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Abstract 
The following study explores the stochastic properties of financial time series. Special attention is devoted to the 
unusual two-peaked shape of the empirically observed distribution of the conditional on realised volatility 
financial returns. The performed analysis leads to the conclusion that the conditional on realised volatility returns 
are distributed with the specific previously undocumented distribution. The probability density that represents 
this distribution is derived, characterised and applied for improving the forecasts of Value at Risk. 
Key words: Realised volatility, High-frequency data, Value at Risk, Two-component effect, Monte Carlo 
simulation 

 
1. Introduction 
A distribution of financial returns plays a central role in financial econometrics and its 
applications. It is important to distinguish between unconditional and conditional return 
distributions. The unconditional distribution reflects stochastic characteristics of returns 
observed in the markets. Since unconditional returns can be directly observed, they have been 
well studied. The situation is more complicated in the case of conditional returns. The term 
conditional generally refers to conditioning returns on underlying volatility. Since financial 
volatility is not directly observable, volatility estimates are used for conditioning. Realised 
volatility is an unbiased, consistent and highly efficient estimator of actual financial volatility. 
In this study realised volatility estimates are applied to conditioning financial return series. 
Despite the theoretical expectations, it has been found that conditional on realised volatility 
returns are not standard normally distributed but follow the specific previously undocumented 
two-peaked distribution. The probability density that represents this distribution is derived and 
applied to forecasting the future return probability density quintiles, or so-called Value at Risk. 

The paper is structured as follows. Section 2 presents the traditional return decomposition and 
introduces the realised volatility estimator. In Section 3 the unusual previously undocumented 
distribution of conditional on realised volatility return series is documented and probability 
density that represents this distribution suggested. Section 4 demonstrates how the new 
probability density can be used in the financial model with application to Value at Risk 
forecasting. Section 5 summarises the results of the study.  
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2. Return Decomposition and Realised Volatility 
We assume that daily return generating process can be expressed as follows. 

 t t tr zσ=  (1) 

where 1ln( ) ln( )t t tr P P−= − , tP  is a last price observed over day t , and ~ (0,1)tz N  and tσ  are 
a stochastic component and standard deviation of return over day t  respectively. 

This view on the return generating process relies on the Efficient Market Hypothesis exposed 
by Fama [1] and widely accepted among academics and practitioners (see Campbell et al. 
[2]). Following this, the conditional on volatility returns ttt rz σ=  are expected to be 
standard normally distributed: )1,0(~ Nzt . For such conditioning it is required to estimate 
volatility over each day t . The recent developments in financial econometrics allow 
estimating the variability of financial returns using more frequently sampled intra-period data 
in place of traditional multi-period datasets. Andersen and Bollerslev [3] and Andersen et al. 
[4] related intra-period accumulation of squared returns to the mathematical concept of 
quadratic variation and proposed the realised volatility estimator. Realised volatility is an 
unbiased, consistent and efficient volatility estimator that does not requires information 
outside an estimation interval. Realised volatility in day t  based on k  intraday return 
observations is expressed as follows. 

 2
, ,

1

k

t k t n
n

v x
=

= ∑  (2) 

where ,t kv  is a realised volatility estimate computed by summing squared intraday returns 2
,t nx  

that sampled k  times over equally spaced time intervals within day t .  

The especially useful property of the realised volatility estimator is consistency: 2
,t k tv σ→  as 

∞→k . However, the value of k  should not be the highest available in order to avoid the 
domination of the microstructure bias, though high enough to minimise the measurement 
error. For selection of the optimal sampling frequency Andersen et al. [5] suggested the 
volatility signature plot approach, which is illustrated in Appendix 2 on the example of data 
described in Appendix 1. It has been found that the optimal sampling frequency for series 
considered in the study is 8=k . Hence, the realised volatility series ,8tv  has been computed 
for return conditioning. 

 
3. The Two-Component Effect and J  Distribution 
The conditional return series has been computed as follows. 

 ,8t t tz r σ=  (3) 

where the log return tr  over day t  is standardised by the realised standard deviation 

,8 ,8t tvσ = . 

According the theoretical view on the return generating process given by (1), conditional 
returns should be approximately standard normally distributed )1,0(~ Nzt . Indeed, Andersen 
et al. [6] performed the standardisation (3) and found that distributions of the resulted series 
are “remarkably close to a standard normal”. Authors interpreted this result as consistent with 
Mixture-of-Distributions hypothesis suggested by Clark [7], completely ignoring 
platykurtosis, which clearly violets normality. In this study it has been found that standardised 
return series computed by (3) has a highly unusual two-peaked distribution.  
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Figure 1. Standardised by 8,tσ  AUD/USD futures returns 

This empirical effect has been entitled the two-component effect. After the careful 
examination it has been found that the two-component effect arrises due to the special case of 
heteroscedasticity in intraday returns. Specifically, the simple standard deviation of returns 
over the first intraday period is more than three times larger than standard deviations of the 
rest of intraday returns. The table below demonstrates this. 

