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TP1: Exploring Financial Data 
1. Introduction 

The aim of that TP is to explore different financial data that will be used all along the project. That 
TP help us to have some behaviour of the market. To analyse the trend. 
 

2. Exploring European Indices 

Economic Summary 
 
To have an economic context of the period we studies I will give you a summary during the period from 
1991 to 1998. 
 
We are at the end of the Gulf War. The aim was to get the Kuwait free. The fight is conduct by the 
United Nations, the united states… It has an economic impact because Irak own petrol. The recovery 
starts slowly until 1996. 
1996: The inflation decrease, different country around the world begins to increase them exchange 
China, Asia with European Country. 
Finally 1998 we are in instability on the market. The globalization process is the main idea of the 
economy market around the world and some country is afraid by that open economy. 
To a projection in the future, the world goes into the Internet world and the internet bulb will get the 
world in recession few years later in the 2000 years. 

 
First we have to get the results, financial data on the web by the command data(EuStockMarkets) 
Now we analyse different results, we plot the graph; compare the mean, the variance, and the 
returns. 
 
Exploring the structure of the data: 
 

 star(EuStockMarkets) 
 

mts [1:1860, 1:4] 1629 1614 1607 1621 1618 ... 
- attr(*, "dimnames")=List of 2 
..$ : NULL 
..$ : chr [1:4] "DAX" "SMI" "CAC" "FTSE" 
- attr(*, "tsp")= num [1:3] 1991 1999 260 
- attr(*, "class")= chr [1:2] "mts" "ts" 
 

 
It shows us what will appear on the graph.  

- The historic of different market: "DAX" "SMI" "CAC" "FTSE" 
- The period of time: - attr(*, "tsp")= num [1:3] 1991 1999 260 
- … 
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It is bring us to that result 

 
 
With the next command we will merge all the results on the same graph in order to have a global 
approach and have a better idea of the market through that period. 
 
 

 
 
 
By comparison, the highest one represents the SMI then: DAX, FTSE, and CAC. 
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We generate the prices of the FTSE Market. To have the prices of the other market you just need 
to change the name in brackets: FTSE by CAC. Then just draw it. 
 

 
Prices of the FTSE market from 1991 to 1998 
 
To generate our returns we are going to use other indices. The DAX. 
With the first method: arithmetic 
 
> r1=diff(prices)/prices[-length(prices)] 
> summary(r1) 
      Min.          1st Qu.     Median       Mean           3rd Qu.       Max.  
-0.0917900 -0.0046740  0.0004727  0.0007052  0.0063750  0.0520700  

 
With the second method: logarithmic  
 
> r2=diff(log(prices)) 
> summary(r2) 
      Min.         1st Qu.     Median        Mean         3rd Qu.       Max.  
-0.0962800 -0.0046850  0.0004726  0.0006520  0.0063550  0.0507600  

 
Comparison of both methods 
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The representation has almost the same trend. 

 
 
Thanks to all that results. We first have the graph of the different results. Then we could compare 
the correlation of both. By observe the summary (mean, quartile, max, min…) we can see that the 
results are almost the same, so we have now two methods to get the returns. By plot the graph of 
(r1, r2) we see that most of the results are in the same interval. There are some extreme values, 
which characterize the difference of the methods. 
 
We cannot say that one method is more accurate than the other. One gets a highest max the other 
and highest min, the mean are almost the same… 
 
To draw the different histogram we are going to choose one of the returns: r2 with logarithmic 
approach. 
 
hist(r2, prob = T, breaks = 100, col = "yellow") 
curve(dnorm(x, mean(r2), sd(r2)), add = T, lwd = 2, col = "blue") 
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That graph summarizes the returns of the prices of the DAX market. It follows apparently a 
Gaussian distribution. 
 
To analyse the tails we used the leptokurtic observation, we observe peak in the centre and fat 
tails to both sides 
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3. Using Yahoo/Reuters Financial Data 

We used the prices of the S&P500. 
 

Explanation of the S&P500 
 
It’s an American devises based on the 500 biggest company in USA. Its value takes in account the 
Market Capitalization of the company in comparison to the Dow Jones, which takes care for the 
stock exchange prices, and just 30 companies. 
 
