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Abstract 
In this study some of the most commonly used methods by banks when 

estimating the Value-at-risk (VaR) is evaluated. To find the best models for 

estimating the VaR, the performance of these methods is assessed on the basis 

of Kupiec’s unconditional coverage test of statistical accuracy. Data from four 

world indexes over an 8-year period are used in the calculations. I find that 

the more newly developed methods; Filtered Historical Simulation and 

Volatility-Weighted Historical Simulation provide the most accurate 

estimates. Further, estimates using GARCH volatility seem to have provided 

better estimates than EWMA.  
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1. Introduction 

 
Trade with financial instruments is associated with financial risk. Financial 

risk is an umbrella term for multiple categories of risk such as credit risk, 

liquidity risk, operational risk and market risk. One of the fundamental tiers 

of financial risk is the market risk, which is the risk due to factors that impact 

the overall performance of the market as a whole. These factors can for 

example be recessions, natural disasters or monetary policy (Dowd, 1998).   

 

Market risk exposure is an important assignment for financial institutions to 

evaluate. This evaluation can be used as a preventative measure for avoiding 

substantial financial disasters such as Orange County, Metallgesellschaft and 

Kashima Oil experienced in the mid 90s due to deficient risk management. A 

potential way of measuring the risk is to examine losses occurring when the 

price of the assets decline, which can be done using Value-at-risk (VaR) 

measures.  

 

The Basel Committee on Banking Supervision (BCBS) is a committee of 

banking supervisory authorities that was founded by central bank governors. 

The BCBS reached an agreement called the Basel accords, regarding 

recommendations on banking regulations with the objective of assuring that 

financial institutions are able to meet certain regulatory requirements and are 

able to cover unexpected losses. Since then, the BCBS has proposed the use of 

VaR when assessing the market risk exposure (Basel Committee, 2006). By 
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virtue of these requirements, VaR has become a widely used tool for financial 

institutions.  

 

Despite its wide use, many have debated the validity of VaR. Hoppe (1998) 

and Taleb (1997) criticized the exertion of statistical and mathematical 

assumptions on reality, which can lead to considerable errors. Further, Taleb 

(1997) argued that if everyone uses VaR, hedging behavior can make 

uncorrelated risks highly correlated and institutions will bear larger risk than 

what their VaR model might imply. Beder (1995) argued that different VaR 

methods give different estimates, which begs the question of which VaR model 

is the most legitimate. Furthermore, Marshall & Seigel (1997) discussed issues 

of implementation. The authors show that even theoretically similar models 

can give very different estimates depending on how the model has been 

implemented. Ju & Pearson (1999) and Taleb (1997) identified the possibility 

of exploits, namely that traders will have incentives to pursuit positions where 

risk is under- or overestimated by VaR, making the VaR biased downwards. 

Basak & Shapiro (2001) and Danielsson (2001) argued that regulatory 

constraints could induce banks to bear greater risk. The authors assert that a 

VaR limit could encourage risk managers to protect themselves from smaller 

losses but not against large ones. VaR is also criticized on the basis of that it 

does not provide the risk manager with the magnitude of the loss. As of now, 

there are a couple of alternative methods to VaR such as Expected Shortfall 

and CVaR, however VaR still remains as the global risk standard (Basel 

Committee, 2006).  

 

VaR can be defined as the worst loss over a certain time period that will not 

be exceeded within a given level of confidence (Jorion, 2001). Namely, what is 
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the worst loss I will suffer over some time horizon, given a certain confidence 

level? 

 

The BCBS recommend calculating VaR with a 99% confidence interval, a 10-

day horizon and with at least one year of historical data.  

 

Since its introduction, the literature around VaR has grown and several 

alternative methodologies as well as new modeling approaches have been 

suggested in an attempt to improve existing models (Jorion, 2001). There are 

several ways of estimating the VaR and these are generally divided into three 

basic approaches; parametric methods, nonparametric methods and semi-

parametric methods. 

 

Parametric methods are based on the assumption that the distribution of 

returns stems from the parametric offspring (e.g. the normal distribution). 

Parametric methods involve the estimation of parameters rather than reading 

off the quantiles of the empirical distribution (Jorion, 2001). Two examples of 

parametric methods are the variance-covariance method and the Riskmetrics 

approach. Nonparametric methods make no distributional assumptions of the 

returns, unlike its parametric counterpart. In the nonparametric approach, 

historical data is used to forecast the risk in the future. Here, it is assumed 

that the past is similar to the near future in order to enable forecasting. The 

most common nonparametric method is Historical Simulation. Semi-

parametric methods are essentially combinations between parametric- and 

nonparametric methods. There are several different semi-parametric methods 

such as Monte Carlo Simulation, Filtered Historical Simulation and Volatility-

Weighted Historical Simulation. Although the pure essence of the concept of 
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VaR is simple, its methods are not. The constant unfolding of additional 

methodologies is growing increasingly complex.   

 

As risk management reports show, VaR is widely used by financial 

institutions when aiming to quantify the risk exposure. In a survey conducted 

by McKinsey in 2012, they found that 85% of banks worldwide were using 

Historical Simulation when estimating VaR (Mckinsey, 2012). Further, the 

four biggest banks in Sweden (SEB, Nordea, Swedbank and Handelsbanken) 

all primarily use historical simulation as well as complementary methods when 

estimating VaR (SEB, 2015; Nordea, 2015; Swedbank, 2015; Handelsbanken, 

2015). Perignon & Smith (2006) conducted a survey of 60 US, Canadian and a 

couple of large international banks between the years 1996 through 2005, 

where they found that 73% of all banks used Historical Simulation as their 

standard model when estimating VaR. Further, a report of 30 Indian banks in 

2010 showed that 67% of the banks used Historical Simulation. Finally, Bank 

of England (2015) revealed that they use Historical Simulation when 

quantifying their market risk exposure. 