Table 1. Simple standard deviations of intraday returns 

n = 1 2 3 4 5 6 7 8 

s.d. of returns 0,0051 0,0015 0,0015 0,0015 0,0014 0,0012 0,0011 0,0012 

 

In mathematical terms this situation can be expressed as follows. 

 ,1 ,2 ,

2 2 2
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( ) ...
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where 2
, ~ (0, )t n tx N kσ , 2

,~ (0, )t j tj N σ , 2
, 0j tσ >  and k  is the number of intraday returns 

within day t .  

It has been found that with 8=k , 2 1tσ =  and 2
, 3j tσ =  the random variable given by (4) has a 

distribution that is visually identical to the distribution of empirically observed standardised 
returns. Recognising that if ∞→k  then , 0t nx →  and relating the homogenous variance 2

tσ  

to the variance of a jump as 2 2
,j t tσ α σ= ⋅ , the function (4) can be presented as follows. 

 
2 2

t t
t

t t

y jz
jσ

+
=

+
 (5) 

where 2~ (0, )t ty N σ , 2~ (0, )t tj N α σ⋅ , 0≥α  reflects the portion of 2
tσ  in 2

,j tσ  and 
( , ) 0t tCov y j = . 
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Since the denominator of (5) is an unbiased and consistent estimator of the standard deviation 
of the numerator and the variance of ty  is directly related to the variance of tj  through the 
parameter α , it can be demonstrated that the distribution of tz  does not depend on the 
variance of ty . Therefore (5) can be generalised as follows. 

 
21

t t
t

t

y jz
j

+
=

+
 (6) 

where )1,0(~ Nyt , ),(~ αγNjt , 0≥α  and 0),( =tt jyCov . 

The new function is a combination of two i.n.d. random variables one of which is standard 
normally distributed and the other is normally distributed with arbitrary parameters. Since the 
distribution of tz  given by (6) depends only on two parameters γ  and α , this probability 
density will be referred to as ),( αγJ . Figure 2 demonstrates some shapes that ),( αγJ  takes 
with variation of parameters γ  and α . 
 

)1,0(J       )20,0(J  

 
)5,1(−J      )5,1(J  

 
Figure 2. Histograms of ),( αγJ  distributed random variables 

 

It should be noted that if 0=γ  then tz  given by (6) always have expected unconditional 
mean and variance parameters 0 and 1 respectively. More detailed characterisation of ),( αγJ  
together with visual examples and technical comments is given in Moldovan [8]. It also 
should be noted that since at the present moment ),( αγJ  has not a probability density 
function, this distribution is simulated but not theoretical. However, since the random number 
generator is already (see [9]), J can already be applied practically. In the next section it is 
demonstrated how ),( αγJ  can be used in the financial model for forecasting purposes. 
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4. Application of ( , )J γ α : Forecasting Probability Quintiles of Future Price 
Distribution 

In this section is shown how ( , )J γ α  can be applied for improving the forecasting 
performance of the financial model. Specifically, it is demonstrated how taking into account 
the previously unnoticed distributional specifics of conditional on realised volatility returns 
can substantially improve forecasts of Value at Risk (VaR), which after the acceptance by the 
Basle Committee (Basel Committee on Banking supervision [10]) has become the most 
widely used risk measurement tool in the banking sector.  
VaR of a financial asset or portfolio of assets is defined as the maximum loss that can be 
expected with a certain level of confidence over a particular interval of time. Thus, VaR is 
equivalent to a quintile of a future gain/losses distribution on a considered asset or portfolio of 
assets that corresponds to a desired confidence level. One of the most efficient ways of VaR 
forecasting is based on the Monte Carlo simulation technique (see Jorion [11]). This 
technique can be implemented by forecasting the future gain/losses distribution and selecting 
a required quintile. The following financial model is used for simulation. 

 1 exp( )t t tP P r−= ⋅  (7a) 

 ,t t k tr zσ=  ~ . . . (0,1)tz i i d N  (7b) 

 ,ln( )t t kq σ=  (7c) 

 1 2 1 3 1t t t tq c c q c η η− −= + + +  (7d) 

 t t thη ξ=  ~ . . . (0,1)t i i d Nξ  (7e) 

 2
1 1t t th w a bhη − −= + +  (7f) 

where tP  and tr  are the price and log return at time t  respectively, ,t kσ  is the realised 
standard deviation estimated from returns sampled k  times per time interval, 1c , 2c  and 3c  
are the unconditional mean, AR and MA are coefficients in (7d) respectively, tη  is the 
serially uncorrelated innovation, th  is the conditional second moment of tη . w , a  and b  are 
the unconditional mean, ARCH and GARCH coefficients in (7f) respectively.  
For evaluation of the forecasting performance of the 1000 days backtesting procedure the 
following confidence intervals have been used (Kupiec [12]).  

