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Abstract 

The deteriorating European economic situation has suggested the necessity of risk 

management in the exchange rate of EUR for governments and corporations, but there 

is few researches studying in this field. In this thesis, by choosing USD/EUR, 

JPY/EUR and GBP/EUR as subjects, with a focus on the availability of different 

methods to the estimation of exchange rate risk to EUR, we aim to calculate the VaR 

of those three kinds of exchange rates and try to find the most accurate model to 

measure exchange rate risk in different environments and periods. 

Based on the analysis of figures and the comparison among the results from different 

models, in this thesis, the conditional POT model and moving student t-distribution 

simulate the VaR for all exchange rates to EUR much better than others, whichever 

economic situations are. Besides this, no methods have significant improvement for 

the measurement of VaR when economic situation changes. Meanwhile, the empirical 

rule that higher confidence level may improve the accuracy of estimation of VaR gets 

proven, especially for EVT model.    

Key words: Value at Risk, volatility clustering, exchange rate, volatility weighted 

historical simulation, normal distribution, student t-distribution, extreme value theory 
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1. Introduction 

As the global financial market changes rapidly, risk management has attracted 

immense attention. The continuous fluctuation makes the risk of exchange rate become 

one of the main risks that investors may undertake and manage, especially for those 

multinational corporations. For the managers of these corporations, the management of 

exchange rate risk is helpful to shelter corporate profits from the negative impact of 

exchange rate fluctuation and to get potential profit from exchange rate exposure 

management. 

The serious economic crisis and recession at present in Europe also prove the 

necessity of risk assessment and measurement in the exchange rate of Euro. The 

depreciation of Euro which is caused by the crisis has a great negative influence on the 

economic situation of the Eurozone. Therefore the management of exchange rate risk is 

also significant for governments to forecast the loss, hedge the risk and get rid of the 

difficulty successfully.  

Value-at-risk (VaR) and expected shortfall (ES) are considered as the core risk 

measurement of market risk. There are many methods to estimate VaR, such as 

historical simulation, parametric approaches and extreme value theory method, etc. In 

this thesis, volatility weighted historical simulation, parametric approaches and 

extreme value theory method would be chosen as three ways to calculate VaR. The 

analysis and comparison of VaR calculated by different methods will show the position 

of exchange rate risk of Euro and suggest which one is the most suitable to measure 

exchange rate risk under normal or bad economic situation respectively.  

Three exchange rates which occur in this thesis are USD/EUR, GBP/EUR and 

JPY/EUR. While EUR is short for Euro, USD, GBP and JPY are short for US Dollar, 

British Pound and Japanese Yen. The same meanings for all the abbreviations exist in 
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this paper. The choice of these exchange rates is based on their world status, flexibility 

and fluctuation.  

The discussion of the performances of different models in financial crisis and 

normal situations is the reason to choose two periods representing these two situations. 

The period from 01/10/2007 to 01/10/2011 is the crisis period and the period from 

01/10/2002 to 01/10/2006 is the normal period. 

The basic data for research is just the exchange rate; therefore the data source of 

the thesis is the database of the European Central Bank. 

Even though the complicated performances of different risk measurement 

methods for different exchange rate make it hard to choose one specific model for 

different economic situation, the moving student t-distribution and conditional EVT 

models are considered as better options for investors to decrease the probability of 

underestimating the exchange risk of EUR under the background of financial crisis 

which increases the volatility of exchange rates, and using different methods and 

comparing the estimates are better for corporations and governments to measure the 

risk. 

The findings in this thesis could be helpful to decipher the mechanisms that lead 

to risk management in Euro and thus can enhance the efficiency of the government’s 

policy-making process to stimulate economic recovery and improve corporations’ 

strategies to hedge or even benefit from the risk. 
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2. Literature review 

The problem of risk management is an old one in statistics, economics and finance. 

As one measurement, value at risk is widely used in measuring the risk of loss on a 

specific portfolio of financial assets in financial mathematics and financial risk 

management.  

Because of the publishing of J. P. Morgan’s Risk Metrics document in 1994, VaR 

became one popular and widespread concept. The general recognition and use of VaR 

models has initiated considerable literatures including statistical descriptions of VaR 

and assessments of different models. 

Kevin Dowd (2002)’s literature ―Measuring at Risk‖ provides a brief overview of 

recent development in risk management and introduces the estimation of different 

measurements of risk including VaR. From this literature, the debate about the VaR 

recently is also mentioned. Some disadvantages like incoherent and silent about the size 

of loss reduce its applicability but since it is simple and convenient, it is still chosen as 

one main technology for risk management. 

In the article of Angelidis and Degiannakis (2005), they investigate the accuracy 

of parametric, non-parametric and semi-parametric methods in estimating the VaR in 

three main markets, which includes stock exchanges, commodities and foreign 

exchange rates. Based on their results, our thesis will focus on the exchange rate risk of 

euro and try to find the accuracy of different models of VaR for exchange rate risk. 

There are several similar articles discussing the use of VaR to measure the 

exchange rate risk of different currencies in different regions and countries. Wang, Wu, 

Chen, Zhou (2009)’s article analyzes the exchange rate risk of Chinese Yuan by using 

VaR and ES based on extreme value theory. Mazin A. M. and Al Janabi (2006) research 

the foreign exchange trading risk with VaR in the case of Moroccan market. The former 
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one indicates that the expected shortfall cannot improve the tail risk problem of VaR, 

and VaR values calculated by extreme value theory can measure the risk of exchange 

rate of JPY/CNY, EUR/CNY more accurately. The latter one demonstrates a 

constructive VaR based approach taking into account the adjustments for the illiquidity 

of long and short positions. 

These literatures and articles provide us the theoretical basis and idea to choose the 

most suitable model to measure the exchange rate risk of euro under normal and crisis 

situation respectively. 

The remainder of the paper is organized as follows. In the next section, an 

overview of different VaR models and methodologies is described, and then the 

characteristics of currency exchange market and the economic situation in Euro zone 

are illustrated. The results of the empirical tests are drawn in the final section along 

with conclusions and recommendations. 
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3. Methodology 

In this section, we present the methods in mathematics for the calculation and 

test applied in this paper. As mentioned in the introduction, a mix of thoughts such as 

popularization, volatility, relative comprehension and so on is considered before the 

methods have been selected. The methods for the exchange rate risk calculation cover 

three aspects: 

 Non-parametric models containing VWHS 

 Parametric models with moving normal distribution and t-distribution  

 EVT models  

The results testing method applied here is called Kupiec test since it is the most 

popular method and easy to control. These methods are presented below in detail. 

Most of the equations come from the inspiration of the book published by Dowd 

(2002), see the detail in the section of reference. For those equations which are not the 

same as that in this book or quote from other literatures, some footnotes are made. 

