 
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1.1. Previous research 
Even though extreme value theory has existed in the statistical literature for the greater part of 

the 20
th

 century, it is not until quite recently EVT was applied to VaR calculations and 

financial risk management in general. One of the first and more prominent studies was 

conducted by McNeil & Frey (2000), whose new approach to VaR calculation via EVT have 

proved very influential. McNeil & Frey adopt a two-step approach to obtain conditional VaR 

predictions for S&P 500 and DAX indices, among a few other financial assets. Comparing the 

estimates of their two-step approach to those obtained from unconditional EVT and more 

standard GARCH-methods, they find that their proposed two-step approach to VaR based on 

EVT outperform the others.  

 

The same approach is advocated by Gencay & Selcuk (2004) who predict VaR on stock 

markets for nine different emerging economies, including for example Brazil, Turkey and 

Indonesia. The results indicate that EVT-based VaR predictions are more accurate than the 

other investigated approaches, especially at the 99
th

 and higher quantiles. Furthermore, they 

show that the generalized Pareto distribution fits the tails of the return distributions in the 

investigated markets well. Finally, they conclude that the generalized Pareto distribution and 

extreme value theory are an indispensable part of risk management in general and for VaR 

calculations in particular, in emerging markets. Gilli & Këllezi (2006) apply different EVT-

approaches, Block Maxima (BM), Peak-over-threshold (POT) and unconditional EVT, to 

model tail-related risk measures such as VaR. The models are evaluated on six different 

market indices, including for example S&P 500 and Nikkei 225. The authors find the POT-

approach, advocated by McNeil & Frey (2000), to be superior to BM as it better exploits the 

information in the data. Furthermore, Gilli & Këllezi (2006) conclude that EVT can prove 

useful for assessing the size of extreme events.  

 

Other well-cited studies on the subject include, but are not limited to, Bao et al. (2006), Bali 

(2007) and Tolikas et al. (2007). A study of special interest for this paper is Marimoutou et al. 

(2009), which applies EVT to VaR predictions in the oil market. The findings of their study 

points to a conclusion that conditional EVT models offer a major improvement over the 

conventional methods, highlighting the usefulness of EVT-based risk management in the 

notoriously volatile oil market.   
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For a more comprehensive overview of the applications of EVT to financial risk management, 

the interested reader is referred to Rocco (2014). In his overview of the literature, Rocco 

(2014) shows that consensus has been reached that EVT-based predictions of VaR 

outperforms other methodologies for very high quantiles (𝑞 ≥ 0,99) and that the farther one 

moves into the tails, the better EVT predictions are.  

2. Theoretical framework 

2.1. Financial returns 

The continuously compounded return, or log return, 𝑟𝑡 is defined as 

𝑟𝑡 = 100 (𝑙𝑛 (
𝑃𝑡

𝑃𝑡−1
)),                                           (1) 

where 𝑃𝑡 denotes the closing price of a financial asset at time t. For small changes in the price 

of the underlying asset Equation (1) provides a proxy for the percentage change of 𝑃𝑡, which 

is the measure of interest. Furthermore, define the loss 𝑥𝑡 at time t as the negative log-return, 

𝑥𝑡 = −𝑟𝑡, i.e. the losses corresponds to the negated return series and are thus defined as 

positive values. As we are interested in predicting VaR estimates, this thesis will focus on the 

negated return series, i.e. the losses. We treat losses as positive numbers rather than negative 

ones out of convenience since most literature on extreme value theory deals with the upper 

tails of the distributions. This procedure is also commonly occurring in applications of EVT 

on risk management; see for example McNeil & Frey (2000).  

Following McNeil & Frey (2000), the negated return series, i.e. the losses, 𝑥𝑡 is defined as 

𝑥𝑡 = µ𝑡 + 𝜀𝑡,                                            (2) 

where 𝜀𝑡 denotes the unpredictable part represented as 

𝜀𝑡 = 𝜎𝑡𝑧𝑡,                      (3) 

where 𝑧𝑡 is a series of iid random variables with zero mean and unit variance and 𝜎𝑡 is the 

conditional standard deviation of 𝜀𝑡. 

 

 



9 
 

Jondeau et al. (2007) identifies three striking empirical features of asset returns worth 

mentioning. Firstly, returns may be serially correlated, even if said correlation tends to be 

quite small in practice. Secondly, return volatility is serially correlated and possibly 

asymmetric. The serial correlation of return volatility is evident from tendency of so called 

volatility clustering in asset returns. This phenomenon describes the observed fact that large 

changes in asset prices tend to be followed by further large changes, and vice versa for small 

changes. The asymmetric behavior of return volatility was first noted by Black (1976) and, is 

somewhat improperly, dubbed the leverage effect. The leverage effect describes the empirical 

pattern of higher volatility following large losses than equally large gains. Third and finally, 

unconditional returns are probably non-normally distributed. Typical characteristics of the 

conditional distribution of returns are skewness and fat-tailedness. In practice, using a normal 

distribution to model returns may therefore underestimate the frequency of large gains or 

losses. This might lead to an underestimation of the risks associated with a particular asset, 

which pose a serious problem for risk management.  

2.2. Volatility models 

To model 𝜎𝑡
2 of Equation (3), Engle (1982) introduced the ARCH(q)-model that represents 

the conditional variance as a function of the q latest innovations. The model assumes, as an 

autoregressive process, that it is dependent on past error terms, that is  

𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖

𝑞
𝑖=1 𝜀𝑡−𝑖

2 .                       (4) 

An ARCH(1) therefore models the conditional variance of the error term as dependent on its 

last error term, as 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝜀𝑡−1

2 .                       (5) 

Bollerslev (1986) generalized the ARCH(q)-model and introduce the GARCH(p,q) which is 

represented as 

𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖

𝑞
𝑖=1 𝜀𝑡−𝑖

2 + ∑ 𝛽𝑗
𝑝
𝑗=1 𝜎𝑡−𝑗

2 .                      (6) 

Bollerslev (1986) added p lags of the conditional variance in order to better capture the 

characteristics of financial time series. A GARCH(1,1) therefore has one autoregressive part 

and one moving average part, represented as 

𝜎𝑡
2 = 𝛼0 + 𝛼1𝜀𝑡−1

2 + 𝛽1𝜎𝑡−1
2 .                       (7) 
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These simple volatility models imply that the variance only depends on the size of a shock 

and not the sign of the shock. This has empirically been shown not to be fully correct. It is 

often observed that asset returns exhibit higher volatility when bad news occur, 𝜀𝑡 < 0, and 

lower volatility in case of good news, 𝜀𝑡 > 0, even though the shocks are of the same 

magnitude. This phenomenon constitutes the so-called leverage effect, introduced in section 