 

The purpose of this study is to evaluate some of the most commonly used 

methods by banks when estimating VaR. These methods will be compared to 

each other in terms of how well they estimate VaR and they will be assessed 

on the basis of Kupiec’s (1995) unconditional coverage test of VaR accuracy. 

The methods that will be examined in this study are the Riskmetrics 

approach, Historical Simulation and two semi-parametric modifications of 

Historical Simulation; Volatility-Weighted Historical Simulation and Filtered 

Historical Simulation. 
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Due to limited research time, the Riskmetrics approach introduced by J.P 

Morgan (1996) will be used as well as the widely used Historical Simulation 

method. As the specifics of the approaches are not revealed in most risk 

management reports, two newly developed semi-parametric modifications of 

Historical Simulation will be used. These two methods are two of the most 

frequently discussed methods in the current literature; Volatility-Weighted 

Historical Simulation method and Filtered Historical Simulation. Further, due 

to the time limit, in cases where distributional assumptions are made the 

normal distribution will be used.  

 

There are a couple of methods to measure the accuracy of the VaR method 

such as the unconditional coverage test, the conditional coverage test and the 

Dynamic Quantile test. However, because of the time limit I will only use the 

unconditional coverage test (for other studies where this measure has been 

exclusively used, see Nozari, 2010 and Angelidis et al., 2007). 

 

This paper is structured as follows; section 2 describes the different VaR 

methods as well as previous research regarding those methods. Then, the test 

of statistical accuracy is presented. Section 3 provides a presentation of the 

data. In section 4 the empirical results are analyzed, section 5 provides a 

discussion of the findings and some concluding remarks.  

 

2. Methods of estimating VaR 
More formally, VaR characterizes the quantile of the distribution of returns 

over a certain time period. Let 𝑟!  denote independent and identically 

distributed random variables (asset returns) of the asset at time t and where 

𝐹(𝑟) denote the cumulative distribution function of returns conditional on the 
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information set 𝛺!!!  observed at time t-1. Then it follows that, 𝐹 𝑟 =

𝑃𝑟𝑜𝑏(𝑟𝑡 < 𝑟|𝛺!!!).  Assume now that 𝑟! follows a stochastic process such that 

𝑟! = 𝜇 + 𝜀!, where 𝜇 is the mean and 𝜀! is the error term at time t and where 

𝜀! = 𝑧!𝜎! , 𝑧!~𝑖𝑖𝑑(0,1). Then, let the variance be defined as 𝜎!! = 𝔼(𝑧!!|𝛺!!!) 

where z has the conditional distribution function G(z) and where 𝐺 𝑧 =

𝑃𝑟𝑜𝑏(𝑧! < 𝑧|𝛺!!!  ) . The VaR with probability 𝛼  is then defined as the α 

quantile of the probability distribution of asset returns: 𝐹 𝑉𝑎𝑅 𝛼 =

𝑃𝑟𝑜𝑏 𝑟   < 𝑉𝑎𝑅 𝛼 = 𝛼. The quantile can then be estimated by inverting the 

distribution function F   (𝑟)  or by inverting the distribution function of 

innovations with respect to G(z) where we also would need to estimate the 

variance 𝜎!! (Abad et al. 2014). Finally, VaR can be expressed as; 

 

VaR 𝛼 = 𝐹!! 𝛼 = 𝜇 + 𝜎!𝐺!!(𝛼)  (1) 

 

We now see that the elements needed to be estimated in order to calculate 

VaR is F(r) or G(z). As illustrated in Figure 1 below, Var(α) is defined as the 

α-quantile of the returns distribution.  

 

 

 

 

 

 

 

 

 

 

Figure 1. VaR(α) of a fictive returns distribution. 
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In the remaining part of this section, the following concepts will be defined; 

the volatility models used in the study, the models used to estimate VaR 

along with previous research regarding these models and the VaR accuracy 

test.  

 

2.1 Volatility Models 

To capture various characteristics and to measure the uncertainty of the 

variation over time between asset prices, different volatility models can be 

used. There are various categories of volatility models such as models based 

on historical volatility, GARCH/ARCH models and stochastic volatility. 

Before the VaR methods are presented, it is instructive to briefly describe two 

frequently used volatility models that will be used in the study. 

 

2.1.1 Exponentially Weighted Moving Average (EWMA) 

 

A common model for volatility based on historical data is the Exponentially 

Weighted Moving Average (EWMA). The idea with moving averages on time 

series data is to “smooth out” short-term fluctuations and put more weight on 

the long-term trends. EWMA differs from simple moving average models in 

the sense that it applies weighting factors that decreases exponentially. This 

model is used in the Riskmetrics approach.  The EWMA model captures the 

empirically observed nonlinear properties of the volatility such as clustering 

by providing volatility that is more biased towards recent data. However, 

EWMA does not capture properties such as asymmetry (i.e. volatility 

clustering) and the leverage effect of returns (Black, 1976). To estimate the 

variance, I will use the specification of EWMA as specified by Morgan (1996); 
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𝜎!! = (1− 𝜆) 𝜆! 𝑟! − 𝑟 !!!!
!!!  (2) 

 

Where 𝑟! denotes the return of the asset at time t and 𝑟 is the mean return. 