After extracting dates, we compute graph with the closes prices and the period of time. 
We used the original dates from yahoo. The updated one. 
 

 
Observation of the financial data: 
The returns of that data 
 

summary(r2) 
      Min.        1st Qu.       Median         Mean         3rd Qu.         Max.  
-0.1096000 -0.0049500 -0.0004625 -0.0002829  0.0041300  0.2290000 
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Histogram of the returns 
 

 
Tails of the returns 
 
We conclude that the distribution is quietly the same than the normal distribution. We can suppose 
that the normal distribution is a good approximation to simulate the returns generally. Now we are 
going to verify our hypothesis by drawing the quantile graph. 
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Is it possible to observe that the results we get with our Data are quietly the same than the normal 
one. The only difference resides in the fact that the tails are different. The normal distribution is a 
good simulation of the returns except for the tails and the extreme value. 
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4. Exploring Hedge Funds data from CSFB/Tremont indexes 

 
The data contain the monthly rates of returns of the different indexes. 
 

1) Preparing the Data 

 
The data is a matrix of 194*15 15 variables for 194 hedge funds. This data gives us more details 
about the strategy of the hedge funds, they implication in emerging markets… 
 

a) Graphics 
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Correlation matrix of funds : 
 

  
Covariance Matrix of funds : 
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Conclusion : 
The correlations of the different funds are 0,9, so they are highly positively correlated.  
The only exception is the Dedicated Short Bias, which is negatively correlated to the others (about 
-0.7). 

 
 

b) Statistical data, risk measures and risk adjusted performance measures 

 

We are going to use the following formula 
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Each formula goes with one method. Both seem to equivalent. But by regarding with accuracy we 
can see some variations. 
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Hedge Fund: Even Driven Risk Arbitrage:  
- The Sharpe ratio is about 2,3: it means that for risk taken, the performance is really good in 
comparison to a referential. 
- This hedge fund is the best one. 
 
Dedicated Short Bias and Emerging Markets: are both the worst funds, the Sharpe ratio for 
them is less than 1 it means that for a high risk these fund underperformed the general market 
 
Kurtosis and Scenes of annualized returns (Arithmetically) : 
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Historical and normal quantile (Value at Risk) at 99% and at 95% : 

W is the net asset value : 

 

 

 

 
 
 
 
Most attractive Fund is Driven Distressed and Risk Arbitrage because they have good annualized 
returns and Sharpe Ratio, a low potential loss (MDD, VaR are low). 
 
To conclude that research: 
- The hedge fund the less attractive is The Dedicated Short Bias fund, he has the worst Sharpe 
ratio, negative return, he could generate the biggest loss by looking the potential loss MDD, and 
his highest VaR 
The Hedge Fund the Most attractive is Driven Distressed and Risk Arbitrage because they have 
good annualized returns and Sharpe Ratio, a low potential loss (MDD, VaR are low). 
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TP2: To be or not to be normal 
 

That TP will help us to determined the most appropriated distribution, which fit with our data. 
We will see if our data follow a normal distribution 
 

1. Quantile-Quantile plots 

The quantile-quantile plot (q-q plot):  
- Graphical approach to determine the relation of 2 data sets which come from the same population 
we can analyze them common distribution. 
-We draw the quantiles of the first data set in comparison to the quantiles of the second data set. 
The qqnorm function : 
- This function is used to compare an unknown distribution with respect to a Normal distribution. 
The qqline : 
- This line is a 45-degree line, which represents quantiles of the Normal law with mean and 
standard deviation equal to the data. 
- If the data follows a Normal law, their quantiles must be close to this line.   
 
In the following graphs, we compare quantile of a Normal distribution with different other 
distributions: 
 
 
As example we start with the normal distribution 
 
 

 
For a normal distribution it is logical that the qqnorm and the qqline are similar  
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For this distribution, quantiles are bigger than the Normal distribution it is show by the fact that the 
tails of a Student law are fatter than the tails of a Normal law.  
 
 

 
 
 
There is no big common point in comparison to the Normal Law. The quantiles are really different 
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It depends of the intervall: 

 [-σ; σ] the quantiles are the same as the normal law distribution. 