2.1. To cope with the asymmetry of return volatility, Nelson (1991) introduced the 

Exponential-GARCH, or EGARCH. The EGARCH models the natural logarithm of the 

conditional variance and is specified as 

ln(𝜎𝑡
2) = 𝛼0 + ∑ 𝛼1𝑔(𝑧𝑡−1)

𝑝
𝑖=1 + ∑ 𝛽𝑗

𝑞
𝑗=1 ln (𝜎𝑡−𝑗

2 ),                     (8) 

where 

𝑔(𝑧𝑡) = [𝛾|𝑧𝑡| − 𝐸[|𝑧𝑡|] + 𝜓𝑧𝑡].                      (9) 

This specification allows for negative and positive shocks to have an asymmetric effect on the 

variance, which is a necessity to consider given the empirically observed asymmetry of return 

volatility. Because of its ability to incorporate the asymmetric behaviour of return volatility, 

the EGARCH is frequently used in financial risk management (Teräsvirta 2006).  

2.3. Risk management 
For as long as there has been speculation in assets, financial institutions and other investors 

have been concerned with the risk of the assets at hand, for example equities. Earlier literature 

in financial economics often refers to the volatility, or standard deviation, of the assets as a 

widely accepted measure of risk. The volatility, however, should not be regarded as a 

sufficient measure for market risk, since it has its’ shortcomings. Perhaps the most critical 

shortcoming is the fact that the volatility is a symmetric measure of risk, in the sense that 

large profits and losses are given equal weight in the measure. Financial institutions and 

investors however are much more concerned by large losses than by large profits. This makes 

the volatility a poor measure of market risk.  

Therefore, in 1996 the Basel committee on Banking Supervision introduced the Value-at-Risk 

(VaR) as the main quantitative tool for financial institutions to evaluate the risk associated 

with their portfolio assets. This recognition has led to VaR being one of the most widely used 

measure of financial risk, and the Basel committee supports VaR as the benchmark tool for 

assessing market risk.  



11 
 

2.3.1. Value-at-Risk 

If we let α denote a small percentage, then the VaR of a certain asset (or portfolio of assets) 

can be defined as the minimum potential loss that the portfolio can suffer in the α-percent 

worst cases, over a given time horizon. An equivalent definition is as the capital sufficient to 

cover losses from assets (or a portfolio of assets) over a holding period of a fixed number of 

days, given the confidence level α. More formally, VaR describes the quantile of the projected 

distribution of profits and losses over the target horizon. If α denotes the confidence level, the 

VaR estimate corresponds to the 1-α lower tail level (Jorion 2007). Expressed in terms of 

probabilities, VaR can be defined as  

𝑃𝑟(𝐿 > 𝑉𝑎𝑅) = 𝛼                    (10) 

where L denotes the loss on a given day and α represents the significance level. Intuitively, 

VaR is a quantile in the distribution of profits and losses that is expected to be exceeded with 

a certain probability, α. 

The Basel committee recognizes VaR as the benchmark tool for assessing market risk of 

assets, and one of its main advantages is that it is easy to understand and interpret from a 

financial viewpoint. However, VaR is not without its shortcomings. One of the major 

drawbacks of VaR is that the measure deals with the cut-off between the centre and the tail of 

the distribution, rather than with the tail itself. Therefore, VaR does not actually tell us what 

the losses look like when the quantile, as defined by the significance level, is exceeded. One 

way to assess the magnitude of these losses is to calculate the so-called Expected Shortfall. 

This is, however, beyond the scope of this study and will therefore not be further pursued. 

Furthermore, it can be argued that VaR disregards the risk of extreme losses, which might 

induce a larger risk exposure in falling markets. Another drawback is that VaR does not seem 

to behave entirely as a sensible risk measure in some particular settings (Rocco 2014). For 

more details and further discussion regarding the shortcomings of VaR as a measure of 

market risk, see for example Rocco (2014) and Artzner et al. (1999). Nevertheless, even 

though it has been subject to criticism, VaR remains the benchmark quantitative tool for 

evaluating financial risk, reinforced by its recognition from the Basel committee and its 

widespread use among risk managers.  
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2.4. Extreme value theory 
When it comes to financial risk management, what matters most are the large losses, rare in 

their nature, most often occurring in times of financial turmoil. Therefore, the upper tail of the 

loss distribution is of great interest to risk managers. However, high quantiles are hard to 

adequately estimate using traditional parametric approaches, which often relies on the normal 

and Student t-distribution. In practice, neither the normal nor the Student-t distribution 

provides a perfect approximation of the distribution of returns. Therefore, McNeil & Frey 

(2000) proposes a semi-parametric approach to predict VaR, utilizing limit results from 

extreme value theory (EVT). 

To predict VaR, it is sufficient to only focus on the tails of the distribution, which allows the 

use of specific tools that were created to provide a precise description of the tails of the 

distribution, such as EVT. In EVT, the focus of interest is the so-called tail index ξ that 

characterizes the shapes of the tails of the distribution (Jondeau et al. 2007). Consider 

exceedances over a high threshold, u, above which we consider that the returns 𝑋𝑘 belong to 

the tail. According to a limit result in EVT known as the Balkema-de Haan- Pickands 

theorem (Balkema & de Haan 1974, Pickands 1975) the exceedances, 𝑋𝑘 − 𝑢, is shown to be 

approximately distributed according to a generalized Pareto distribution (GPD). Thus, this 

theoretical result of EVT may be used to characterize the tails of the distribution of returns. 

Once the tail index ξ have been estimated, it is for example possible to compute high 

quantiles of the distribution which is central to predicting VaR (Jondeau et al. 2007). 

The generalized Pareto distribution is defined as 

𝐺𝜉,𝑢,𝜓(𝑥) =

{
 

 1 − (1 +
𝜉

𝜓
(𝑥 − 𝑢))

−1 𝜉⁄

, 𝑖𝑓 𝜉 ≠ 0

1 − 𝑒𝑥𝑝 (−
(𝑥−𝑢)

𝜓
) , 𝑖𝑓 𝜉 = 0,        

                 (11) 

where 𝜓 is a positive scaling function of the threshold u and ξ is the so-called tail index.  