Since daily data is used in the study 𝑟  is assumed to be zero. Further, 

0 ≤ 𝜆 ≤ 1 is the decay factor (also called the “smoothening” parameter). The 

value of λ depends on the desired behavior, where a higher 𝜆 gives smoother 

estimates. Morgan (1996) recommends using 𝜆 = 0,94  and this value will 

therefore be used in the study. The EWMA is an improvement of simple 

volatility as it applies more weight to more recent observations causing the 

factors to decrease exponentially.  

 

2.1.2 Generalized Autoregressive Conditional Heteroskedasticity 

(GARCH) 

 

Engle (1982) found evidence of cluster effects in time series data implying 

heteroskedasticity, where the previous disturbance depends on the variance of 

the predicted error. He proposed the autoregressive conditional 

heteroskedasticity model (ARCH), which has been proven useful when 

studying financial return data because it assumes that the volatility varies 

over time instead of being constant (Engle, 1982). Bollerslev (1986) extended 

Engle’s model by introducing the generalized ARCH model (GARCH). This 

model assumes that the volatility varies with time rather than being fixed.  

Since the introduction of these models, billowing volumes of modifications 

(e.g. FIEGARCH, EGARCH, TGARCH, GJS-GARCH etc.) have been 

suggested to accommodate for various properties of asset returns.  
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The general GARCH(p, q) model is expressed as follows, 

σ!! = α! + α!

!

!!!

ε!!!! + β!σ!!!!

!

!!!

                (3) 

where the variance σ!! is a function of return and the conditional variance 

from the previous period ε!!!! , σ!!!!  and its parameters α!, α! and β!. Further, p 

is the number of lags of the previous conditional variances that constitute the 

autoregressive component and q is the number of lags of the previous squared 

innovations that constitute the moving average component.  

 

Setting p=q=1 produces the widely used GARCH(1, 1) model 

 

                𝜎!! = 𝛼! + 𝛼!𝜀!!!! + 𝛽!𝜎!!!!                             (4) 

 

Here, 𝛼 + 𝛽 < 1  and all elements must be non-negative. This produces a 

stationary process because the variance, covariance and the mean are finite 

and constant over time (Bollerslev, 1986). The volatility 𝜎!! is a function of 

the return and the conditional variance from the preceding period t-1.  

 

Now the variance models have been introduced. This section will continue 

with presenting the VaR methods used in the study. 

 

2.2 Parametric Method 

 

One of the first parametric approaches to estimate VaR was Riskmetrics, 

which was introduced by Morgan (1996). The idea was to implement a 

method to improve transparency and making it a benchmark method. This 

approach was at this time the standard method to measure the risk exposure 

at J.P Morgan & Co.  This method is based on the assumption that assets are 



	  10	  

normally distributed, from which the VaR is calculated. However, this method 

has been heavily criticized due to the empirically proven non-normality of 

asset returns. Empirical evidence rather suggests that asset returns exhibit 

large degrees of kurtosis and skewness, which is not consistent with the 

symmetric properties of a normal distribution. (see Fama, 1965; Campbell et 

al, 1996; Bollerslev, 1987).  The Riskmetrics method (and parametric methods 

in general), also rely on the assumption that asset returns are independent 

and identically distributed. By fitting probability curves to the data the VaR 

can be estimated. In the case of the Riskmetrics approach, the conditional 

volatility of the returns is estimated through Exponentially Weighted Moving 

Average model (EWMA). 

 

This model assumes that asset returns follow a normal distribution. Recall 

that under a given 1− 𝛼 confidence level, the VaR is calculated as follows, 

 

VaR 𝛼 =   𝜇 + 𝜎!𝐺!!(𝛼)  (5) 

 

where 𝜇 is the mean, 𝜎𝒕 denotes the standard deviation of the asset at time t, 

𝐺!!(𝛼) is the α quantile of the standard normal distribution. To estimate the 

standard deviation 𝜎!, Morgan (1996) uses the specification of EWMA as in 

(2) 

Bao et al. (2006) investigated the predictive capacity of several VaR models 

such as Extreme Value Theory, Monte Carlo simulation, Riskmetrics, Filtered 

Historical Simulation and Historical Simulation for Asian economies during 

the financial crisis in the 90s. The authors found that Riskmetrics and 

Extreme Value Theory provided successful estimates, whereas Monte Carlo 

simulation and the other methods provided poor estimates. However, the 

common conception regarding VaR methodologies is that the parametric 
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approach is inferior to other VaR methods (see Gerlach et al. 2011; Polanski 

& Stoja, 2010; Danielsson & Devries, 2000).  

 

2.3 Nonparametric Methods 

 

Nonparametric methods such as the widely used Historical Simulation 

method, estimates VaR without making any distributional assumptions of 

asset returns. The nonparametric methods are based on the assumption that 

the asset returns in the near future are adequately similar to the historical, 

which then allows us to estimate VaR using historical data.  

 

Historical Simulation is a very easily implemented method. First, the return 

series is generated from the data. Then the returns are ordered by magnitude, 

from which the VaR is calculated at the given 1− 𝛼   confidence level. Thus, 

VaR(𝛼) is the 𝛼 quantile of the empirical distribution. Figure 2 illustrates the 

VaR(𝜶) using a 99% percent confidence level of the NIKKEI index during the 

data period. 

 

 

 

 

 

 

 

 

 

Figure 2. HS at 99% confidence interval of NIKKEI 
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Due to the absence of distributional assumptions, nonparametric methods 

allow for features such as skewness, kurtosis and other characteristics in asset 

returns (Beder, 1995). A drawback of Historical Simulation is that it produces 

VaR estimates at discrete confidence intervals, determined by the data set. 