3.1 Definitions of VaR and ES 

Value at Risk (VaR) is defined as the smallest loss"𝑙" to make the probability of a 

future portfolio loss ―L‖ which is larger than "𝑙" , less than or equal to 1 − α. The 

mathematical equation defines VaR is shown below: 

VaRα L = min 𝑙: Pr L > 𝑙 ≤ 1 − a   (1) 

Under the assumption of a continuous loss distribution, the equation can be 

rewritten as: 

Pr L > VaRα L  = 1 − α          (2) 

Even though VaR is popular and has been applied in many studies, it still has 
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obvious drawbacks including fat tail and incoherency. Instead, Artzner et al. (1997) 

proposed the conception of expected shortfall (ES). Expected shortfall at confidence 

level α is the average VaR for confidence levels larger than or equal to α and the 

equation is: 

ESα L =
1

1−α
 VaRr L dx

1

α
         (3) 

Under the continuous distribution assumption, ES can be expressed as: 

ESα L = E L: L > VaRα(L)        (4) 

Since this thesis focuses on the application of VaR, the discussion about ES will 

not be mentioned too much. 

3.2 Non-parametric approaches 

Non-parametric approaches are methods which do not depend on restrictive 

parametric assumptions of the loss distribution such as normality. Instead it depends on 

the empirical loss distribution. 

Basic historical simulation is the most basic and easiest one to calculate VaR and 

ES, which relies on the empirical loss distribution. According to the logic that 

approximately  1 − α N  losses larger than VaR are to be expected,  1 − α N +

1 largest loss should be considered as the estimate of VaRα(L). 

Volatility weighted historical simulation is another one non-parametric approach. 

It applies the basic historical simulation to a rescaled sample of T observed losses. 

Because of the phenomena of volatility clustering, the motivation of this method is to 

reflect volatility in the estimates of VaR and ES for the next holding period. The sample 

of new adjusted losses is shown: 
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l1
∗ =

σT+1

σ1
l1 

              l2
∗ =

σT+1

σ2
l2         (5) 

…… 

lT
∗ =

σT+1

σT
lT  

Where l𝑖
∗  denotes the rescaled exchange loss, li  is the original loss. 

σ1, σ2 … σT  are the volatilities associated with the observed losses in the observation 

period, while σT+1 is a forecast volatility in the next holding period. In this paper, 

the next holding period is the test period. In this way, volatility clustering has been 

considered into loss estimation, which means that every original loss in the 

observation period should be rescaled based on the first forecasted volatility in the 

next holding period. Through GARCH (1, 1) model or moving average volatility model 

(EWMA), σT+1 can be calculated. 

Then as in historical simulation,  1 − α N + 1 largest loss can be considered as 

the estimate of VaRα(L). 

3.3 Parametric approaches 

The main idea behind parametric approaches is the assumption that the 

distribution of losses follows some specific distribution. In this thesis the assumption is 

that it follows a normal distribution or t-distribution. 

Under the assumption of normal distributed losses: 

VaRα L = μ + σT+1zα       (6) 

In which μ represts mean, σT+1 is forecasted volatility under consideration of 

volatility clustering, and zadenotes the a-quantile for the standard normal distribution. 
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Under the assumption of t-distributed losses: 

VaRα L = μ +  
v−2

v
σT+1tα,v        (7) 

In which v denotes degrees of freedom. 

In this paper, since the target is a single exchange rate instead of portfolio, covariance is 

not necessary to consider. Because of the character of exchange rate, the calculation of 

σT+1 must take moving average volatility into account. To calculate the value of σT+1, 

λ needs to be estimated from the data at hand, but it is suggested in the Risk Metrics 

Technical Document that taking λ to be 0.94 for daily return data (Technical Document 

(1996, p. 97)).  

3.4 Extreme value theory 

As discussed by Lauridsen(2000), ―the traditional methods used for estimation of 

VaR have various disadvantages as they are not aimed specifically at modeling the tails 

of the distribution of profits and losses; extreme value methods may prove valuable 

towards improving the current estimation methods.‖ EVT model is selected in this 

paper typically. The intuition behind EVT is extreme or large losses are more relevant 

for estimating VaR, therefore finding a distribution that fits these losses is one available 

way. Because of this idea, unconditional and conditional peaks over threshold (POT) 

models are chosen to calculate VaR. 

One difficulty in the use of POT is choosing threshold, because there is one 

trade-off in the choice of threshold; for the underlying theory to go through a high 

threshold is required while for the estimation of the parameters a low threshold is 

necessary. More details about threshold will be discussed in the fourth part Empirical 

results. 
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Considering l1, l2, … , ln  as the series of loss, POT approach aims at modeling 

excess losses L − μ, where L is a stochastic loss variable and μ is the predetermined 

threshold value. Given L > 𝜇, a cumulative density function for excess losses could be 

defined as
1
 

Fu l = Pr L − μ ≤ l L > 𝜇 =
F l+μ −F(μ)

1−F(μ)
        (8) 

Then the equation below can be derived
2
 

F l =  1 − F μ  Fμ l − μ + F(μ)        (9) 

Under the limit theorem by Pickands-Balkema-deHaan, which is posed by 

Pickands (1975), Balkema and de Haan (1974), the distribution of Fu l − u  as 

μ → ∞ is a generalized Pareto distribution: 

G l − μ =  
1 − (1 + ξ

l−μ

β
)−1/ξ   if ξ ≠ 0 

1 − exp −
𝑙−𝜇

𝛽
 if ξ = 0

       (10) 

In the model, three parameters μ, σ and 𝛏 denote location parameter, scale 

parameter and shape parameter respectively. The shape parameter 𝛏 governs the tail 

behavior of the distribution and when it is large, the tail is fat. 

By derivation the unconditional POT estimate of VaRα  is: 

VaRα = μ +
β

ξ
  

N

Nu
 1 − α  

−ξ

− 1 , for ξ ≠ 0       (11) 

VaRα = μ − β ln  
N

Nu
 1 − α  , for ξ = 0           (12) 

                                                      
1
Wang, Wu, Chen and Zhou(2010), eq.4 

2
Wang, Wu, Chen and Zhou(2010), eq.5 
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The difference of conditional POT and unconditional POT is that former is more 

dynamic by applying POT analysis to the standardized residuals from a GARCH or 

EWMA model. In this method qα  is the α -quantile of the generalized Pareto 

distribution (GPD) of the standardized residuals. Therefore, 

VaRα = μ + σT+1qα             (13) 

In which  μ is mean and  σT+1 is forecasted volatility. qα can be obtained by 

applying the unconditional POT to the standardized residuals (εT
∗ =

l1−l 

σT
). 

qα = μ∗ +
β∗

ξ∗
  

N

Nu∗
 1 − α  

−ξ∗

− 1 , for ξ∗ ≠ 0         (14) 

qα = μ∗ − β∗ ln  
N

Nu∗
 1 − α  , for ξ∗ = 0              (15) 

In which, the star-noted parameter values and threshold value are not to the 

original loss data; instead they are GPD parameters when POT is used to the 

standardized residuals.  

For both unconditional and conditional POT, the calculation of β and ξ requires 

the application of Maximum Likelihood estimation. Taking logs of the respective 

probability density functions and summing over the m observations which larger than 

the threshold, it follows that the corresponding log-likelihood functions are:
3
 

logL β, ξ = −mlnβ − (1 +
1

ξ
) ln⁡(1 + ξ

lμ
i −μ

β

m
i=1 )  , for ξ ≠ 0        (16) 

logL β = −mlnβ −
1

β
  lμ

i − μ m
i=1   , for ξ = 0                    (17) 

The ML estimates of β and ξ can be obtained by maximizing the log-likelihood 

functions with respect to the parameters.  