 

If we focus directly on the tail of the distribution and therefore consider the estimation of a 

high quantile 𝑥𝑞 such that 𝐹(𝑥𝑞) = 𝑃𝑟[𝑋 ≤ 𝑥𝑞] = 𝑞, the quantile 𝑥𝑞 > 𝑢 can then be 

estimated as 
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�̂�𝑞 = {
𝑢 +

�̂�

�̂�
((

𝑛

𝑁𝑢
𝑝)

−�̂�

− 1) , 𝑖𝑓 𝜉 ≠ 0

𝑢 − �̂�𝑙𝑜𝑔 (
𝑛

𝑁𝑢
𝑝) , 𝑖𝑓 𝜉 = 0,              

                 (12) 

where 𝑁𝑢 is the number of exceedances above the threshold u and n denotes the total number 

of observations used to estimate the quantile. This quantile �̂�𝑞 is then used for VaR 

prediction, instead of corresponding quantiles from the normal or Student-t distribution. Since 

EVT is specifically designed to model the behaviour of very large returns (positive or 

negative), it provides a parametric representation of the distribution of the tails. The main 

result of EVT utilized in this thesis is that the distribution of the upper tail (i.e. the losses that 

are above a given threshold u) can be approximated by the GPD, when u is sufficiently large.  

For a more comprehensive overview and rigorous motivation of extreme value theory, the 

interested reader is referred to Embrechts et al. (1997). 

2.4.1. Implementation issues with EVT 

As evident by Equation (12), the value of the estimated quantile �̂�𝑞 depends on the choice of 

threshold u, or equivalently 𝑁𝑢. As a matter of fact, it can be argued that the choice of u, or 

𝑁𝑢, is the most important implementation issue in EVT (McNeil & Frey 2000). The choice of 

u involves a trade-off between bias and variance; a high threshold, u, reduces the risk of bias 

while a large N, corresponding to a lower u, controls the variance of the parameter estimates. 

If we choose a threshold too much in the tail, the estimate is unbiased because the asymptotic 

theory applies, but we obtain very inaccurate estimate because only few observations are used 

in the estimation. If we use more observations, the variance of the estimator is reduced, but 

the bias increases because tail observations are then contaminated by observations from the 

central part (Jondeau et al. 2007). Therefore, u should be selected in such a way that the 

number of observations above the threshold be sufficient to ensure an accurate estimation of 

the unknown parameters. Unfortunately, there is no optimal way to select the threshold u. 

Although some tools, such as bootstrap techniques, have been proposed to select the 

threshold, it remains an open question how to best define the optimal threshold. To best 

resolve this implementation issue, we follow in the footsteps of McNeil & Frey (2000) and fix 

the number of exceedances, 𝑁𝑢, so that they correspond to 10% of the total observations 

belonging to the upper tail. The threshold u is then calculated and fixed for each series to 

ensure that the number of exceedances sum to 100. 
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3. Methodology and data 

3.1. Predicting VaR 

Arguably, VaR has become the standard measure to quantify the risk exposure of financial 

institutions. Its popularity arises because it has some good properties, for example is it easy to 

calculate for some well-known distributions (Tsay 2014). Combining Equations (2) and (3), 

the losses, 𝑥𝑡, are defined as 

𝑥𝑡 = µ𝑡 + 𝜎𝑡𝑧𝑡,                     (13) 

where 𝑧𝑡 is assumed to be iid with mean zero and unit variance. Predictions of VaR for the 

series of losses relies on distributional assumptions for the random variable Z, where the 

standard normal or Student-t distribution are often used in practice. Assuming a certain 

distribution for Z, the VaR predicted at time t for the loss at time 𝑡 + 1 is defined as 

𝑉𝑎𝑅𝑡
𝑞(𝑋𝑡+1) = µ𝑡+1 + 𝜎𝑡+1𝑧𝑡

𝑞
,                    (14) 

where q (= 1 − 𝛼) denotes the quantile of the assumed distribution.  

If Z is assumed to be normally distributed, 𝑋~𝑁(µ𝑡, 𝜎𝑡
2), then 

𝑉𝑎𝑅𝑡
𝑞 = µ𝑡+1 + 𝜎𝑡+1𝑁𝑡

𝑞
,                     (15) 

where 𝑁𝑡
𝑞
 denotes the (1 − 𝛼)th quantile of the standard normal distribution. 

If Z is assumed to be Student-t distributed with υ degrees of freedom, then  

𝑉𝑎𝑅𝑡
𝑞 = µ𝑡+1 + 𝜎𝑡+1𝑡𝑡,𝜐

𝑞
,                     (16) 

where 𝑡𝑡,𝜐
𝑞

 is the (1 − 𝛼)th quantile of a Student-t distribution with υ degrees of freedom. 

Parametric approaches to VaR predictions utilize GARCH-models to estimate 𝜎𝑡 which, 

together with distributional assumptions regarding Z, is used to predict VaR in accordance 

with the equations above. 

However, in practice neither the normal nor the Student-t distribution provides a perfect 

approximation of the distribution of returns. Therefore, we follow the seminal paper of 

McNeil & Frey (2000), and intend to utilize the previously introduced limit result of EVT and 

combine it with standard volatility models in a semi-parametric approach to predict VaR.  
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In line with existing literature we assume that losses (negative returns) can be defined as in 

Equation (13), where the innovation process, 𝑧𝑡 is assumed to be iid with zero mean, unit 

variance and marginal distribution function 𝐹𝑧(𝑧). 

We then fit a conditional mean and volatility model (such as an AR-GARCH model) to the 

negated return series, in order to account for serial correlation and heteroscedasticity. This 

step intends to filter the dependence in the losses, providing us with residuals that should be 

iid if the AR-GARCH model provides a good fit to the data. To avoid specifying an arbitrary 

distribution for the innovation process 𝑧𝑡, the AR-GARCH model is estimated using Quasi-

Maximum-Likelihood (QML), which consists in maximizing the normal log-likelihood of the 

model even though the true generating process of 𝑧𝑡 is not Gaussian (Jondeau et al. 2007). 