Meaning that if we would choose a 95% confidence interval and our data set 

would consist of 1000 observations, the VaR is given by the 50th largest loss 

and if we then would choose a 95.1% confidence interval we have no loss 

observation to calculate VaR. On the other hand, the advantages of this 

method are the simplicity of implementation and that the model can account 

for kurtosis, skewness and other properties of asset returns (Down, 2002). 

 

Beder (1995) compared estimated VaR for three portfolios consisting of U.S 

treasury strips, S&P 500 equity index contracts and a mixture between them. 

The author evaluated different computational modifications of the 

Riskmetrics, Monte Carlo and the Historical Simulation approaches. Beder 

(1995) emphasizes that his results were precarious, that the results from the 

different methodologies depend on the underlying assumptions of the model 

and that the pattern of the differences were rather unclear. He concluded that 

Historical Simulation preformed equally well as the other methods in the 

study. Hendricks (1996) evaluated twelve modifications of early VaR methods 

such as the variance-covariance method and Historical Simulation with 

different holding periods on linear currency portfolios. His results were in line 

with Beder (1995).  In more recent studies, Historical Simulation has been 

proven to provide inaccurate estimates of VaR. Ashley & Randal (2009), 

Trenca (2009) and Abad & Benito (2013) found that other VaR 

methodologies such as the more recently developed e.g. Extreme Value Theory 

and FHS generated superior estimates compared to Historical Simulation. 
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2.4 Semi-parametric Methods 

 

2.4.1 Volatility-Weighted Historical Simulation 

 

Hull & White (1998) proposed Volatility-Weighted Historical Simulation 

(VWHS). VWHS allows for different volatility models in Historical 

Simulation, since the latter method does not account for recent volatility.  

The concept of VWHS is to include recent changes in volatility to the return 

series. This approach generates risk estimates that are sensitive to current 

volatility estimates.  

 

Here the return series needs to be updated with the recent volatility as 

follows, 

 

𝑟! =
!!!!
!!

  (6) 

 

where 𝑟! is the updated return of the asset at time t, 𝑟! is the return of th 

asset  at time t, 𝜎! is the forecasted volatility (using GARCH or EWMA) of 

the asset for any day t made at time t-1. Further, 𝜎!  is the most recent 

forecasted volatility (using GARCH/EWMA) made at time T where 

t=1,2…T. Here, VaR(𝛼) is the 𝛼 quantile of the empirical distribution of our 

volatility adjusted returns (Hull & White, 1998).  

 

Miazhynskaia & Aussenegg (2005) compared parametric and non-parametric 

VaR models where they found that VWHS performed better than parametric 
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methods as well as basic Historical Simulation. Zikovic & Aktan (2011) also 

found that it did a better job estimating VaR than basic Historical 

Simulation. Further, Zikovic & Aktan (2011) estimated the VaR of 7 world 

indexes and two commodities over a 6-year period using VWHS and EWMA. 

The approach provided accurate VaR estimates for 5 out of 9 instruments. 

However, overall Zikovic & Aktan (2011) concluded that the model did not 

accurately estimate VaR 

 

2.4.2 Filtered Historical Simulation 

 

Barone-Adesi et al. (1999) introduced Filtered Historical Simulation (FHS). 

This method incorporates the properties of Historical Simulation with the 

resilience of conditional volatility models. The idea behind this method is to 

standardize the return series with a conditional volatility model. Then, 

bootstrapping draws are made from the standardized returns and then 

multiplied with one-day ahead forecasted volatility.  

 

The first step in this method is to fit a conditional volatility to the return 

series. Then the return series from the historical data is generated using 

formula (13). Further, the returns are standardized and by dividing each with 

the analogous volatility as follows, 

 

𝑧! =
!!
!!

  (7) 

 

where 𝑟! is the return at time t and 𝜎! is the standard deviation at time t. In 

order to be sufficient for Historical Simulation, the standardized returns 

should be independent and identically distributed. Further, these standardized 
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returns are bootstrapped, i.e. a number of N random draws are made from the 

sample of standardized returns. Then each random drawing is multiplied with 

the forecasted 1-day ahead volatility as follows, 

 

𝑟! = 𝜇 + 𝑧∗𝜎!!! (8) 

where 𝑟!  is the return at time t, 𝜇  is the mean, 𝑧∗  is the simulated 

standardized return and 𝜎!!! is the volatility at time t+i. Then, VaR(𝛼) is the 

𝛼% quantile of the distribution of simulated returns. 

 

There have been numerous studies over the years comparing VaR-

methodologies covering the semi-parametric methods. Barone-Adesi et al. 

(2002) examined the performance of FHS backtested on derivative portfolios 

where they concluded that FHS is an effective and accurate measure of VaR. 

Other similar studies coinciding with this result are Pritsker (2001), Zenti & 

Palotta (2001) and Giannopoulos & Tunaru (2005). Nozari et al. (2010) 

compared the relative performance FHS with the Extreme Value Theory 

method on emerging market financial series where they found that FHS did 

not perform well compared to Extreme Value Theory when estimating VaR. 

Alonso & Arcos (2005) studied different VaR methodologies such as FHS and 

basic HS of seven representative portfolios for seven Latin-American countries, 

where no method surpassed the other in estimating VaR. Zikovic & Aktan 

(2009), Angelidis et al. (2007) and Kuester et al. (2006) however found that 

FHS performs best in estimating VaR compared to other methods. Abad et al. 