                                                      
3
Wang, Wu, Chen and Zhou(2010), eq.14 
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3.5 Backtesting 

This thesis applies Kupiec frequency test to test the validity of VaR models. The 

Kupiec test is the basic frequency test for a given estimator of VaRα  and it compares 

the actual or observed frequency of VaR violations with the expected or predicted 

frequency of VaR violations during some test period of observed data. 

A VaR violation is defined as a loss larger than the VaR estimate. By coding a 

non-violation with 0 and a violation with 1, the number of VaR violation can be gotten. 

Since these codes which are 0 or 1 are Bernoulli variables, Kupiec test is a binomial test 

and the probability of observing x violations in a sample of N observations is: 

Pr X = x =
N!

x! N−x !
px(1 − p)N−x            (18) 

In which X is the number of violations and p = 1 − α. 

Applying the exact Kupiec test based on the binomial distribution in one-sided test, 

if Pr X ≥ x  or Pr X ≤ x  is less than the standard level for statistical tests, the 

underlying model will be rejected under the assumption that the actual frequency of 

violations is too large or too small respectively.  

For a two-sided test to be implemented, the construction of a confidence interval 

for either the observed frequency of violations or the expected frequency of violations 

is required. The lower bound and the upper bound for the number of violations can be 

calculated by the cumulative probability equations: 

Pr X ≤ x =  
N!

x! N−x !
pi(1 − p)N−ix

i=0          (19) 

By checking whether the actual frequency of violations is in the interval, the 

validity of the model can be found. 
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4. Empirical results 

4.1 Data analysis 

The three exchange rates of euro chosen to analyze in this thesis are USD/EUR, 

JPY/EUR and GBP/EUR. A new definition of daily logarithmic loss will be applied 

while the loss value is donated to be minus return. A detailed discussion is presented 

below in this section. 

USD is the most important and prevailing universal currency. Its flexibility to 

EUR ensures the VaR results and tests on it clear and easy to analyze. Figure 4.1.a and 

Figure 4.1.b below suggest the daily logarithmic loss of USD/EUR in normal period 

and crisis period respectively. In normal period, the exchange rate loss of USD/EUR 

fluctuates between -1% and 1% except some extreme value. By contrast in crisis 

period, the exchange rate loss of USD/EUR is in the interval from -2% to 2% with 

some extreme value which exceeds 4%. 
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Figure 4.1.a Daily logarithmic Loss of USD/EUR in Normal Period 

 

Figure 4.1.b Daily logarithmic Loss of USD/EUR in Crisis Period 

Besides EUR, GBP is another important currency in Europe. Its obvious 

fluctuation to EUR makes it be taken into analysis. Two figures 4.2.a and 4.2.b below 

show that the exchange rate loss of GBP/EUR in crisis period is larger than that in 

normal period. 
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Figure 4.2.a Daily logarithmic Loss of GBP/EUR in Normal Period 

 

Figure 4.2.b Daily logarithmic Loss of GBP/EUR in Crisis Period 

Since Asia is a region which has large influence on global economy, as the 

representation of currency in Asia, CNY (Chinese Yuan and JPY are both taken into 

account. However, compared to JPY, CNY is too fixed and does not have enough 

flexibility. Therefore, JPY/EUR is chosen as the third exchange rate under test in this 

thesis. The small daily loss of JPY/EUR in normal period and relatively large daily loss 

in crisis are shown in two figures 4.3.a and 4.3.b below. 
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Figure 4.3.a Daily logarithmic Loss of JPY/EUR in Normal Period 

 

Figure 4.3.b Daily logarithmic Loss of JPY/EUR in Crisis Period 

The 2.15 p.m. price of EUR exchange rate (reference rate) is selected in this thesis 

for analysis. The reference rates are usually updated by 3 p. m. CET. They are based on 

a regular daily concertation procedure between central banks across Europe and 

worldwide, which normally takes place at 2.15 p. m. CET. 
4
. In order to compare the 

                                                      
4
See the detail description from http://www.ecb.int/stats/exchange/eurofxref/html/index.en.html 
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different performances of the different methods when estimating the exchange rate VaR, 

two individual periods are chosen for all the three exchange rate. The first period which 

is called normal period is from 1
st
 Oct 2002 to1

st
 Oct 2006, 4 years in total. The second 

period which is called crisis period is from 1
st
 Oct 2007 to 1

st 
Oct 2011, also 4 years in 

total. Both of these two periods are divided into two parts: observation sample and test 

sample. Each period contains 1027 numbers. In normal period, the number of 

observation data is 771 and the number of test data is 256. In crisis period, the number 

of observation data is 768 and the number of test data is 259.  

In our model, daily loss data is applied because of the requirement of VaR analysis. 

The daily loss of exchange rate can be defined as minus return. So firstly the price data 

is changed into return data. Then the daily logarithmic return Rt  can be defined as  

Rt = 100 ∗ (lnPt − lnPt−1)               (20) 

Where Pt is the close price of exchange rate at time t. The descriptive statistics of 

daily logarithmic loss are presented in Tables 3.1 and 3.2 below. 

 

Table 4.1 Descriptive statistics of daily logarithmic Loss from three 

exchange rates of EUR in normal period (Loss=-return) 

 USD/EUR JPY/EUR GBP/EUR 

 Mean -0.0243 -0.0216 -0.0072 

 Median -0.0246 -0.0589  0.0000 

 Maximum  2.1333  2.0959  1.1527 

 Minimum -2.0725 -2.2620 -1.3360 

 Std. Dev.  0.5824  0.5357  0.3661 

 Skewness  0.0060  0.3293 -0.1973 

 Kurtosis  3.4834  4.0015  3.3269 

 Jarque-Bera  10.005  61.4820  11.2364 

 Observations  1027  1027  1027 
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Table 4.2 Descriptive statistics of daily logarithmic Loss from three 

exchange rates of EUR in crisis period (Loss=-return) 

 USD/EUR JPY/EUR GBP/EUR 

Mean 0.0048 0.0443 -0.0212 

Median -0.0205 -0.0179 -0.0227 

Maximum 4.7354 5.7997 2.6573 

Minimum -4.0377 -3.8416 -3.4613 

Std. Dev. 0.7687 1.0063 0.6626 

Skewness 0.1472 0.2477 -0.3082 

Kurtosis 5.8843 5.5297 5.6651 

Jarque-Bera 359.6886 284.3489 320.1953 

Observations 1027 1027 1027 

Obviously, in the crisis period, all the three exchange rates have larger maximum 

value and minimum value than in the normal period, which indicates that the volatility 

in crisis period is much larger. Besides this, all the series have sharp peaks and heavy 

tails since the skewness values do not equal to zero and kurtosis value are all lager than 

3. All the series are far away from normal distribution, especially in the crisis period. 

4.2 Volatility Weighted Historical Simulation (VWHS) 

Volatility weighted historical simulation (VWHS), as one of the most popular 

non-parametric methods when estimating VaR, relies on the real loss distribution 

without depending on some restrictive parametric assumptions. It is relatively easy to 

be estimated, explained and obtains some other advantages. Comparing to some other 

non-parametric methods such as basic historical simulation (HS) and age weighted 

historical simulation (AWHS), VWHS takes the volatility clustering into 

consideration directly and VaR larger than the largest loss in the original sample can 

be obtained. Volatility clustering means that ―large changes tend to be followed by 

large changes, of either sign, and small changes tend to be followed by small changes.‖ 

(Mandelbrot, 1963). So it will directly influence the VaR value when estimating.  