Gouriéroux et al. (1984) shows that this method provides consistent and asymptotically 

estimators. When the model is estimated, we compute standardized residuals as 

�̂�𝑡 =
𝑥𝑡−µ̂𝑡

�̂�𝑡
,                      (17) 

and test whether they are uncorrelated. If they are, the necessary assumption of iidness seems 

plausible and we can proceed. The next step involves estimating the GPD, Equation (11), to 

all exceedances, i.e. all realizations �̂�𝑡 that are above a given high threshold u. To do so, the 

standardized residuals are sorted by decreasing order, and the parameters of the GPD are 

estimated on the exceedances. Once the parameters of the GPD are estimated, the sought-after 

quantile, �̂�𝑞, is obtained by Equation (12). In order to predict a VaR estimate for the original 

return series, the quantile �̂�𝑞  is then used together with the conditional volatility forecast for 

the original loss series, such as 

𝑉𝑎𝑅𝑡
𝑞 = µ𝑡+1 + 𝜎𝑡+1�̂�𝐺𝑃𝐷,𝑡

𝑞
,                                                                                 (18) 

where �̂�𝐺𝑃𝐷,𝑡
𝑞

  is a quantile estimate for the ordered, standardized residuals, estimated by the 

GPD in accordance with Equation (12). 
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3.2. Model evaluation 
To evaluate the performance of our models in predicting VaR, we compare the actual number 

exceedances of the VaR to the expected number of exceedances, which is given by the 

significance level α. The number of expected exceedances of the VaR estimate is calculated 

as 𝑁𝛼, where N is the number of VaR estimates. Since 𝑁 = 2000 in our study, we expect 100 

exceedances of the 95% VaR (𝛼 = 0,05). As noted by Orhan & Köksal (2011), there are 

basically two test procedures available with widespread use in the finance literature, namely 

Kupiec’s test for unconditional coverage and Christoffersen’s test of independence. Because 

of their widespread use in the finance literature, these are the tests we will use to evaluate the 

performance of our models. First, we begin by defining an indicator variable as 

𝐼𝑡 = {
1        𝑖𝑓 𝑟𝑡 < 𝑉𝑎𝑅𝑡
0            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

                      (19) 

Whenever the daily return, 𝑟𝑡, exceeds the predicted VaR the indicator function 𝐼𝑡 takes on the 

value 1, and the observation is labeled as a violation (V). The number of violations are 

distributed in accordance with the Binomial distribution, 𝑉~𝐵𝑖𝑛(𝑁, 𝛼), and the proportion of 

violations is expected to correspond to the significance level of the VaR, α. This is formalized 

in the null hypothesis 

𝐻0:
𝑉

𝑁
= 𝛼,                      (20) 

where N denotes the number of trials. To test this hypothesis, Kupiec (1995) suggest that the 

Likelihood Ratio test statistic 

𝐿𝑅𝐾 = 2𝑙𝑛 ((1 −
𝑉

𝑁
)
𝑁−𝑉

(
𝑉

𝑁
)
𝑉

) − 2𝑙𝑛((1−∝)𝑁−𝑉(∝)𝑉),                                                        (21) 

follows the 𝜒2 distribution with 1 degree of freedom under the null hypothesis. The test 

statistic returns the value 0 under the null, and gets larger as 𝑉 𝑁⁄  deviates more from α 

(Orhan & Köksal 2011).  

For the 5% significance level, the corresponding critical value of the 𝜒1
2 distribution is 3,841. 

Exceedance of this critical value leads to the rejection of the null hypothesis, concluding that 

the model does not provide a good prediction of VaR. For a model to be perfectly specified, 

the violations are expected to occur with α percent probability. If the violations occur with 

> 𝛼 percent probability, the model underestimates the risk. Following the same logic, if the 

violations occur with < 𝛼 percent probability, the model overestimates the risk (Orhan & 

Köksal, 2011).  
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The main shortcoming of the Kupiec test is that it does not take into account the sequence of 

violations, implicitly assuming that the violations occurs independently of each other (Orhan 

& Köksal 2011). From Kupiec’s test, we might conclude that the model produces correct 

estimates of the average (unconditional) coverage. This, however, does not provide a full 

evaluation of the performance of the model. Since asset returns are prone to so-called 

volatility clustering, the violations might be clustered as well. This can have huge 

ramifications for risk management, as shown by the following example. If the 95% VaR 

yielded exactly 5% violations but all of these violations came during a three-week period, 

then the risk of bankruptcy would be much higher than if the violations came scattered 

randomly through time (Christoffersen 2012). This example illustrates the need to test for the 

dependence among violations. Christoffersen (1998) developed such a test to consider the 

clustering of violations, the purpose of which is to test the independence of the violations.  

 

We follow the notation of Orhan & Köksal (2011) and define 𝑛𝑖𝑗 as the number of 

observations i followed by j, where i, j = 0, 1.  

In this notation 1 indicates a violation while 0 indicates no violation. The test statistic for 

Christoffersen’s test of independence is then defined as 

𝐿𝑅𝐶 = 2𝑙𝑛 (
(1−𝜋01)

𝜋00𝜋01
𝜋01(1−𝜋11)

𝜋10𝜋11
𝜋11

(1−𝛼)𝑁−𝑉𝛼𝑉
),                  (22) 

where  

𝜋𝑖𝑗 =
𝑛𝑖𝑗

∑ 𝑛𝑖𝑗𝑗
.                      (23) 

The test statistic follows the 𝜒2 distribution with 2 degrees of freedom under the null 

hypothesis of independent violations, 𝐿𝑅𝐶~𝜒2
2. If the violations are independently distributed, 

the numerator and denominator of the test statistic will be same yielding the value 0 (Orhan & 

Köksal 2011). For the 5% significance level, the corresponding critical value of the 𝜒2
2 

distribution is 5,99. Exceedance of this critical value leads to the rejection of the null 

hypothesis, concluding that the violations are clustered and dependent upon each other.  
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Despite the widespread use of the Kupiec and Christoffersen tests, their implementation in 

backtesting VaR is not without criticism. Christoffersen & Pelletier (2004) show that these 

tests have relatively low power in small sample settings and argues that a new tool for 

backtesting based on the duration of days between the violations of the VaR ought to have 

better power properties.  This testing procedure is, however, beyond the scope of this study. 

3.3. Data and descriptive statistics  
The models we intend to compare will be evaluated on nine different data sets, consisting of 

equities from three different sectors; oil & gas, technology and pharmaceutical. Each sector is 

represented by three equities of varying size, ranging from small- to large-cap. The equities 

are all either traded on the New York Stock Exchange (NYSE) or the NASDAQ.  