<-2 σ & >2 σ the quantiles are really different, it’s shows by the tails in the graph. 
 
 

 
 
 
 
The symmetry of both distribution leads to a common line in the middle, but due to the fact that 
uniform distribution has no tails, quantiles are very different when σ>1 (absolute value). 
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After that theorical approach it’s interesting to compare and used that qq-plots on practical 
application: 
We are going to take example from the S&P returns. 
 
QQnorm fot the S&P returns: 

 
 
To analyse with accuracy the tails we can zoom: 
We try to differents zoom the first one by taking all the points in the tails. For the second one we 
forget the most extreme value in order to have a better view of the process. 
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To read graphically the theoretical and empirical quantile at 3 we draw the pink line (abline) at -3 
The theoretical Quantile is -0.02 and we observe the empirical quantile on the graphe at -0.055  
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The VaR package cannot be installed on my laptop. So we took the same graph as you prupose us 
in the TP 
 
Comparison with Hedge Funds: 
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There are equivalence in the centre. The Hedge Funds indices are quietly similar to a normal 
distribution. It’s interesting to see that the other law follow a perfect line, a perfect trajectory and 
when you analyze concrete elements there are some disturbtion. 
But in general between [-1,1] it’s the same as the normal distribution. The tails are quite different. 

It’s due to the fact that extreme value is exceptions so in real life exceptions could not follow a 

known trajectory. 

 

It is the same comparing the EURO/USD distribution the tails are fat, and the average of the other 

value are quietly following a normal distribution. 

 

 

2.  Fitting with a Student Distribution 

 
Graphically the best degree for Student law seems to be between 2 & 4:  
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Function result:  
$maximum 
[1] 3.323527 
With computing approach we see the best degree for student law is 3. 
 

3. Statistical test for normality 

 
We are going to see in details to different test : Shapiro Wilk tests and Jarque Bera test  
Both they compute normally distribution and get back a p-value. That value corresponds to the 
probability to get a mistake if we reject the null hypothesis (normality of the distribution). 
Shapiro-Wilk normality test: data:  tail(rcloses, 5000)  

W = 0.9088, p-value < 2.2e-16 
Jarque Bera Test: data:  tail(rcloses, 5000)  

X-squared = 17382.75, df = 2, p-value < 2.2e-16 
The p-value of both of the tests is really small it leads us to reject the normal hypothesis 
 
 

 
 
 
The only fund, which has a big p-value, like to high, seems to follow a Gaussian distribution. It’s 
the only one, the other fund where the p-value is generate by the Shapiro test can be rejected. 
 
Kolmogorov-Smirnov test 
data:  tail(rcloses, 5000) and rt(5000, 5)  

D = 0.492, p-value < 2.2e-16 
 
By using with a degree equal to 5, if we test the Student hypothesis by using kolmogorov-

smirnof test, we obtain a p-value also really low so we can reject the Student hypothesis 
 
Interval p-Value 
1 month 3.99 E -14 
3 months 5.86 E -7 
6 months 1.57 E -4 
8 months 5.41 E -3 
10 months 5.96 E -2 
12 months 6.15 E -2 
 
When the period of time increase until 1 year we saw that the p-value also is increasing  it means 
that the probability to make a mistake by reject the Gaussian hypothesis is too high by 10 months 
(>5%) 
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TP3: Independence and other stylized facts 
 

In this work we are going to analyze the correlation between returns. In a first approach we will 
see that they have not common point, however the returns in square are correlated.  
 
 

1. Auto-correlation of returns 

 

 

 

 
 
The ACF function enables us to see the correlation to different lag. 
The blue line represents the 95% confidence interval. 
We can see that some correlations are not significative because they are under the confidence line. 
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Concerning the square, there is more correlation between returns. We can analyze the decrease of 
the correlation. 
 