There are two alternatives when processing VWHS to estimate volatility. One is 

http://en.wikipedia.org/wiki/Beno%C3%AEt_Mandelbrot
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the standard GARCH (1,1) model which is a popular approach for VWHS and easy to 

be estimated in Eviews. Another one is called exponentially weighted moving average 

volatility model (EWMA) which is applied in this paper. The estimation model is 

shown as below:
5
 

𝜎𝑇+1
2 =

1−𝜆

1−𝜆𝑇
 𝜆𝑇−𝑡𝜀𝑡

2𝑇
𝑡=1             (21) 

Where 𝜆 is a fixed parameter and equals to 0.94 empirically, this particular 

value is the standard Risk Metrics value, which is easy to get and can be altered. 

𝜎𝑇+1
2  is the volatility of loss at time T+1, T is the total number of observed losses. 

𝜀𝑡  is the unexpected losses at time t which can be defined as: 

𝜀𝑡 = 𝑙𝑡 − 𝑙                   (22) 

Where 𝑙𝑡  is the real loss at time t, 𝑙   is the average loss of the sample of T 

observed losses.  

Since when the sample T is reasonably large, 1 − 𝜆𝑇 ≈ 1 − 𝜆𝑇−1, the equation 

(21) above can be rewritten:
6
 

𝜎𝑇+1
2 ≈  1 − 𝜆 𝜀𝑇

2 + 𝜆𝜎𝑇
2          (23) 

Where 𝜆 = 0.94, the initial value 𝜀0
2 is often defined as 0, the initial volatility 

𝜎0
2 is often defined as the average variance of the sample of T observed losses. In this 

way, all the volatility can be estimated. 

Using VWHS method which is mentioned in the section of Methodology, the 

rescaled historical losses can be obtained. In this paper, the sample of test year (from 

                                                      
5
Dowd(2002) p.313, eq.T10.6 

6
Dowd(2002) p.313, eq.T10.8 
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1
st
 Oct 2005 to 1

st
 Oct 2006 in the normal period and from 1

st
 Oct 2010 to 1

st
 Oct 2011 

in the crisis period) is cut into twelve months; all the rescaled losses in every month 

are estimated separately. In detail, the holding period of the test sample is one month, 

which means that the forecasted volatility 𝜎𝑇+1will be the first day standard deviation 

of every month in the test sample. For example, when estimating the volatility of 

October in 2005, the forecasted volatility is the first day standard deviation of October 

in 2005 while it should be the first day standard deviation of November in 2005 when 

we estimate the volatility of November in 2005. 

By now, all the rescaled losses are estimated in the test sample by considering 

the volatility. By using the basic method of historical simulation mentioned in the 

Methodology section, the rescaled VaR values for both test samples in normal period 

and crisis period can be calculated. Not all the VaR values in this paper are present but 

they will be used for Kupiec test later. 

4.3 Parametric simulation 

Parametric method is another popular approach when estimating VaR, a 

distinctive feature of this method is using a suitable statistical distribution. In order to 

making use of this approach, what type of distribution the sample belongs to must be 

considered. Two possible distributions are taken into assumption: normal distribution 

and student t-distribution. 

The equations mentioned in the Methodology section indicate that the key point 

in estimating VaR is selecting a distribution for the sample. Kurtosis (k) is a common 

measurement to decide whether a sample follows the normal distribution. If k = 3, it is 

hard to tell whether the distribution is a normal distribution; but k ≠ 3 indicates that 

the distribution cannot be normal. In detail, k > 3 indicates a fact that the time series 

data has fat, heavy or long tails, which is common for economic time series data; k < 

3 means that the tails are thinner than those for the normal distribution, and neither 
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normal distribution nor t-distribution will be suitable for the data. From the statistical 

description table 3.1 and 3.2 above, all the six Kurtosis values do not exactly equal to 

3, typically in the crisis period, but it should be noticed that the statistical data above 

is based on a static and constant sample.  

This constant sample would not be used to estimate the volatility to obtain the 

VaR values. The main problem with this sample to estimate the volatility is that the 

volatility clustering is not considered. Instead of this, a time varying volatility is 

applied in this paper, which means that to obtain the suitable volatility for the loss, a 

moving observation sample should be chosen, but the sample length is still constant. 

For example, in normal period, an observation sample contains 771 latest data will be 

chosen for an underestimated volatility; in crisis period, this sample will always 

contain 768 latest data. The volatility can be estimated by the same method EWMA 

which has been mentioned in section 4.2. Therefore, the Kurtosis values for a time 

varying volatility series are complex and difficult to estimate, whether the series 

follow the normal distribution or not cannot be told exactly. For this reason, VaR 

values are calculated under both normal distribution assumption and t-distribution 

assumption. 

4.3.1 Normal distribution 

Firstly, we assume that the observation sample follows the standard normal 

distribution. Considering volatility clustering, the VaR value for the normal 

distribution is easy to obtain by the formula below: 

VaRα L = μ + σT+1zα                (24) 

Where μ represents the mean in the sample and σT+1 is the volatility for the 

next daily loss (the latest daily loss out of sample) estimated by EWMA. Both mean 

and volatility keep moving, which has been discussed above. zα denotes 
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the α-quantile for the standard normal distribution. α is the confidence level which 

equals to 99% or 95%. The VaR values are not presented here, but they will be used to 

test the performance of this method later. 

4.3.2 t– distribution 

If the distribution is not a normal distribution, it is assumed to follow the student 

t-distribution. Similar to the normal distribution, the VaR can be calculated by the 

equation: 

VaRα L = μ +  
v−2

v
σT+1tα,v             (25) 

Where μ is the sample mean and σT+1 is the volatility for the next daily loss, 

and both mean and volatility keep moving. tα,v  denotes the α-quantile for the 

t-distribution. v is a freedom parameter which is associated with Kurtosis (k). It is 

difficult to estimate and in general it requires an Maximum Likelihood estimation. In 

practice, for v > 4, there exists a mathematical relationship between v and k; for 

v ≤ 4, k does not exist:
7
 

k =
3(𝑣−2)

𝑣−4
 → v =

4𝑘−6

𝑘−3
           (26) 

Since the Kurtosis keeps changing due to the sample moving, v is also not 

constant. In this way, all the VaR which is assumed to follow t-distribution can be 

obtained. The confidence levels are α= 99% and α= 95%. As in section 4.3.2 the VaR 

values are not presented here. 

4.4  Extreme Value Theory 

Extreme Value Theory (EVT) is another approach which is frequently used to 

                                                      
7
Dowd(2002) p.82 
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estimate portfolio VaR, it examines the tail of the loss distribution based on the 

expectation that the loss exceeds VaR. The key point is to estimate based on extreme 

outcomes rather than all outcomes. Generally, a suitable large loss in the sample will 

be chosen in the subsequent analysis. 