Table 1 presents the data sets and introduces the acronyms that will be used in tables and 

figures henceforth. The investigated period is between 2004-05-28 and 2016-04-30, 

corresponding to 3000 observations. 

Table 1. Presentation of the equities included in the study 

Equity Ticker Sector Cap Start date End date # Obs 

Atwood ATW Oil Small 2004-05-28 2016-04-30 3000 

Tesoro TSO Oil Mid 2004-05-28 2016-04-30 3000 

Chevron CVX Oil Large 2004-05-28 2016-04-30 3000 

Radware RDWR Tech Small 2004-05-28 2016-04-30 3000 

Gartner IT Tech Mid 2004-05-28 2016-04-30 3000 

Apple AAPL Tech Large 2004-05-28 2016-04-30 3000 

Lannet LCI Pharma Small 2004-05-28 2016-04-30 3000 

Akorn AKRX Pharma Mid 2004-05-28 2016-04-30 3000 

Johnson  

& Johnson 

JNJ Pharma Large 2004-05-28 2016-04-30 3000 
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Table 2 presents some descriptive statistics, providing us with some basic insights of the 

characteristics inherent to the return series.  

Table 2. Descriptive statistics for the series of losses (negative returns) 

Asset Mean St. dev. Min Max Skewness Kurtosis 

ATW -7.26e-06 0.0304 -0.272 0.247 0.132 7.32 

TSO -6.77e-04 0.0316 -0.258 0.222 0.387 5.37 

CVX 8.44e-05 0,0218 -0,168 0,181 0,152 5,32 

RDWR -7.9e-05 0.0242 -0.325 0.257 0.0778 21.5 

IT -6.54e-04 0.0211 -0.162 0.296 1.05 20.7 

AAPL -1.31e-03 0.0221 -0.13 0.197 0.131 5.48 

LCI -4.12e-05 0.0373 -0.282 0.362 0.0177 9.45 

AKRX -6.81e-04 0.0401 -0.341 0.331 -0.282 11 

JNJ -3.46e-04 0.0101 -0.115 0.0797 -0.499 11.7 

 

As the series summarized in Table 2 constitutes of losses (or negative returns), the max-

values correspond to the most severe losses experienced for the investigated period. By the 

same logic, the min-values corresponds to the highest profits experienced during the given 

time period. Perhaps most interesting in Table 2 is the tendency of all series to exhibit 

kurtosis vastly exceeding that of the normal distribution, indicating that the assumption of 

normally distributed returns seems to be far from plausible.  

Figure 1 visualizes the negative return series, expressed as percentages, for the investigated 

time period. As the returns are negated, positive values corresponds to losses. As evident by 

Figure 1, all series exhibits tendencies to so-called volatility clustering. Especially noteworthy 

is the clustering that occurred 2007-2009 for all equities, which certainly was a result of the 

global financial turmoil following the U.S. housing bubble and the subsequent European debt 

crisis.  
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Figure 1. Losses (negative returns) of the included equities, expressed as percentages. 
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To investigate correlations between losses at different times and to visualize the dependence 

structure in the data, we compute the autocorrelation functions (ACF) for the series of losses. 

Figure 2 show the ACF for the losses, and squared losses respectively, of Apple (AAPL). This 

is computed for all series, but since the patterns found across the equities are similar we 

choose to present the ACF of just one series in order to conserve space. Inspecting Figure 2, 

we find some evidence of serial dependence among the losses, although not fully convincing. 

For the squared losses (or negative returns), however, the dependence is clearer. This 

indicates that a model in which volatility is allowed to be dependent ought to prove a good fit 

to the data. 

 

 

 

 

 

 

 

A more formal way to test for serial dependence and conditional heteroscedasticity is 

provided by the Ljung-Box test. For the theoretical foundations of the Ljung-Box test, please 

consult the Appendix. Inspecting Table 3, we find that we cannot reject the null hypothesis of 

no autocorrelation for the loss series. This result contrasts the indications of the ACF from 

Figure 2. However, the Ljung-Box test further indicates the presence of conditional 

heteroscedasticity, as evident by the rejected null hypothesis for the series of squared losses. 

As with the ACF, we choose to only present the results for Apple, but this time it is due to the 

atypical result of the Ljung-Box test. For a clear majority of the equities tested, the Ljung-Box 

test finds evidence of serial dependence as well as conditional heteroscedasticity, indicating 

that an AR-GARCH-model should provide a good fit to the data. For full comparability 

across models, we therefore conclude that an AR-GARCH-model should be fitted to all series 

in order to filter the dependence found in the series, even though the results of the Ljung-Box 

test for Apple indicates that there is none, or at most very small, serial dependence in the 

series. For a full disclosure of the Ljung-Box test results, please consult the Appendix. 

Figure 2. Autocorrelation functions (ACF) for the losses and squared losses of Apple 
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Table 3. Results of the Ljung-Box test performed on Apple 

Data P-value 

Losses 0.1121 

Squared Losses < 2.2e-16 

 

In order to evaluate whether the proposed AR-GARCH-model successfully filters the 

dependence in the data, we calculate the standardized residuals in accordance with Equation 

(17). These residuals and their squares are then evaluated by the ACF and Ljung-Box test, 

provided in Figure 3 and Table 4, respectively. As before, the Apple series provides a good 

representation of the tendencies inherent to all data sets and is therefore the only one 

presented in order to conserve space. 

  

 

 

 

 

 

Table 4. Results of the Ljung-Box test performed on the standardized residuals of an AR-GARCH-
model fitted to Apple 

Data P-value 

Standardized residuals 0.5149 

Squared standardized residuals 0.9622 

 

Clearly, the autocorrelation in the standardized residuals is smaller than that of the squared 

losses, as evident by Figure 3 and Table 4. We cannot reject the null hypothesis of no 

autocorrelation for the residuals and squared residuals, respectively, which indicates that 

fitting an AR-GARCH-model provides us with independent residuals.  

 

Figure 3. ACF for the standardized residuals of an AR-GARCH-model fitted to Apple 
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This is good news to us, since the semi-parametric approach to VaR prediction assumes that 

the standardized residuals of the initial AR-GARCH model should be iid, which based on the 

data seems plausible. 