 
 
 

 
Range= log(high value) – log(low value) 
Abs and square are same to see the phenomena but the range is the best to look this. 
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2. Statistical test and autocorrelations 

a. Correlation test 

 
Pearson's is use to product the moment correlation. 
With the data:  r [-1] and r [-length(r)]  
t = -0.8069, df = 5314, p-value = 0.4198 
Alternative Hypothesis: true correlation is not equal to 0  
95 percent confidence interval: 
 [-0.03793926; 0.01581964]  
Sample Estimates: correlation -0.01106781 
We can’t reject the null hypothesis because the p-value is more than 5%. 
 

b. Durbin Waston test : 

  
 
If  2 < d < 4 then  the autocorrelation is negative 
If d  = 2 there is no autocorrelation, 
If  0 < d < 2  the autocorrelation is positive.  
With the Durbin Waston model (dwtest function) we find a d close to 2 so we can conclude that the 
autocorrelation is null. 
 

c. Run test 

> runstest = function(r, a = median(r)) 
With the runtest function we obtain:  
[1] -1.380069 
p.value=[1] 0.0837827 
> runstest(r)  
[1] 1.001225 
p.value=[1] 0.8416409 
We can’t reject the null hypothesis because the p-value is more than 5%. 
> runstest(r*r)  
[1] -3.305402 
p.value=[1] 0.0004742019 
We can’t reject the null hypothesis because the p-value is more than 5%. 
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That shows an autocorrelation between square returns. 
 

3. Scale effects 

The relation Ts (T) ²=Ts (1)² help us to show the scale effect. When the period increase the 
volatility too. 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

When the period increase the excess Kurtosis decrease. 
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4. Do returns are significantly different from zero? 

In this part we want to test if the expected return is significantly different from zero with one 
sample t-test:  
t = 0.7479, df = 5316, p-value = 45.46% 
Alternative Hypothesis: true mean is not equal to 0  
 [-0.0002353610; 0.0005256912] is the 95 percent interval.  
0.0001451651 is the mean of x. 
The p-value (45.46%) is more than 5% so we can‘t reject the null hypothesis. 
We can consider that the expected return is equal to zero. 
 

5. Cross correlation between return and square returns: 

We can also study the correlation between r and r²: 
If you take negative lags the correlation will be negative, and with positive lags the correlation is 
about 0. We show that the volatility of all the stocks depends on the Market senses if it decreases 
all the stock decrease and the correlation will be more important. 
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TP4: Volatility simulations and estimations 
 

 
Volatility is an important parameter in finance and we can estimate easier than returns. We are 
going to see how to estimate it and the precision of ours estimations. 
In this TP, we will assume that the volatility is constant same as the B&S Model. 
We have few estimators and we will show the formula and results. We will try to prove that 
estimators using the highs and lows are more efficient than the ones which use closes value. We 
take a sigma=20% and a null expected value for the test. 
 

1. Historic: 

 

 

For historical estimator, we have:  So the relative error is equal to 10% when 
we work with 200 days. 
 
 
 
 
 
 
 
 
 

2. Parkinson: 
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With the model Open High Low Close: h = log (high) l = log (low) o = log (open) c = log (close). 

 
 
 

3. Roger Satchell: 
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4. Garman Klass: 

 
With: 

 uk = log(high)k - log(open)k 
 dk = log(low)k - log(open)k 
 ck = log(close)k - log(open)k 

 
 
 

With the formula:  we can compute a new estimation of the 

volatility: 
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 The estimators, which use highs and lows, have a relative error equal to 10% with n equals to 60 
days. 
We can conclude that the volatility estimators are more efficient if they use highs and lows values.  
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TP5: Exponential Weighted Moving Average (Risk Metrics) and 

GARCH 
 

1. Introduction 

Volatility and correlation are two elements really important in Finance. It enables us to understand 
and make conclusions about risk management or pricing derivatives. 
But Volatility brings us to a problem. We cannot observe it with accuracy; we have to estimate it 
thanks to our sample. To reach that aim we use some different mathematics model. 
 
As we can choose any stock indices we try with the CAC 40 by downloading data from yahoo 
 

 
 
Analyse of the graph: The 2000 years are the time of the Internet bulb and the 2008-2009 the 
time of the recession that explain the shape of that graph. In 2000 the cack lost 80% of its value. 
 