Due to the limitation of the traditional model in estimation, in this paper, a 

preferred method named Peaks Over Threshold (POT) model is applied. The 

mathematic method has been discussed briefly in the section of Methodology. An 

important definition is mentioned here—Threshold value. In the sense of the extreme 

value theory, all the losses in the sample which are larger than the threshold value are 

defined as ―extreme value‖. Since a specific threshold value will be estimated by 

using all the losses in the sample, the problem that more than one large losses exist in 

one sample will be solved, all the losses which are larger than the threshold value will 

be selected when estimating the parameters β and ξ. 

The POT model measures the risk based on conditional and unconditional loss 

distributions. The differences between conditional and unconditional POT is that, in 

unconditional POT model, the losses in the sample are un-rescaled and remain as their 

actual value; in conditional POT model, the losses are rescaled, the volatility 

clustering is considered and estimated by GARCH or EWMA model (EWMA model 

is applied here), so the current market conditions are taken into account and the model 

becomes more ―dynamic‖. Meanwhile, when estimating VaR, the α-quantile of the 

GPD distribution of the standardized residuals qα  is used. The aspects below in this 

section will discuss the estimation and calculation of parameters and VaR values. 

4.4.1 Selection of threshold value and estimation of parameter 𝛃 and 𝛏 

As discussed above, the threshold value means a lot to the POT model. The 

threshold value is difficult to define clearly and simply in the sample. In some 

previous literatures, such as Wang, Wu, Chen and Zhou (2010), the threshold value 
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was estimated by MEF and Hill plot. These two methods are discussed precisely in 

Beirlant J., Teugels J. & Vynckier P.’s Practical Analysis of extreme values (1996) 

and David Ruppert’s Statistics and Finance: an Introduction (2004) respectively. In 

this paper, an empirical constant percentage of the largest losses is selected. We rank 

the sample losses of each exchange rate and assume that 4% of the observations will 

be above the threshold value. 4% is considered quite well since it is not even low or 

high. It is a better trade-off since enough excess losses can be obtained but not too 

much to make reliable estimates. There are 771 sample observations in the normal 

period and 768 sample observations in the crisis period, so there will be 30 losses 

which are larger than the threshold value. The threshold values of the three exchange 

rates in two periods can be seen in table 4.3 and table 4.4 below: 

 

Table 4.3 Threshold and number of excesses for exchange rate of EUR 

in the normal period 

 USD/EUR JPY/EUR GBP/EUR 

 Uncond Cond Uncond Cond Uncond Cond 

Number of exceedance (4%) 30 30 30 30 30 30 

Threshold(u) 1.0497 1.8733 1.0166 1.9993 0.6536 1.8236 

 

Table 4.4 Threshold and number of excesses for exchange rate of EUR 

in the crisis period 

 USD/EUR JPY/EUR GBP/EUR 

 Uncond Cond Uncond Cond Uncond Cond 

Number of exceedance (4%) 30 30 30 30 30 30 

Threshold(u) 1.3521 1.8442 1.9466 1.9013 1.1793 1.7896 

 

The percentage is constant, so the number of exceedance is also constant with the 

number of 30. The threshold value of the same exchange rate in unconditional and 

conditional situation is different, because the value in conditional situation has been 

rescaled. All the 30 losses which are larger than the threshold value in the sample are 

called ―extreme value‖. 
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The parameters β and ξ can be estimated by maximum-likelihood method 

which has been discussed in the section of Methodology after determining the 

threshold u. β denotes a scale parameter and ξ is the shape or tail parameter. There 

are two different situations when ξ = 0  or  ξ ≠ 0 . The situation when ξ > 0 

corresponding to the fat-tail return distribution seems to be more noticed by previous 

literatures, since it is common in financial return distribution, which indicates the 

distribution is a Frechet distribution; The situation when ξ < 0 indicates that the 

return distribution has thinner tail than normal distribution, it is unusual in financial 

data and the distribution is a Weibull distribution; ξ = 0 means that the distribution 

is a Gumbel distribution. These two different situations will both be discussed in this 

paper. See the results of parameter estimation in table 4.5 and 4.6 below: 
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Table 4.5 Results of parameters estimation in the normal period 

USD/EUR 

 Uncond Cond 

N/Nu 23.87 23.87 

β 0.280 0.183 0.502 0.637 

ξ 0 0.393 0 -0.246
* 

ML 8.238 9.122 -9.337 -9.067 

JPY/EUR 

 Uncond Cond 

N/Nu 23.87 23.87 

β 0.288 0.363 0.454 0.532 

ξ 0 -0.246
* 

0 -0.172
* 

ML 7.358 7.824 -6.299 -5.910 

GBP/EUR 

 Uncond Cond 

N/Nu 23.87 23.87 

β 0.144 0.177 0.399 0.391 

ξ 0 -0.228* 0 0.019 

ML 28.225 28.773 -2.420
** 

-2.413
** 

Note: The value with * represents a negative value which is different from the 

positive value in ξ estimation, while ** means that the two values in the same case 

(conditional or unconditional) are quite similar to each other, for example2.420 ≈

 −2.413. N denotes the total number of observations while Nu is the number of the 

observations exceeding the threshold value u. 
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Table 4.6 Results of parameters estimation in the crisis period 

USD/EUR 

 Uncond Cond 

N/Nu 23.87 23.87 

β 0.628 0.644 0.648 0.643 

ξ 0 -0.027
* 

0 0.008 

ML -16.030
** 

-16.010
** 

-16.975
** 

-16.973
** 

JPY/EUR 

 Uncond Cond 

N/Nu 23.87 23.87 

β 0.793 0.787 0.740 0.996 

ξ 0 0.007 0 -0.331
* 

ML -23.025
** 

-23.024
** 

-20.970 -19.952 

GBP/EUR 

 Uncond Cond 

N/Nu 23.87 23.87 

β 0.383 0.380 0.452 0.443 

ξ 0 0.006 0 0.020 

ML -1.169
** 

-1.169
** 

-6.179
** 

-6.173
** 

Note: The value with * represents a negative value which is different from the 

positive value in ξ estimation, while ** means that the two values in the same case 

(conditional or unconditional) are quite similar to each other, for example−23.025 ≈

 −23.024. N denotes the total number of observations while Nu is the number of the 

observations exceeding the threshold value u. 
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From the results above, we can see that in some solutions, ξ involves a negative 

value, such as in conditional POT model of USD/EUR in normal period with ξ =

−0.246, the negative values indicate thinner tail in return distribution which is 

uncommon in financial data, and it is statistically insignificant. Meanwhile, some 

maximum-likelihood values have small differences. For example, in condition POT 

model of JPY/EUR in crisis period, the maximum-likelihood value is -23.025 when 

ξ = 0 and it is -23.024 when ξ = 0.007. This simply means that ξ is not statistically 

different from zero, in onther words the distribution follows the Gumbel distribution. 

It is also easy to tell that the optimal ξ is very close to zero and the 

maximium–likelihood value does not increase very much compared to the model 

when ξ = 0, generally to say, the shape parameter ξ dose not improve the model 

very much. This analysis is equally applicable in other cases with the same situation. 