The final feature of the data we intend to highlight is the supposed fatness of tails, which can 

be visualized with a Q-Q plot. The Q-Q plot compares quantiles of the empirical distribution 

against the theoretical distribution, which we for sake of visualization assume to be normal. In 

Figure 4, Q-Q plots for the losses and the standardized residuals of the AR-GARCH-model 

are provided. 

 

 

 

 

 

 

 

 

 

As evident by the Q-Q plots, the data shows signs of fatter tails than would be expected if the 

losses in fact were normally distributed. This applies to the losses as well as the standardized 

residuals, which speaks to fitting a generalized Pareto distribution to the tails in order to 

provide more accurate estimates of the VaR. 

3.4. Software 
Throughout this thesis we have used the software R to perform our estimations. R is widely 

used for statistical analysis and can be downloaded for free from the official webpage 

https://www.r-project.org/. 

For the computations in this thesis, the packages rugarch, fGarch and timeSeries were used 

for time series analysis. To implement extreme value theory in the analysis, the package evir 

was used.  

Figure 4. Q-Q-plots of losses (negative returns) and standardized residuals for Apple. The 
normal distribution constitutes the benchmark to which the empirical distribution is 
compared. 

https://www.r-project.org/
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4. Results 
With two choices of conditional volatility models (GARCH and EGARCH), two choices of 

distributions for the innovation (normal and Student-t) and the semi-parametric models fitted 

to each combination of the former two choices, we have a total of eight different models to 

evaluate. Therefore, to improve readability we introduce the following notation to serve as 

acronyms for our models as presented below 

 𝐺𝑛 = AR(1)-GARCH(1,1) with normally distributed innovations 

 𝐺𝑡 = AR(1)-GARCH(1,1) with t-distributed innovations 

 En = AR(1)-EGARCH(1,1) with normally distributed innovations 

 Et = AR(1)-EGARCH(1,1) with t-distributed innovations 

 𝐺𝑛
𝑆 = AR(1)-GARCH(1,1) with normally distributed innovations (semiparametric) 

 𝐺𝑡
𝑆 = AR(1)-GARCH(1,1) with t-distributed innovations (semiparametric) 

 En
S = AR(1)-EGARCH(1,1) with normally distributed innovations (semiparametric) 

 Et
S = AR(1)-EGARCH(1,1) with t-distributed innovations (semiparametric) 

Furthermore, the expected number of exceedances is denoted by EE, and defined as described 

in section 3.2.  

In Table 5, we restate some parameter choices of special interest for the estimation and 

backtesting procedures. The parameter choices are all in line with those of McNeil & Frey 

(2000), in order to increase comparability with previous studies. 

Table 5. Parameter choices of special interest for the implementation of each model 

Window length, n 1000 

Degrees of freedom, υ, for the t-distribution 4 

Number of exceedances, 𝑁𝑢 100 
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4.1. Value-at-Risk predictions 
As it is interesting to see how the different models perform at increasing quantiles (q), the 

VaR will be estimated and evaluated for 𝑞 ∈ {0,95, 099, 0,995}. In Table 6, we present and 

compare the actual number of exceedances with the expected number, for the 95% VaR 

estimates. 

Table 6. The number of exceedances for the 95% VaR as predicted by each model. EE denotes the 
expected number of exceedances. 

 Data EE 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒕 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW 100 114 142 109  100 106 106 105  107 

TSO 100 99 130 101  93 98 98 102  102  

CVX 100 119 146 110  108 104 103 104  104 

Te
ch

 RDWR 100 62 84 64  88 110 105 113  112 

IT 100 70 95 68  90 95 99 96  102 

AAPL 100 97 130 86  92 102 106 100  99 

P
h

ar
m

a LCI 100 102 100 109  116 125 119 126  113 

AKRX 100 92 102 88  101 114 114 108  107 

JNJ 100 106 132 103  104 105 109 106  107 

 

Evident by Table 6, all models perform quite well for the different equities for the 95% VaR. 

The difference of the models’ performance is mainly manifested across the different sectors. 

For example, the traditional GARCH and EGARCH-models seem to overestimate VaR for the 

equities belonging to the technology sector. Solely based on the number of exceedances, it is 

difficult to draw any conclusions about the different models’ predictive capabilities. In 

general, however, it seems that the semiparametric models provide slightly better estimates 

across all sectors.  

For the purpose of this study, the most interesting comparison is not made on a model-to-

model basis, but instead we are mainly interested in performance of the semiparametric 

approaches as a whole compared that of the traditional GARCH models. So although we will 

comment on differences in performance due to varying distributional assumptions and model 

specifications for the traditional GARCH models and the semiparametric approaches 

respectively, we are mainly interested in the broader picture.      
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Table 7. The number of exceedances for the 99% VaR as predicted by each model. EE denotes the 
expected number of exceedances. 

 Data EE 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒕 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW 20 40 22 41  11 29 30 29  28 

TSO 20 28 18 31  10 20 20 24  24  

CVX 20 33 20 33   14 16 16 19  20 

Te
ch

 RDWR 20 22 16 27  16 17 15 18  19  

IT 20 25 16 30  17 20 16 20  17 

AAPL 20 29 20 26  15 20 22 18  19 

P
h

ar
m

a LCI 20 34 23 33  24 26 25 25  25 

AKRX 20 41 26 38  27 28 28 26  27 

JNJ 20 41 23 37  12 28 27 28  27 

 

Table 7 provides us with the estimates of the 99% VaR. Here, we see that normally 

distributed innovations do not perform very well for either the standard GARCH or 

EGARCH-models. In almost all cases they underestimate VaR and therefore lead to too many 

exceedances. The models with t-distributed innovations perform reasonably well, with the 

standard GARCH having a slight edge over the EGARCH which seems to overestimate VaR 

in both the oil & gas and technology sectors. As with the 95% VaR, the semiparametric 

models perform reasonably well, and clearly outperform the GARCH and EGARCH-models 

with normal innovations. However, the GARCH and EGARCH-models with t-distributed 

innovations seem to perform at least as good as the different semiparametric models. 

 

 

 

 

 

 

 

 

 

 

 



27 
 

Table 8. The number of exceedances for the 99,5% VaR as predicted by each model. EE denotes the 
expected number of exceedances. 