(2014) conducted an extensive study of VaR methodologies where they also 

conclude that FHS seem to be one of the best methods. 
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2.5 Evaluation Framework 

 

To test the accuracy of the VaR methods, an exceptions indicator ought to be 

defined (Abad et al. 2014), 

 

𝐼! =   
1        𝑖𝑓  𝑟!         < −𝑉𝑎𝑅(𝛼)
0        𝑖𝑓  𝑟!       > −𝑉𝑎𝑅(𝛼)   (9) 

 

where 𝑟! is the return at time t and VaR(𝛼) is the VaR forecast at time t.  

 

Kupiec (1995) proposed an unconditional coverage test (also called the 

Proportion of Failures test, POF) that examines whether the empirical level 

of exceptions are statistically significant. Kupiec (1995) assumes that the 

probability of an exception is constant and the number of exceptions follows a 

binomial distribution. If the VaR forecast covers the true loss, 𝐼! is zero and it 

takes the value 1 if it exceeds the true loss. More formally, if the number of 

VaR exceptions (𝛼 x 100%) is equal to the expected number of exceptions (𝛼 

x 100%) 𝐼𝒕 is zero whereas if they differ greatly, 𝐼! takes the value 1. The 

number of expected exceptions will be given by the number of observations 

and the confidence level. For example, if we have 100 observations and our 

confidence level is 99%, the number expected exceptions will be 2.  

 

Then, an accurate VaR (𝛼)  measure produces an unconditional coverage 

statistic expressed as, 

 

𝛼 = !
!

𝐼!!
!!!                (10) 
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Where N represents the number of observations. The null hypothesis of the 

test is 𝛼 = 𝛼. The test has the likelihood statistic, 

 

𝐿𝑅!" = 2[𝑙𝑜𝑔 𝛼! 1− 𝛼 !!! − 𝑙𝑜𝑔 𝛼! 1− 𝛼 !!! ] (12) 

 

where N is the number of observations and x is the number of exceptions. The 

test statistic follows a 𝜒𝟐 distribution with one degree of freedom. In essence, 

we are simply “rejecting” and “accepting” models. More formally, if the 

number of exceptions is close to the number of expected exceptions we fail to 

reject the model and trust that the model provides accurate VaR estimates.  

 

3. Data 

 

The data used in this study are daily price series from representative indexes 

from four large markets, namely; DAX (Germany), S&P 500 (USA), OMXS30 

(Sweden) and NIKKEI (Japan) over the period 2007/01/01 to 2015/12/31. 

The data period accommodates for stable periods and more volatile periods 

such as the crisis in the latter part of the 2000s. The data was collected from 

Thomson Reuters Datastream. All tests and methods were computed using 

the statistical programming software R.  

 

Most commonly, returns are calculated arithmetically or geometrically. Jorion 

(2001) argues that the most favorable way to calculate the return series is 

geometrically since they may be more economically meaningful than 

arithmetic returns since normally distributed arithmetic returns could produce 

negative asset prices. Therefore, I will use geometric returns as follows, 
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                𝑟! = 𝑙𝑛
𝑃!
𝑃!!!

                                            (13) 

 

where 𝑟! is the return of the asset at time t, 𝑃! is the price of the asset at time 

t and 𝑃!!! is the price of the asset at time t-1.  

 

3.1 Return series analysis 

 

The price index and the returns for S&P 500 during the period 2007/01/01 to 

2015/12/31 are presented in Figure 3 and 4. As the Figures illustrates, the 

end of 2007 shows considerable fluctuations, possibly arising as a consequence 

of the global financial crisis. The volatility around 2008 is particularly high, 

coinciding with the bankruptcy of Lehman brothers. Further, in the latter 

part of 2009 we see a short period of stability followed by a volatile period 

around the year 2011 and then stabilizing in 2013 to 2015. Similar patterns 

are evident in all indexes and their corresponding price series.  
 

 
 

 

 

 

 

 

 

 

 

 
Figure 3. S&P 500  returns 
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In Table 1 some descriptive statistics for the return series are presented. All 

four indexes seem to experience significant negative skewness, which indicates 

that the distribution of returns is skewed to the left. This characteristic is well 

documented in empirical studies of financial returns such as Peiro (1999), 

Bollerslev (1987) and Campbell et al. (1996).  As discussed by Bollerslev 

(1987), the returns also seem to exhibit excessive kurtosis. This indicates that 

the distributions have fat tails and experience significant peakness, as Table 1 

and Figure 5 show.  The skewness and kurtosis will ergo induce the predicted 

losses by the normal distribution to be much lower than the actual losses 

(Abad et al., 2014). 
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Figure 4. S&P 500 price index  
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Index    Sample size Mean Std     Skewness     Kurtosis  Jarque-Bera      Box-Ljung 

S&P500    2,066       0.003    0.014    -0.31         9.49       7454(0.0) 18.1(0.0) 

OMXS30  2,268       0.009     0.015   -0.49          4.18      1657(0.0)         3.44(0.06) 

NIKKEI   2,219       0.004     0.016   -1,39          7.80      5700(0.0)         4.73(0.02) 

DAX        2,295      0.002     0.015   -0.064         5.63      3400(0.0)         0.02(0.87) 

Table 1. Descriptive statistics for return series. The values inside the parenthesis represent 

the p-values for the tests. 