4.4.2 Calculation of VaR 

After the threshold value u, the parameters β and ξ have been estimated, the 

VaR value can be easily computed by using the equation (11) and (12) for 

unconditional model and equation (13) for conditional model. In this paper, all the 

values of VaR for each exchange rate of EUR in both normal and crisis period with 

the confidence level of 95% and 99% are estimated. Table 4.7 and 4.8 below show the 

value of VaR for unconditional POT model, since in unconditional POT model, the 

value of VaR is constant for all the losses in the test period. 

Table 4.7 VaR based on unconditional POT model for each exchange 

rate in normal period 

Confidence level USD/EUR JPY/EUR GBP/EUR 

 ξ = 0 ξ ≠ 0 ξ = 0 ξ ≠ 0 ξ = 0 ξ ≠ 0 

95% 1.000 1.018 0.966 0.951 0.628 0.622 

99% 1.450 1.402 1.429 1.454 0.859 0.870 
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Table 4.8 VaR based on unconditional POT model for each exchange 

rate in crisis period 

Confidence level USD/EUR JPY/EUR GBP/EUR 

 ξ = 0 ξ ≠ 0 ξ = 0 ξ ≠ 0 ξ = 0 ξ ≠ 0 

95% 1.241 1.238 1.806 1.807 1.112 1.112 

99% 2.251 2.258 3.082 3.080 1.727 1.726 

The unconditional POT model results show that, in the normal period, the losses 

of USD/EUR, JPY/EUR and GBP/EUR in the test sample will be less than 1.000, 

0.966 and 0.628 when ξ = 0 and less than 1.018, 0.951 and 0.622 when ξ ≠ 0 with a 

probability of 95%, this analysis is equally applicable in the confidence level of 99%. 

The situation is the same in the crisis period. The conditional POT model results 

cannot be presented in forms here, but we will interpret its performance in sections 

below and analyze it in the Kupiec test. Meanwhile, it is obvious to see that, in normal 

period, both the losses and the risk of USD/EUR and JPY/EUR are larger than those 

of GBP/EUR; in crisis period, the losses and the risk of JPY/EUR are larger than 

those of USD/EUR and GBP/EUR. Overall, the risk in crisis period is quite larger 

than that in normal period, it conforms the objective economic situations. 

 This information is helpful to commercial banks, enterprises and individual 

investors to make risk decisions. 

4.5 Interpreting 

The figures 4.1 to 4.3 represent the fluctuation of the different exchange rate 

daily loss, which might suggest that the daily loss for all the three exchange rate 

fluctuates rapidly. So the volatility clustering is required to be added in the estimating 

models. 

In the method of VWHS, EWMA (exponentially weighted average volatility 

model) has been applied to forecast the volatility of the test period in order to rescale 
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the exchange rate loss, in this way, volatility clustering has been considered into this 

model. For parametric models which include normal distribution and t-distribution 

models, the volatility clustering has been also considered by using the same method 

EWMA.  

EVT model is more complex relatively than other models applied in this paper. 

Both conditional and unconditional situations have been considered. A constant 

percentage threshold value which is 4% has been selected when estimating parameters 

β and ξ empirically. From Table 4.5 and 4.6, it is obvious to see that in some cases 

when ξ ≠ 0, the value of ξ is quite closed to 0, such as 0.008 and 0.007 in Table 4.6. 

For these cases, the different ML (maximum likelihood) values between ξ =

0 or  ξ ≠ 0 are quite similar which indicates that ξ does not improve the POT model.  

After processing the three different models which are commonly used in VaR 

estimation, the forecasted VaR values for the three exchange rates are calculated and 

have been shown graphically from Figure 4.4 to 4.9 in Appendix. It is hard to 

conclude which model simulates better from the performance in the figures. Therefore 

the assessment of different models and specific decisions should be achieved by 

applying the Kupeic test in the next section. 
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5. Backtesting 

Kupiec frequency method is applied to test the validity of several VaR models 

chosen here. As known, Kupiec test is a common and practical method when estimating 

the performance of a VaR model, which is reported by Kupiec (1999). As discussed in 

section 3, the binomial version of the Kupiec test has been expanded mathematically. 

The key idea of this method is to calculate the probability that the observed violations 

X equal to or larger than the actual number of violations x ( Pr(X ≥ x) ) by assuming 

that the actual violations x equal to or larger than the expected number 

of VaRα  violations  1 − α N (x ≥  1 − α N ) where α is the confidence level for 

typical VaR and N is the number of observations in the test period. If the probability is 

less than the statistical significance level, the underlying model will be rejected. For 

example, within a confidence level of 95% for the Kupeic test, a standard level for 

statistical test is 5% (1-95%), if the probability calculated is less than 5%, the 

underlying model will be rejected. Alternatively, if the required statistical significance 

level has been decided, a critical value of observed violations X under the significance 

level is also easy to be calculated. By this way, an acceptance region for Kupiec test 

can be obtained, for those values which are out of the region will be rejected.  

In this paper, the required confidence level for Kupiec test has been decided as 

95% and 99%. So an acceptance region which is suitable for our requirements under 

different significant levels can be obtained (see the table 5.1). Additionally, one-sided 

test is applied in this paper. 
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Table 5.1 The acceptance region of Kupiec test 

Confidence level T=256 T=259 

99% N<7 N<7 

95% 6<N<21 6<N<21 

The value of T indicates the number of data in each test period, which means that 

the number of data in the test part of normal period is 256 while the number of data in 

the crisis period is 259. This paper applies the one sided test under the confidence level 

of 95% and 99%. So for the method that the failure number N (number of days that the 

real losses exceed the VaR value) falls into the acceptance region of Kupiec test 

indicates a good performance in simulation. Briefly, the underlying method simulates 

well and vice versa. In this way the different performances of the five selected methods 

can be compared in normal and crisis period. 

5.1 Kupiec test results description 

In this paper, we test five VaR estimation methods which are VWHS, parametric 

methods containing normal distribution and t distribution, EVT method containing 

unconditional and conditional aspects under the confidence level of 95% and 99%. The 

backtesting sample is the exchange rate of USD/EUR, GBP/EUR, and JPY/EUR from 

1
st
 Oct 2005 to 1

st
 Oct 2006 in the normal period and from 1

st
 Oct 2010 to 1

st
 Oct 2011 

in the crisis period. The backtesting results are shown in table 5.2 and table 5.3 below. 

The number in the table refers to the number of days which real losses exceed the daily 

VaR. 
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Table 5.2 Backtesting results in the normal period 

  Non-parametric Parametric Semi-parametric 

     EVT 

Unconditional Conditional 

  VWHS N-dist t-dist ξ = 0 ξ ≠ 0 ξ = 0 ξ ≠ 0 

USD/EUR 0.99 0 0 0 0 0 0 0 

 0.95 6
* 

9 9 2
* 

2
* 8 8 

JPY/EUR 0.99 4 7
* 

6 4 4 5 4 

 0.95 16 17 18 8 8 12 12 

GBP/EUR 0.99 5 4 3 0 0 3 3 

 0.95 18 13 13 3
* 

4
* 12 12 

Note: The value with * represents that failure number of that case falls out of the 

acceptance region of Kupiec test in table 5.1 

 

Table 5.2 presents the results of backtesting for the three exchange rates 

USD/EUR, JPY/EUR and GBP/EUR in the normal period by using three kinds of 

method—VWHS, Parametric and EVT under the confidence level 95% and 99%. 