 Data EE 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒕 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW 10 27 7 26 4  12 13 17  14 

TSO 10 21 6 23 5 13 11 13  12  

CVX 10 22 9 20  6 10 10 11  11 

Te
ch

 RDWR 10 13 10 20  8  13 11 14  11 

IT 10 20 13 22  13 9 9 11  12 

AAPL 10 20 13 18  7 11 13 11  10 

P
h

ar
m

a LCI 10 27 10 28  13 13 13 15  16 

AKRX 10 30 15 27  14 17 15 18  16 

JNJ 10 31 8 22   4 13 16 14  14 

 

Table 8 provides us with the estimates of the 99,5% VaR. This far out in the tail, the GARCH 

and EGARCH-models with normally distributed innovations perform very badly for all 

equities. The same models with t-distributed innovations, however, have a tendency to 

overestimate the VaR, especially notable for the oil & gas and technology sectors. But still, 

they provide us with reasonable estimates of the VaR. In general, just based on the number of 

exceedances, the different varieties of semiparametric models provide the best estimations of 

the VaR, perhaps with an exception for the equities in the pharmaceutical sector. 
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4.2. Tests of unconditional coverage and independence  
In order to draw statistically sound conclusions and to provide a slightly more rigorous 

evaluation of the models’ performance, we perform Kupiec’s and Christoffersen’s tests 

introduced and described in section 3.2. Tables 9 and 10 provide us with the p-values of 

Kupiec’s test and Christoffersen’s test, respectively, for the 95% VaR. 

Table 9. p-values for the Kupiec test of unconditional coverage for the 95% VaR. Bold entries 
denotes significance at the 5%-level. 

 Data 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒕 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW 0,160 0,000 0,362 1,000 0,542 0,542 0,611 0,477 

TSO 0,918 0,000 0,918 0,468 0,837 0,837 0,838 0,838 

CVX 0,058 0,000 0,312 0,418 0,683 0,759 0,683 0,683 

Te
ch

 RDWR 0,000 0,092 0,000 0,209 0,312 0,611 0,191 0,227 

IT 0,000 0,605 0,000 0,297 0,605 0,918 0,680 0,838 

AAPL 0,757 0,000 0,142 0,406 0,838 0,542 1,000 0,918 

P
h

ar
m

a LCI 0,838 1,000 0,362 0,109 0,013 0,058 0,010 0,191 

AKRX 0,406 0,838 0,209 0,918 0,160 0,160 0,418 0,477 

JNJ 0,542 0,000 0,759 0,683 0,611 0,362 0,542 0,477 

 

Table 10. p-values for the Christoffersen test of independence for the 95% VaR. Bold entries 
denotes significance at the 5%-level. 

 Data 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒕 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW 0,364 0,000 0,612 0,281 0,819 0,819 0,682 0,555 

TSO 0,649 0,011 0,604 0,347 0,664 0,921 0,847 0,323 

CVX 0,063 0,000 0,436 0,484 0,286 0,270 0,724 0,501 

Te
ch

 RDWR 0,000 0,055 0,000 0,255 0,435 0,308 0,248 0,268 

IT 0,005 0,846 0,002 0,485 0,851 0,902 0,883 0,542 

AAPL 0,783 0,002 0,328 0,288 0,459 0,033 0,901 0,623 

P
h

ar
m

a LCI 0,128 0,104 0,087 0,069 0,004 0,156 0,000 0,079 

AKRX 0,493 0,060 0,454 0,701 0,043 0,020 0,638 0,314 

JNJ 0,696 0,005 0,908 0,890 0,714 0,305 0,819 0,487 

 

The results of Tables 9 and 10 further strengthens the tendencies noted in Table 6, that, 

overall, the semiparametric models and the EGARCH-model with t-distributed innovations  

clearly outperform the traditional GARCH and EGARCH-models with normal innovations. 
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Tables 11 and 12 provides us with the p-values of the Kupiec’s test of unconditional coverage 

for the 99% and 99,5% VaR, respectively. 

Table 11. p-values for the Kupiec test of unconditional coverage for the 99% VaR. Bold entries 
denotes significance at the 5%-level. 

 Data 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒕 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW 0,000 0,658 0,000 0,027 0,058 0,036 0,058 0,090 

TSO 0,090 0,648 0,022 0,013 1,000 1,000 0,383 0,383 

CVX 0,008 1,000 0,008 0,154 0,352 0,352 0,821 1,000 

Te
ch

 RDWR 0,658 0,352 0,135 0,352 0,489 0,240 0,648 0,821 

IT 0,279 0,352 0,036 0,489 1,000 0,352 1,000 0,489 

AAPL 0,058 1,000 0,197 0,240 1,000 0,658 0,648 0,821 

P
h

ar
m

a LCI 0,004 0,510 0,008 0,383 0,197 0,279 0,279 0,279 

AKRX 0,000 0,197 0,000 0,135 0,090 0,090 0,197 0,135 

JNJ 0,000 0,510 0,000 0,052 0,090 0,135 0,090 0,135 

 

Table 12. p-values for the Kupiec test of unconditional coverage for the 99,5% VaR. Bold entries 
denotes significance at the 5%-level. 

 Data 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒕 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW 0,000 0,315 0,000 0,030 0,539 0,363 0,044 0,232 

TSO 0,002 0,171 0,000 0,079 0,363 0,755 0,363 0,539 

CVX 0,001 0,747 0,005 0,171 1,000 1,000 0,755 0,755 

Te
ch

 RDWR 0,363 1,000 0,005 0,511 0,363 0,755 0,232 0,755 

IT 0,005 0,363 0,001 0,363 0,747 0,747 0,755 0,539 

AAPL 0,005 0,363 0,023 0,315 0,755 0,363 0,755 1,000 

P
h

ar
m

a LCI 0,000 1,000 0,000 0,363 0,363 0,363 0,140 0,080 

AKRX 0,000 0,140 0,000 0,232 0,044 0,140 0,023 0,080 

JNJ 0,000 0,511 0,001 0,030 0,363 0,080 0,232 0,232 

 

These results of Tables 11 and 12 follow previously noted pattern of the semiparametric 

models outperforming the traditional GARCH-models. This is evident by the fewer 

statistically significant exceedances of the semiparametric approaches compared to the 

traditional GARCH-models. This tendency exists for all the investigated quantiles, but is 

especially clear the higher the quantile (𝑞 ≥ 0,99). For Christoffersen’s test of independence 

for the 99% and 99,5% VaR, please consult the Appendix.  
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5. Conclusions 
The aim of this study was to compare VaR estimates from traditional GARCH-models, such 

as GARCH(1,1) and EGARCH(1,1), with estimates calculated by a semiparametric approach 

based on results from extreme value theory. The innovation inherent to the GARCH-models is 

assumed to follow either the normal or the Student-t distribution, which further allows us to 

compare the estimates on the basis of the underlying distributional assumptions. For the 95% 

VaR, the EGARCH’s ability to incorporate the asymmetric behaviour of return volatility 

proves most useful. At higher quantiles, however, one of the main conclusions to draw from 

the results is that the choice of volatility model, for example the choice between the standard 

GARCH(1,1) and EGARCH(1,1) matters less than the assumed distribution of the 

innovations. Our results show that all volatility models under the assumption of t-distributed 

innovations vastly outperform equivalent models with normally distributed innovations, 

especially for higher quantiles. 