 
 

2. Some stylized facts 

 

 
 
That results gives us the IC for the mean, we see it’s quite equal to 0. 
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This graph shows us the autocorrelation of the returns. In order to test if the autocorrelation is 
significative we compute the Durbin Watson statistic: 
 
Durbin Watson Test: 
It is a test to analyse the autocorrelation between elements. 
Its value is between 0 and 4. A value close to 0 shows a positive autocorrelation. Value between 2 
and 4 show a non-correlation and value close to 4: negative autocorrelation. 

 
 

 
 

 
 
This result is really closed to 2 so there is no evidence of autocorrelation. 
For the approach of the ACF it’s better to analyse the square of the returns. 
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Watson test for the square: 
 
 

 
 
 We read some articles about the Durbin Watson test and they told us that if the result is close to 1 
there is a doubt but generally it shows a non-autocorrelation. 
 
For the log of the returns 
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In that case autocorrelation are much more significative. 
 
Correlation of the returns and the volatility 
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The volatility thanks to that graph is shown as not constant. 
 

3. EWMA 

It’s an exponential weighted moving average model: 
 

 
The strength of that method is that we did not need a lot of estimations to implement the model. It 
depends a lot of the parameter lambda. The objective of our work is to find the most appropriate 
lambda. The volatility estimated today is by mean a predictor of tomorrow. 
We are going to find the right lambda by minimize the Mean Square Error: 
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The optimal parameter for lambda is 0,9111525 
 
Now we can forecast the estimation with that parameter 
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If we consider at time t that the returns are normally distributed we can use another method. 
Now the concept is to maximize that function: 
 

 

 
 
The optimal factor is 0,93711 for that method. 
 

 
 
The shape of that plot looks more constant and equilibrates with an optimal lambda. 
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The reduce square returns is no longer autocorralated 
We can check that results with the durbin Watson test: 
 
 

 
 
It is closed to 2 it show us there is no auto-correlation 

 
 
 

We can conclude that part: 
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When the likelihood function is normal (it shows here by the qqline and the qqnorm which are the 
same as the normal distribution), we can forecast the volatility by minimize the MSE method or by 
maximize the likelihood criterion when the volatility is constant. 

 
 
 

4. Introduction to GARCH Modelling 

 
The GARCH model (Generalized Autoregressive Conditional Heteroscedasticity) is use in finance to 
estimate and analysed the volatility. The most used GARCH model is GARCH (1,1) : 
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The approach with the Arch model is more accurate than with the EWMA 
 
 
 
 

 
 
 
 
 

TP6: Value at Risk – Etude de cas 
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The portfolio is invested in the CAC, in Future Contract. 
We take the historic of the Cac40 extract from Yahoo 
 
http://www.yats.com/downloads/^FCHI.csv, 
 
For each model and approximation of the VaR we have: 
Alpha  = 0:01  
We are going to calculate the VaR on all the historic except of the first 500 days which will be used 
to initialized the estimators 
 

1. Model: Historic VaR 

 

The main idea is to compute a VaR based on the historic of an asset. The model is quite perfect if 
the sample is long enough and if there is no big variation (no crisis, no bankrupt, no big variation 
like the last 4 months for example with the war in Arabic country, the crisis of 2008 or the internet 
bulb in the 2000 years) 
 
We use for that estimation, the quantile Function.  
 

 
 
 
 
 
Interpretation 
 
VaR is represented by the red curve. The estimations are the Black Point. We analyse some pick at 
1700, 2600, 4100, which shows big macroeconomic variation, which have influence on the CAC40 
 
Concerning the exceptions. As we analyzed a VaR with alpha =0.01. We should observe just ten 
exceptions every 1000 days.  
 
We computed some analyze in order to observe precisely our model. 
 
First of all we are going to see what should be the true result with a perfect model. 
With a period of 4802 days we should have a number of exceptions of 48 and accept an IC 
between 35 and 63 exceptions and a p value equal to 2.2e-16 
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> binom.test(48,4802) 
 
       Exact binomial test 
 
data:  48 and 4802  
number of successes = 48, number of trials = 4802, p-value < 2.2e-16 
alternative hypothesis: true probability of success is not equal to 0.5  
95 percent confidence interval: 
0.007379079 0.013231415  
sample estimates: 
probability of success  
          0.009995835  
 
> binom.test(48,4802)$conf*4802 
[1] 35.43434 63.53725 

    
 