Firstly, from the vertical results of the different methods, it is obvious to see that there 

are several cases that VaR values based on VWHS, normal distribution and 

unconditional POT model underestimate the exchange risk for all the three exchange 

rates. However, the results based on student t-distribution and conditional POT model 

seem to be good, they all pass the Kupiec test under the confidence level of 95% and 

99%. It is hard to say whether ξ equals to zero or not influences the accuracy of the 

model very much. Secondly, from the perspective of exchange rate, there are three 

cases of USD/EUR underestimating the exchange risk, while there are one case of 

JPY/EUR and two cases of GBP/EUR showing the same situation. It is also hard to 

say which exchange rate risk is estimated better by using all the methods applied here. 

Among them, USD/EUR performs the worst relatively. Thirdly, from the perspective 

of confidence level, it seems that the higher the confidence level is the more accurate 

the model will be. Only one case of JPY/EUR under 99% confidence level 

underestimates the risk while 5 cases performance bad under 95% confidence level. 
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Overall, the performance of all the three exchange rates for all the methods in the 

normal period seem not far from satisfactory, while there are 6 cases underestimating 

the exchange risk. 

 

Table 5.3 Backtesting results in crisis period 

  Non-parametric Parametric Semi-parametric 

     EVT 

Unconditional Conditional 

  VWHS N-dist t-dist ξ = 0 ξ ≠ 0 ξ = 0 ξ ≠ 0 

USD/EUR 0.99 2 3 2 0 0 1 1 

 0.95 18 16 18 14 14 15 15 

JPY/EUR 0.99 4 3 2 0 0 1 1 

 0.95 19 17 18 3
* 

3
* 

13 14 

GBP/EUR 0.99 5 8
* 

5 1 1 6 6 

 0.95 13 12 12
 

6
* 

6
* 

12 12 

Note: The value with * represents that failure number of that case falls out of the 

acceptance region of Kupiec test in table 5.1 

 

Table 5.3 presents the results of backing test for the three exchange rates 

USD/EUR, JPY/EUR and GBP/EUR in the crisis period by using three kinds of 

method—VWHS, Parametric and EVT model under the confidence level 95% and 

99%. Firstly, from the perspective of methods, the situation seems to be similar with 

that in the normal period except VWHS. All the cases in three methods such as 

VWHS, student t-distribution and conditional POT model estimate the exchange risk 

well. Secondly, from the perspective of different exchange rates, the performance of 

USD/EUR seems to be better than that of other two exchange rates, all the cases of 

USD/EUR pass the test. Thirdly, from the perspective of confidence level, we obtain 

the same conclusion as that in the normal period, the higher the confidence level is the 

better the performance will be. Since there is one case under the confidence level of 

99% underestimating the risk while there are 4 cases performing worse under 95% 

confidence level. Overall, there are 5 cases in the crisis period underestimating the 
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exchange rate risk which seems to be a little better than in the normal period. But we 

still cannot say that the methods what we select perform better when the economic 

situation goes into a ―mire‖. 

5.2 Interpreting 

From the discussions based on the results which are show in table 5.2 and table 

5.3, conclusions from four aspects can be made.  

Firstly, comparing the different performances of all the methods selected in the 

different periods, the results seem not so obvious. We cannot tell which method 

performs better either in the normal period or in the crisis period, since the overall 

results in table 5.2 and table 5.3 are similar and complex. This result is out of the 

previous expectation.  

Secondly, by comparing all the results of different methods, it is obvious to see 

that the VaR values of the conditional POT model and the moving student 

t-distribution model all pass the Kupiec test both in the normal period and in the crisis 

period, these two methods seem better than other methods mentioned in our paper. 

This conclusion has overlap with Wang, Wu, Chen, Zhou (2009)’s article which proves 

EVT can measure the risk more accurate for the exchange rate of JPY/CNY and 

EUR/CNY. VWHS only performs well in the crisis period, so the result is relatively 

hard to analysis. The unconditional POT model is the worst choice in this paper either 

in the normal period or in the crisis period.  

Thirdly, from the perspective of the two different confidence level 95% and 99%, 

all the results in the two tables show that a higher confidence level is helpful to 

improve the accuracy and decrease the probability of the method to underestimate the 

risk. Since only two cases in the two tables under 99% confidence level underestimate 

the risk while 9 cases exist under 95% confidence level.  
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Fourthly, the methods’ performance of different exchange rate should be 

analyzed separately. For USD/EUR, the performances of all the methods obtain 

similar results under a higher confidence level of 99%. No matter in the normal period 

or in the crisis period, they all pass the Kupiec test and show no difference. But the 

situation changes when the confidence level decreases. The performances in the crisis 

period remain good while the results in the normal period are not satisfactory. For 

JPY/EUR, the results are complex and it is hard to tell how the confidence level, 

economic situation and different methods influence the performance. The conditional 

POT model and moving student t-distribution are relatively better choice when 

estimating the exchange risk. For GBP/EUR, under a higher confidence level 99%, 

only the moving normal distribution in the crisis period fails to pass the test while 

other methods perform well no matter what economic situations are. Under a lower 

confidence level 95%, only unconditional POT model results are unsatisfactory.  

Additionally, no differences are found when ξ equals to zero or not, therefore it 

indicates that a nonzero ξ does not improve the model. Also from the results of 

parameter estimation before the POT model, most of the estimated ξ are very close 

to zero, which indicates that the parameter ξ dose not influence the model very much. 

Consequently, the performances of the risk measurement methods selected in this 

paper for different exchange rate are complex, no matter what kind of economic 

situation there exists—normal or crisis, it is hard to make a conclusion in one word. 

However, for the three exchange rate of EUR, the moving student t-distribution and 

conditional POT model are relatively better choices if the investors or companies 

want to decrease the probability to underestimate the risk. The financial crisis makes 

the situations more complex since it will increase the volatility of the exchange rate 

and the risk. It is better to estimate the risk by using several different kinds of 

methods and make a comparison when the economic environment goes badly. 
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Comparing to those previous literatures mentioned in section 2, this paper 

focuses on the exchange rate risk which is one of the three main markets that the VaR 

methods are widely used in, whose idea is inspired by Angelidis and Degiannakis 

(2005). Another motivation is exchange market has been discussed less than stock 

market relatively. None of the literatures mentioned here such as Wang, Wu, Chen, 

Zhou (2009) and Mazin A. M. and Al Janabi (2006) focus on euro typically at the 

background of economic crisis. The results obtained in this paper is not as obvious as 

those in the paper reported by Wang, Wu, Chen, Zhou (2009), however, a similar 

result that the EVT model is relatively better when estimating exchange risk is 

obtained. Meanwhile, it is expected that the results in this paper may be changed by 

applying some adjusted models mentioned in the literature reported by Mazin A. M. 

and Al Janabi (2006). 