The semiparametric approach clearly outperforms the GARCH-models under the assumption 

of normally distributed innovations, and just as for the volatility models with t-distributed 

innovations this is especially true at higher quantiles. As for the comparison between the 

semiparametric approach and the traditional volatility models with t-distributed innovations, 

the tendencies are less clear. Generally, however, the semiparametric approaches do tend to 

outperform their more traditional counterparts. This is especially true the higher the quantile 

we estimate, which is as expected by the results of extreme value theory. These results 

indicate that the GPD provides a good approximation of the tails of the distribution of returns, 

and that there certainly is a place for EVT in financial risk management. 

5.1. Suggestions for further research  
Since the use of VaR as the main quantitative tool has been subject to criticism (see for 

example Artzner et al. 1999), it could prove fruitful to evaluate a more coherent measure of 

financial risk. One such measure often advocated is the so-called Expected Shortfall. Apart 

from that, further insights could be had by the evaluation of different conditional volatility 

models than those covered in this thesis. Furthermore, additional distributions of the 

innovations could be considered, such as the generalized error distribution, GED. Finally, our 

thesis could be further developed by altered parameter choices, for example by estimating the 

models under different degrees of freedom and/or different values of the threshold.  
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7. Appendix 

7.1. Ljung-Box test 

 

In order for the proposed method to be theoretically valid, the residuals of the GARCH-model 

should be at least approximately iid. The Ljung-Box Q-test (LBQ) provides a quantitative way 

to test for autocorrelation, jointly at multiple lags. The null hypothesis for the LBQ-test is that 

the first m autocorrelations are jointly zero, which is formally represented as 

𝐻0: 𝜌1 = 𝜌2 = ⋯ = 𝜌𝑚 = 0     (24) 

Furthermore, the LBQ test statistic is defined as 

𝑄(𝑚) = 𝑁(𝑁 + 2)∑
�̂�ℎ
2

𝑁−ℎ

𝑚
ℎ=1      (25) 

Under the null hypothesis, 𝑄(𝑚) follows a 𝜒𝑚
2 -distribution. The LBQ test can also be 

performed on the squared residuals in order to check for conditional heteroscedasticity, also 

known as ARCH effects. In order to test for ARCH effects, the LBQ test statistic 𝑄(𝑚) is 

applied to the series of squared residuals. The null hypothesis of this test is that the first m 

lags of the autocorrelation function for the series of squared residuals are zero (Tsay 2014).  

The choice of m affects the test performance. If N is the length of the series, choosing 

𝑚 ≈ ln (𝑁) is recommended for power (Tsay 2014). In our case, 𝑁 = 1000, which indicates 

that the first 7 lags (ln(1000) ≈ 7 = 𝑚) should be included to maximize power of the Ljung-

Box test. 
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7.2. Additional tables 
 

Table 13. p-values for the Ljung-Box tests of the losses and squared losses, respectively 

Asset Losses Squared losses 

ATW 1.366e-11 < 2.2e-16 

TSO 2.538e-04 < 2.2e-16 

CVX 2.171e-11 < 2.2e-16 

RDWR 0.8406 1.209e-03 

IT 3.973e-04 < 2.2e-16 

AAPL 0.1121 < 2.2e-16 

LCI 0.02988 1.262e-11 

AKRX 0.01006 < 2.2e-16 

JNJ 1.366e-11 < 2.2e-16 

 

Table 14. p-values for the Ljung-Box tests of the residuals and squared residuals, respectively 

Asset Standardized residuals Squared standardized 

residuals 

ATW 0.9029 0.5875 

TSO 0.9473 0.1973 

CVX 0.7573 0.2965 

RDWR 0.1373 0.6129 

IT 0.3164 1.00 

AAPL 0.5149 0.9622 

LCI 0.2867 1.00 

AKRX 0.5482 0.6216 

JNJ 0.6224 0.7505 
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Table 15. p-values for the Christoffersen test of independence for the 99% VaR. Bold entries 
denotes significance at the 5%-level. 

 Data 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒏 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW         

TSO         

CVX   0,017      

Te
ch

 RDWR 0,461  0,223 0,189 0,257  0,323 0,387 

IT 0,340  0,093  0,431  0,428  

AAPL         

P
h

ar
m

a LCI 0,001 0,069 0,005 0,387 0,059 0,065 0,071 0,343 

AKRX 0,000 0,281 0,000  0,169 0,169 0,279 0,312 

JNJ 0,000  0,000      
 

 

Table 16. p-values for the Christoffersen test of independence for the 99,5% VaR. Bold entries 
denotes significance at the 5%-level. 

 Data 𝑮𝒏 𝑮𝒕 𝐄𝒏 𝐄𝒏 𝑮𝒏
𝑺  𝑮𝒕

𝑺 𝐄𝒏
𝑺  𝐄𝒕

𝑺 

O
il 

ATW         

TSO         

CVX         

Te
ch

 RDWR 0,133  0,005  0,133  0,109 0,135 

IT 0,009  0,000      

AAPL         

P
h

ar
m

a LCI 0,000  0,000   0,131  0,055 

AKRX 0,000        

JNJ 0,000        

 

In Table 15 and 16, respectively, some squares have intentionally been left blank. This is due 

to the fact that if there are no consecutive exceedances of the VaR, the test statistic applied by 

the Christoffersen test does not return anything, i.e. it is not defined for this scenario. As the 

confidence level increases, there are fewer and fewer exceedances expected at all, and thus it 

follows that there might be series and model specifications completely without consecutive 

exceedances. These instances correspond to the blank squares in Tables 15 and 16.  