With our Model: on a period of time of 4802 days we get 67 exceptions with a p-value of 0.008797 
 

> sum(r0<varh0) 
[1] 67 
> sum(r0<varh0)/length(r0) 
[1] 0.01395252 
> length(r0) 
[1] 4802 
> binom.test(67,4802,0.01) 
 
        Exact binomial test 
 
data:  67 and 4802  
number of successes = 67, number of trials = 4802, p-value = 0.008797 
alternative hypothesis: true probability of success is not equal to 0.01  
95 percent confidence interval: 
 0.01082893 0.01768576  
sample estimates: 
probability of success  
            0.01395252  
 

 
To conclude our model is at the limit of acceptance. We are near the max of the exceptions we 
could accept (67 and the max of the perfect model is 63). 
 

2. Model: Normal VaR 

Same sample of the CaC40 same measure for the VaR 
 
Introduction 
Firstly to understand the how works the model, we are going to explain the Normal distributed 
VaR. 
 
It mainly depends on the volatility, for daily return the term mu has no big influence of the results 
so we approach the model by sigma, which could be estimated with a RiskMetrics or a Garch 
Estimation. This method is simple to compute however it doesn’t take in account the kurtosis and 
generally the VaR is underestimated. 
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> sum(r0<varg0) 
[1] 85 
 
> sum(r0<varg0)/length(r0) 
[1] 0.01770096 
 
> binom.test(85,4802,0.01) 

 
       Exact binomial test 
 

data:  85 and 4802  
number of successes = 85, number of trials = 4802, p-value = 1.004e-06 
alternative hypothesis: true probability of success is not equal to 0.01  
95 percent confidence interval: 
 0.01416274 0.02184156  
sample estimates: 
probability of success  
0.01770096  
> binom.test(85,4802)$conf*4802 
[1]  68.00949 104.88316 
 

 
By analyzing the results we have a number of exceptions much more than the historic VaR 

Model : 85. The IC is from 68 to 104 exceptions.  
 
In Comparison to the perfect model we have to reject our analyses, in that case the VaR is 
underestimated. 
 

3. VaR GARCH 
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It looks like the same as the VaR RiskMetric. But there are 59 exceptions. 
 

4. Cornish-Fischer 

Useful in the estimation of the quantile. 
We can get the drawing of that value by compute the code: 
 
kurtosis= function (x){ 
x0=(x-mean(x))/sd(x) 
mean(x0^4) 
} 
sigmat=sqrt(ema(r^2,0.92)) 
varcf=(qnorm(0.01)+(qnorm(0.01)^3-(3*qnorm(0.01)))*(kurtosis(r)-3)/24)*sigmat 

 

 
 
 
Conclusion 
 
The Historic VaR gives us a best approximation than the both Normal VaR (With RiskMetric or 
GARCH)  
 

5. Backtesting 

For that part we have to find away the results that the Bale Comity requires. 
The backtesting compares the VaR with the loss to check if the level is good. 
The following table gives us the confidence intervals in which the numbers of exceptions must be to 
accept the corresponding VaR level.  
 
 Alpha T=250 T=510 T=1000 T=length(r0) 
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99% 0.2425774<Ne<
7.1495868 

1.627284<Ne< 
11.592213 

4.805511 <Ne< 
18.313243 

35.43419<Ne< 
63.53760 

95% 6.261249<Ne< 
20.586157 

17.12008<Ne< 
37.64230 

37.33540<Ne< 
65.39049 

212.1655<Ne< 
272.4962 

90% 16.44150<Ne< 
36.01884 

38.43653<Ne< 
65.98497 

82.10533<Ne< 
120.28794 

441.8558 <Ne< 
524.4961 

 
VaR alpha T=250 (last 

returns) 
T=length(r0) 

historical 99% 0 67 

 95% 5 283 
 90% 15 518 
Gaussian 99% 5 85 
 95% 12 299 
 90% 24 505 
Cornish Fisher 99% 1 10 
 95% 14 343 
 90% 40 819 
 
 
 

 
 
 
> binom.test(10,510)$conf*510 
[1]  4.815313 18.239224 
attr(,"conf.level") 
[1] 0.95 
>  
> binom.test(5,510)$conf*510 
[1]  1.627284 11.592213 
attr(,"conf.level") 
[1] 0.95 
 

We tried to compute and find again all of this number, we find out the number of exceptions, we 
try to find it the code for all the models and for different alpha. 
We now compute the interval of confidence: we backtest all the sample: 
 

• If alpha= 99% or 95%, we reject the VaR level of all the models; 
• If alpha= 90%, we accept the VaR level of the historical and Gaussian model. 