There are still several limitations in our paper which may lead to existing bias of 

our results. Reasons are shown below: Firstly, the sample size of our data is not 

enough. There are almost 800 observations in the sample both for the normal period 

data and crisis period data, and less than 300 observations in the test period. It is not 

big enough to guarantee the accuracy of VaR. The results may change when the size 

increases. Secondly, the selection of the threshold value must be considered. In this 

paper, a fixed percentage of 4% has been determined since the threshold selection is a 

complex and full of controversy work, if the method to select the threshold is 

improved, different results may be obtained. Thirdly, the higher the confidence level 

is the better the EVT model will be. A confidence level which is higher than 99% may 

improve the performance of the POT model. 
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6. Conclusion 

This paper aims to measure the exchange rate risk of euro by using different 

kinds of methods and compare their performances at different economic situations 

typically at the background of world financial crisis and European debt crisis. 

In this paper, three main methods based on VaR which are non-parametric 

method including Volatility Weighted Historical Simulation (VWHS), parametric 

method including moving normal distribution and moving student t-distribution, 

Extreme Value Theory including unconditional and conditional POT models are 

adopted to measure the exchange rate risk of euro. Three exchange rates applied here 

are USD/EUR, JPY/EUR and GBP/EUR at the background of normal period and 

crisis period, in order to compare the different performances of these selected methods 

typically in different economic situations. These three exchange rates are selected due 

to their free volatility to euro, important influence to euro exchange market and some 

other typical features. Two different periods are selected and both are cut into two 

samples—observation sample and test sample. Each period contains 1027 numbers. In 

normal period, the number of observation data is 771 and the number of test data is 256. 

In the crisis period, the number of observation data is 768 and the number of test data is 

259. 

By applying the Kupiec test, the performances of several methods can be 

measured. From the results obtained, conclusions can be given from four aspects. 

Firstly, by comparing the results of the five methods, it is easy to find that the 

conditional POT model and moving student t-distribution simulate the VaR for all 

exchange rates much better than any other three methods, no matter what economic 

situations are. Secondly, we cannot find any obvious results to summarize the 

different performances under different economic situations; the result is complex 

whether the region economy goes well or bad. Thirdly, the results in this paper give 
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evidence again that the higher confidence level will increase the accuracy of VaR 

measurement models, typically for EVT model. In this paper, whether ξ equals to 

zero has little influence on the estimation of VaR in EVT models. Fourthly, from the 

perspective of exchange rate, all the methods perform well for USD/EUR under a 

higher confidence level but unsatisfactory under lower confidence level. Meanwhile, a 

complex result for the exchange rate of JPY/EUR and GBP/EUR exists. Although the 

more obvious results are not obtained like that in the paper reported by Wang, Wu, 

Chen, Zhou (2009), a similar conclusion can be made that the EVT model is relatively 

better than others. Meanwhile, exchange rate risk estimation process is quite complex 

and multiple use of different kinds of methods are appreciated. 

Additionally, these results may be led by some limitations which exist in our data 

selection and methods application. For instance, the sample size may be not big 

enough since larger sample will be appreciated in any estimations. A higher 

confidence level also should be considered since it can increase the accuracy of the 

models. In the sample selection, it is hard to make an indeed definition that which 

period is normal or in crisis, even when the crisis began. These limitations may 

influence our test and results very much and the results may change when these 

limitations are improved. Inspired by MazinA. M. and Al Janabi’s research (2006), one 

constructive VaR which takes adjustments for other factors into account may improve 

the accuracy to measure the risk. 

So far, specific suggestions should be given to those individual investors, 

enterprises or governments who pay attention to the world exchange market. A 

combination of several methods to estimate exchange risk will be an appreciated 

choice before making a decision for the exchange rate portfolio. A higher confidence 

level will help to increase the accuracy of the models. Finally, volatility clustering 

need to be under consideration, a moving volatility model may give more satisfactory 

results. 
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Appendix 

1. Figures of exchange rate risk under 99% confidence level 

 

Figure 4.4.a Non-parametric and parametric VaR of USD/EUR for the test 

sample in the normal period with 99% confidence level 

 

Figure 4.4.b Extreme value theory VaR of USD/EUR for the test sample in 

the normal period with 99% confidence level 
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Figure 4.4.c Non-parametric and parametric VaR of USD/EUR for the test 

sample in the crisis period with 99% confidence level 

 

Figure 4.4.d Extreme value theory VaR of USD/EUR for the test sample in 

the crisis period with 99% confidence level 
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Figure 4.5.a Non-parametric and parametric VaR of GBP/EUR for the test 

sample in the normal period with 99% confidence level 

 

Figure 4.5.b Extreme value theory VaR of GBP/EUR for the test sample in 

the normal period with 99% confidence level 
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Figure 4.5.c Non-parametric and parametric VaR of GBP/EUR for the test 

sample in the crisis period with 99% confidence level 

 

Figure 4.5.d Extreme value theory VaR of GBP/EUR for the test sample in 

the crisis period with 99% confidence level 
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Figure 4.6.a Non-parametric and parametric VaR of JPY/EUR for the test 

sample in the normal period with 99% confidence level 

 

Figure 4.6.b Extreme value theory VaR of JPY/EUR for the test sample in 

the normal period with 99% confidence level 
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Figure 4.6.c Non-parametric and parametric VaR of JPY/EUR for the 

testsample in the crisis period with 99% confidence level 

 

Figure 4.6.d Extreme value theory VaR of JPY/EUR for the test sample in 

the crisis period with 99% confidence level 
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2. Figures of exchange rate risk under 95% confidence level 

 

Figure 4.7.a Non-parametric and parametric VaR of USD/EUR for the test 

sample in the normal period with 95% confidence level 

 

Figure 4.7.b Extreme value theory VaR of USD/EUR for the test sample in 

the normal period with 95% confidence level 
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Figure 4.7.c Non-parametric and parametric VaR of USD/EUR for the test 

sample in the crisis period with 95% confidence level 

 

Figure 4.7.d Extreme value theory VaR of USD/EUR for the test sample in 

the crisis period with 95% confidence level 
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Figure 4.8.a Non-parametric and parametric VaR of JPY/EUR for the test 

sample in the normal period with 95% confidence level 

 

 

Figure 4.8.b Extreme value theory VaR of JPY/EUR for the test sample in 

the normal period with 95% confidence level 
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Figure 4.8.c Non-parametric and parametric VaR of JPY/EUR for the test 

sample in the crisis period with 95% confidence level 

 

Figure 4.8.d Extreme value theory VaR of JPY/EUR for the test sample in 

the crisis period with 95% confidence level 
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Figure 4.9.a Non-parametric and parametric VaR of GBP/EUR for the test 

sample in the normal period with 95% confidence level 

 

Figure 4.9.b Extreme value theory VaR of GBP/EUR for the test sample in the 

normal period with 95% confidence level 
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Figure 4.9.c Non-parametric and parametric VaR of GBP/EUR for the test 

sample in the crisis period with 95% confidence level 

 

Figure 4.9.b Extreme value theory VaR of GBP/EUR for the test sample in 

the crisis period with 95% confidence level 
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