 

The Jarque-Bera test of normality depicted in Table 1 show significantly high 

test-statistic values for all four indexes. This tests the null hypothesis that the 

return series follow a normal distribution. The p-values for the tests were 

significant at a 99% confidence level and the statistic values largely exceeded 
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Figure 5. Histogram of S&P500 with normal curve 
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the critical values, implying that the null hypothesis can be rejected for all 

four indexes. To further investigate the normality of the return series we can 

also examine the quantile-quantile plot (Figure 6) below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In the QQ-plot the returns are plotted against a normal curve. The plot 

illustrates extreme tail behavior as discussed above, suggesting that the return 

data of OMXS30 has significantly fatter tails than a normal distribution. This 

behavior also appears in the other indexes. Moreover, comparing the normal 

curve with the return data in the QQ-plot it is evident that the returns do 

not quite seem to follow a normal distribution, coinciding with Jarque-Bera 

test in Table 1. 

 

The Box-Ljung test for autocorrelation presented in Table 1 shows that the 

OMXS30 and DAX indexes seem to have autocorrelation in their data sets. 

However, OMXS30 has a significant test statistic at a 90% confidence level, 

Figure 6. Normal QQ-plot for OMXS30 
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but exceeds the critical value for a 95% and 99% level. The test is significant 

at all levels for the S&P500 index, with an extremely low p-value close to 

zero. Further, the Box-Ljung test for NIKKEI is significant at 90% and 95% 

but not at a 99% percent confidence level. However, the test is examined at a 

95% percent confidence level, implying that OMXS30 and DAX both 

experience autocorrelation, which induces that the return series for the two 

indices are not independent and identically distributed whereas the null 

hypothesis of autocorrelation cannot be rejected for S&P500 and NIKKEI. 

 

4. Results & Analysis 

In this section the results are presented along with an analysis of the findings. 

First, the result from the parametric approach is discussed followed by the 

non-parametric approach and the semi-parametric approach. 

 

4.1 Parametric Method 

As depicted in Table 2 the VaR estimates using the parametric approach by 

Riskmetrics is around three percent for all indexes. This implies, as defined by 

Jorion (2001), that the worst loss will not exceed 3 percent at a probability of 

0.01 over the given period. We can see that the actual number of exceptions 

all significantly exceeds the number of expected exceptions. Hence in all cases, 

we reject the null hypothesis of the unconditional coverage test and conclude 

that this model does not accurately estimate VaR.   

 

 

 

 



	  23	  

 S&P500  OMXS30  DAX  NIKKEI 

VaR(0.01)     -0.0313            -0.0351               -0.0355          -0.0386 

Excep.   43(20)                    38(20)               35(20)           39(20) 

LRuc  20.09             11.78          8.32              13.04 

P-value  0.0**     0.0005**         0.039             0.0004**  

Table 2. Descriptive statistics for VaR calculations.  
VaR(0.01) is the estimated VaR at 𝜶=0.01 level. Excep is the number of exceptions with the 
number of expected exceptions in parenthesis. 𝑳𝑹𝑼𝑪  is the unconditional coverage test 
statistic (13) with the p-value for the test stated below. *,**, indicates a significant test at 
95% and 99%. 
 

Relating back to the literature, one of the major drawbacks of the parametric 

approach is the assumption that returns are independent and identically 

distributed, which is empirically proven not to be true in studies such as 

Hansen (1994), Brooks et al. (2005) and Jondeau & Rockinger (2003). As we 

saw earlier in Table 1, the Box-Ljung test detected autocorrelation in at least 

two of the samples.  Further, another widely discussed drawback is the 

normality assumption. In Table 1, Figure 2 and Figure 6 we saw that the 

return series seemed to be suffering from heavy tails and excessive kurtosis. 

The QQ-plot illustrated non-normal distributional patterns, supported by the 

Jarque-Bera scores. The negative skewness and large kurtosis is contradictory 

to the symmetric property of the normal distribution. Pafka & Kondor (2001) 

describes the normality assumption of returns as simply “unrealistic”, as this 

prompts underestimation of VaR since the normal distribution does not 

consider fat tails. At a 95% level of confidence, the impact of the tails is lesser 

of a problem. However, calculating VaR at 99% level of confidence will cause 

this method to underestimate the risk. Pafka & Kondor (2001) argue that 

even though the assumptions might be oversimplified, its limitations can be 

conquered with adequate knowledge. Moreover, Chen et al. (2011), Abad & 

Benito (2013) and Huang & Lin (2004) all found that the EWMA model is 
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inferior to other variance models. They found that the model provide 

inaccurate VaR estimates since EMWA does not capture asymmetry and the 

leverage effect in returns.  

4.2 Non-parametric methods 

The estimated VaR using Historical Simulation is quite similar for three of 

the indexes, where the biggest difference is between S&P500 and NIKKEI. 

The biggest potential loss for S&P500 will not exceed 2,23% for the holding 

period given the confidence level of 99%, whereas the largest potential loss for 

NIKKEI will not exceed 4,9%. We interpret the VaR estimates for OMS30 

and DAX equivalently (see Table 3) 

 

 S&P500  OMXS30  DAX  NIKKEI 

VaR(𝛼)        -0.0223            -0.044                -0.048                -0.049 

Excep.  51(20)                     29(20)                36(20)               30(20) 

LRuc   28.02              3.43           9.20                   6.05 

P-value   0.01* *     0.04*          0.17                  0.23  

Table 3. Descriptive statistics for VaR calculations using Historical Simulation.  
VaR(0.01) is the estimated VaR at 𝛼=0.01 level. Excep is the number of exceptions with the 
number of expected exceptions in parenthesis. 𝐿𝑅!" is the unconditional coverage test statistic 
(13) with the p-value for the test stated below. *,**, indicates a significant test at 95% and 
99%. 
 