If we do the backtesting on the 250 last returns: 
• If alpha=99% or 95%, we reject the historical VaR but we accept the Gaussian and the 

Cornish Fisher VaR; 
• If alpha=90%, we only accept the Gaussian VaR. 

 
6. Management of a CAC40 Future fund 
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We have to find that VaR for the CAC: 

 
W is the value of our fund. 
Our portfolio contains teta invested in CAC the other part is invested on safe asset with a return of 
0,05 

 
The theta value, which corresponds to the objective, is: 

 
We now analyze the evolution of the teta in order to respect the VaR we want. 
 

Now we are going to see variation by taking 
different VaR and assimilate it on CaC 

• hist  computed by taking the historical VaR for the teta 
• norm computed by taking the Gaussian VaR with Riskmetrics volatility 
• rf computed when the only investment is with free risk asset 
• CAC computed with a portfolio only invested in CAC 



 

Amarouch Saad                                                                                                                        ESILV S8 
Belloin Louis 
Colonna Andrea  51 
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TP7 : Extreme Value 

 
 

1. Introduction 

In this project, we are going to use différent méthods to estimate the tail distribution behaviour : 
‐ Hill Method 
‐ Extreme values theory 
‐ Generalized Pareto 
‐ Expected Shortfall 

Asset tails seems to have exponential law behaviour. 

 
 Most of the Financial asset have a tail distribution between 3 and 5. For us, we are going to study 
the return of the CAC 40.  
 

2. Hill estimate  

 
If the tail behaves as a law power, it is enough to make a simple regression on quantiles. 
 
We use the hill function with 1000 random drawing for Normal law, exponential law, student with 3 
degree of freedom and Cauchy law. 
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Results : 
 
 
 
 
 
 

 
 

 
 
 
 
As we said, we are going to consider the return of the index CAC40 : 
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We  see that returns of the CAC 40 have a tail equal to 3 so like most Financial asset.  
 
 

3. Extreme value theorem 

 

The theorem of the extreme values is ' equivalent of the theorem of the Central Limit for the tails 
of distribution. 

 
and  

 
Weibull distribution If ξ < 0 we have : there is no tails 

Frechet distribution If ξ > 0 we have  with a tail index  

Gumbel distribution If ξ = 0 we have  with infinite tail indexes. 
ξ can be estimated thanks to the maximum likelihood estimation. 
Estimate of the returns of the CAC 40 with the method of Maxima.  
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We have the case xi>0 so the frechet distribution.  

The tail index is  = 1/0246042119 = 4.06 

The error of the estimation is quite big cause we sow that we have a tail index of 3 with the hill 
function.  
 

4. Generalized Pareto  

 

We are going to consider now the distribution of the losses beyond a certain threshold 

 
Distribution of generalized Pareto : 

 

 
 
For that, we make an estimation of generalized Pareto of a distribution that we know, for example 
we will take the t-student with 3 degree of freedom. So the index of the tail would normally be 
equal to 3.  

 
 
xi is equal to 0,3093688 so the order of the tail index is 3 like we expect from a student with 3 
freedom degree. 
The exact index tail with this estimation is 1/0,3093688 =3,232388011 
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The error of the estimation is quite big. 
 
 
 
The graph to visualize the tail distribution  in logarithm 

scale :  
 
 
Influence of the threshold on the xi Value :  

 
We redo the expérience with samples of lower size n=1000 
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We obtain almost the same result as the previous test  
 
Now we consider the returns of the CAC 40 :  
 
 

 
We see that the reliable interval are very big, so this method can’t give us a good précision.  
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Expected shortfall : 
We use the function riskmeasures with a threshold of 0.95, 0.99, 0.999, and 0.9999 to estimate 
the VAR and the expected of the losses.  
 

 
 