The number of exceptions for S&P500 notably exceeded the expected number 

of exceptions. The Model test for S&P500 is significant at both at 𝛼=0.01 and 

0.05, which tells us that we have empirical evidence that this model does not 

accurately estimate VaR. The test for OMXS30 is significant at 𝛼=0.05, and 

the number of exceptions is fairly close to the expected number of exceptions. 

Hence, we do not have evidence to reject the null hypothesis, which implies 

that in this case we cannot say that the method estimates VaR inaccurately.  
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As discussed earlier, there are many disadvantages associated with the 

Historical Simulation method. Down (2002) characterizes the main 

disadvantage being that this method is completely dependent upon the data 

set. Namely, that if the data period is very stable this method will 

underestimate VaR and it will overestimate VaR if the data period is highly 

volatile. The data set used in this study contains both volatile and stable 

periods, where we saw that in only one of the cases the VaR estimate was 

accurate. Down (2002) also argues that Historical Simulation provides 

inaccurate estimates if the data period is short and that the method is slow to 

reflect major events on the markets.  Several studies have shown that 

Historical Simulation provides poor VaR estimates in comparison to other 

methods such as semi-parametric methods (see Abad & Benito, 2013; 

Angelidis et al., 2007; Danielsson & Devries, 2000). 

  

4.3 Semi-parametric methods 

4.3.1 Volatility-Weighted Historical Simulation (VWHS) 

In Table 4 below, the VaR estimates from VWHS using EWMA are 

presented. The VaR estimates are slightly lower for all indexes compared to 

basic Historical Simulation.  Both S&P500 and DAX show insignificant p-

values for the unconditional coverage test, implying that EMWA generated 

accurate estimates for these two indexes in this case. The null hypothesis was 

however, rejected for OMXS30 and NIKKEI.  

 
As Hull & White (1998) proposed, the model combines the simplicity of 

Historical Simulation with variance models. In this case, the returns have 

been weighted with more recent volatility from the EWMA variance model.  

As discussed previously, EWMA does accommodate for some of the common 



	  26	  

characteristics of returns such as clustering but it does not account for the 

leverage effect and asymmetry.  

 

                         S&P500             OMXS30         DAX           NIKKEI 

Panel A: EWMA 

 

VaR                           -0.032          -0.0311  -0.0281   -0.0286 

Excep.              24(20)            38(20)  29(20)  34(20) 

LRuc                0.06            15.78   0.072  13.04 

P-value                         0.15             0.003   0.224  0.02 

 

Panel B: GARCH 

 

VaR            -0.0195           -0.026  -0.027  -0.033 

Excep.             40(20)          25(20)  21(20)  24(20) 

LRuc             25.01                     0.01   0.06            0.08 

P-value              0.0**           0.22                   0.31            0.24 

Table 4. VWHS VaR calculations. EWMA is the exponentially weighted moving average and 
GARCH is the GARCH(1,1) model. VaR is the estimated VaR at 𝜶=0.01 level. Excep is the 
number of exceptions with the number of expected exceptions in parenthesis. LRuc is the 
unconditional coverage test statistic with the p-value for the test stated below. *,**, indicates 
a significant test at 95% and 99%. 
 

As Table 4 also show, VWHS using GARCH(1,1) generated accurate 

estimates for three out of four indexes. We see that S&P500 had the most 

exceptions, and therefore the null hypothesis could be rejected. This volatility 

model seems to have worked better than the EWMA. The benefit of the 

GARCH(1,1) model is that it takes into account that the behavior of the 

volatility is stochastic rather than constant over time. As So & Yu (2006) 

found, the GARCH(1,1) model outperformed the EWMA model in regards to 

VaR estimation. Huang & Lin (2004) also found that GARCH and other 

volatility models provided superior VaR estimates compared to EWMA. 



	  27	  

Comparing the estimates from EWMA and GARCH, we can also see that 

GARCH generated more accurate results than EWMA.  

 

As we see in Table 4, VWHS using EWMA did accurately estimate VaR in 

almost all cases. As Zikovic & Aktan (2011) also found that it generates 

superior estimates to basic Historical Simulation, though it may not have been 

the best model. Further, in line with these results, Miazhynskaia & Aussenegg 

(2005) compared several VaR approaches and found that VWHS 

outperformed the basic Historical Simulation approach and that a GARCH 

model provided slightly better results than EWMA. 

 

4.3.2 Filtered Historical Simulation (FHS) 

 

                            S&P500         OMXS30           DAX         NIKKEI 

Panel A: EWMA 

 

VaR                           -0.039           -0.04  -0.036   -0.049 

Excep.             18(20)           21(20)  19(20)  23(20) 

LRuc               0.36            0.005   0.10  0.09 

P-value                         0.54            0.94   0.62  0.82 

 

Panel B: GARCH 

 

VaR              -0.026           -0.014  -0.028  -0.032 

Excep.               22(20)          20(20)  22(20)  21(20) 

LRuc                0.087            0.02             0.079            0.006 

P-value                 0.76            0.88             0.69             0.92 

Table 5. FHS VaR calculations. EWMA is the exponentially weighted moving average and 
GARCH is the GARCH(1,1) model. VaR is the estimated VaR at 𝜶=0.01 level. Excep is the 
number of exceptions with the number of expected exceptions in parenthesis. LRuc is the 
unconditional coverage test statistic with the p-value for the test stated below.  
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The estimated VaR using GARCH is lower than for EWMA (see Table 5) for 

all indexes. We also see that the actual exceptions are very close to the 

expected amount for both variance models.  In all cases, the null hypothesis 

could not be rejected. This suggests that both variance models are capable of 

accurately estimating VaR when employing the FHS approach, on the basis of 

the unconditional coverage test. Barone-Adesi et al. (2002) found that FHS 

has a tendency of overestimating the VaR for longer periods than in short 

periods, but that the effect could be sample-dependent.  

 

As discussed before there are many disadvantages to the EWMA model and it 

is perceived to be technically inferior to the GARCH model (Abad et al., 

2014). In this study we see that both models accurately estimated VaR, 

however the outcome of EWMA heavily depend on strong assumptions such 

as the choice of the decay factor as well as the assumption that returns are 

independent identically distributed etc.  There are several studies suggesting 

different variations of GARCH models. The GARCH models can be used 

under other distributions such as the t-distribution, whereas EWMA only 

works if assuming a normal distribution. In essence, the GARCH model is 

more flexible than EWMA.  

 

Zikovic & Aktan (2009), Angelidis et al. (2007) and Kuester et al. (2006) 

found that FHS provide the best result when estimating VaR. In this study 

we see that it provides the most consistent results, however it is problematic 

to say that it is superior to any of the other models solely based on the 

unconditional coverage test.  Nozari et al. (2010) concluded that FHS provide 

satisfying results, though it did not outperform any other model. The authors 

argue that the distinguished features of the studied markets require different 
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models to successfully estimate VaR. Though EWMA and GARCH performed 

equally well in the FHS approach, Chen et al. (2011), Abad & Benito (2013) 

and Huang & Lin (2004) all declared EWMA as inferior in comparison to 

GARCH and other variance models as EWMA only works under the 

normality assumption. 

 

 
5. Discussion & Concluding Remarks 
 
The purpose of this study has been to evaluate some of the most common 

methods used by banks when estimating VaR. The results of this study show 

that FHS and VWHS provided more accurate estimates than the Riskmetrics 

approach and Historical Simulation, where FHS slightly outperformed VWHS. 

We also saw that GARCH seemed to model the volatility better than EWMA.  

 

As Mckinsey (2012), Perignon & Smith (2006), Bank of England (2015), SEB 

(2015), Handelsbanken (2015), Swedbank (2015) and Nordea (2015) revealed 

Historical Simulation is a widely used method for financial institutions when 

estimating VaR. Even though the model has obvious shortcomings as well 

documented by Down (2002), the model is still the standard method at many 

financial institutions. Down (2002) describes the main disadvantages with 

Historical Simulation as it being entirely dependent on the data set in the 

sense that it usually underestimates the risk if the period is unusually stable 

and vice versa. Down (2002) also discuss the model’s sluggishness of reflecting 

major events and also that if the data set include highly unusual movements, 

it may dominate the VaR estimates. As we saw in the previous section, 

Historical Simulation did not provide satisfactory results. The model was 

rejected in all cases on the basis of Kupiec’s (1995) unconditional coverage 

test. In line with the results in this study, Historical Simulation has been 
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shown by Ashley & Randall (2009), Trenca (2009) and Abad & Benito (2013) 

to generate inaccurate VaR estimates and is inferior in comparison to more 

recently developed VaR methods. The reason as to why this method 

nevertheless remain a market standard might be its ease of implementation. 

Down (2002) describes the results of the method to be easily reported and 

communicated, which might be another reason to its popularity.  

 

The more sophisticated approaches of Historical Simulation such as VWHS by 

Hull & White (1998) and FHS by Barone-Adesi et al. (1999) provide better 

results than basic Historical Simulation as argued by Down (2002). As the 

risk management reports seldom reveal details of the specified approach the 

banks use, these two approaches might be practiced at some institutions. As 

mentioned, the results of this study coincide with that of Zikovic & Aktan 

(2011) and Miazhynskaia & Aussenegg (2005). 

 

Filtered Historical Simulation generated the best results when modeled with 

both EWMA and GARCH as in line with Zikovic & Aktan (2009), Angelidis 

et al. (2007) and Kuester et al. (2006).  

 

Concerning the Riskmetrics approach by Morgan (1996), it provided 

inaccurate VaR estimates (see Table 2). Gerlach et al. (2001), Polanski & 

Stoja (2010), Danielsson & Devries (2000) and Abad et al. (2014) all found 

that the Riskmetrics approach is inferior to other VaR methods and that it 

provides highly inaccurate VaR estimates. The critique to this model is 

largerly based on its normality assumption regarding asset returns as heavy 

kurtosis and skewness often is exhibited in returns (Bollerslev, 1987; Campbell 

et al., 1996).  
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Although there is no established method that clearly outperforms the other, a 

great part of the literature on VaR estimation seem to point to the more 

recently developed methods. Compelling VaR-methodology studies point 

strongly to models such as FHS as the most accurate model (see Abad et al., 

2014). Regarding the choice of the variance model, the literature point to 

GARCH. As is the case with the VaR models, there is no model perceived as 

superior to others (see Chen et al., 2011; Angelidis et al., 2007; Haas et al., 

2004). However, GARCH models that can account for many different 

properties of returns usually perform better.  

 

For further analysis it would be interesting to expand the research with more 

models such as Extreme Value Theory and a Markow-swhitching model and 

comparing these to the more recently developed complementary method to 

VaR; Expected Shortfall. Additional variance models could be researched as 

well as other distributional assumptions such as the Student’s t-distribution 

that allow for wider tails.  
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