 95% confidence level: 6537 << X  (8a) 

 99% confidence level: 174 << X  (8b) 

where X  is a umber of prices given by (7a) that are less than the actually observed prices. 
In words, over 1000 days we expect 50 and 10 prices, which called exceptions, to lie below the 
actually observed prices for 95% and 99% confidence levels respectively. However, since VaR 
is a stochastic measure some deviations from the expected values should be anticipated. Values 
that are within the intervals given by (8a) and (8b) can be attributed to a chance. Values outside 
these intervals will indicate the model misspecification. The results of the backtesting procedure 
applied for 1 to 10 days ahead VaR forecasts are shown below with * indicating the numbers of 
exceptions that lie outside the non-rejection regions given by (8a) and (8b). 

Table 2. Numbers of exceptions of (7) with )1,0(~ Nzt  in (7b)  

Days ahead 1 2 3 4 5 6 7 8 9 10 
VaR95 54 47 47 44 42 41 33* 35* 36* 34* 
VaR99 4* 7 9 8 5 7 9 7 6 7 
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As can be seen, the model (7) is misspecified. The misspecification can be attributed to 
standard normally distributed tz  in (7b) that in fact found to be J  distributed. After replacing 

)1,0(~ Nzt  for ~ (0,14.8)J  in (7b), the following backtesting results have been obtained. 

Table 3. Numbers of exceptions of (7) with )8.14,0(~ J  in (7b) 

Days ahead 1 2 3 4 5 6 7 8 9 10 
VaR95 57 51 47 47 42 43 38 38 38 36* 
VaR99 9 10 11 12 8 7 10 9 8 8 

The model has become almost correctly specified.  

 
5. Conclusion 
In the study the distribution of conditional on realised volatility financial returns has been 
studied. It has been demonstrated that conditional returns are not standard normally 
distributed, as argued in Andersen et al. [6], but follow a specific previously undocumented 
distribution. The probability density that represents this distribution has been derived. Since 
the shape of the new density depends on two parameters it was referred to as ),( αγJ . It has 
been demonstrated how ),( αγJ  can be used in the financial model for Value at Risk 
forecasting. It should be noted that J  does not have a probability density function and 
therefore is simulated but not a theoretical distribution. It should also be noted that bimodal 

),( αγJ  is the simplest in the mJ  family that includes probability densities with any desired 
number of peaks m+1. We are confident that time will indicate additional applications as well 
as limitations of mJ . 
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Appendices 
Appendix 1. Data description 
One main dataset is used in this study. This is the foreign futures exchange rates between the Australian dollar 
(AUD) and American dollar (USD). AUD/USD futures exchange rates series is obtained from Tick Data, Inc 
(www.tickdata.com) and covers the period from 2 January 1990 to 31 March 2000 ( 2586=T trading days). 
The duration of each trading day t  is 400 minutes. Trading is open Monday to Friday, from 7.20 a.m. to 2.00 
p.m. Data is recorded tick by tick and contains 234,905 observations of prices on AUD/USD contracts.  

Appendix 2. Volatility signature plot 
For selecting the optimal sampling frequency for realised volatility estimation the volatility signature plot 
approach has been used in the study. A volatility signature plot has been suggested in Andersen et al. [5] and is a 
graphical diagnostic, designed to provide some guidance in selecting the optimal return sampling frequency for 
realised volatility series computation. The problem is to find the balance between a measurement error, which is 
the most severe in the case of using squared returns as volatility estimates, and microstructure noise, which 
distorts realised volatility estimates as sampling frequency increases. AUD/USD futures exchange rates series, 
containing tick-by-tick data, is resampled with different frequencies. Eight sampling frequency intervals have 
been used: 5, 10, 20, 40, 50, 100, 200 and 400 minutes. The corresponding numbers of intraday prices are =k  
80, 40, 20, 10, 8, 4, 2 and 1. For return calculation, the last prices that were observed over a sampling period 
have been used. If no transactions occurred over a sampling period, then the latest recorded prices were taken. 
Realised volatility in day t  based on k  intraday price observations is calculated as follows. 

 2
, ,

1

k

t k t n
n

v x
=

= ∑  (A2.1) 

As a result, eight realised volatility series 1,1,180,80,1 ,...,;...;,..., TT vvvv  were obtained. To define a volatility 
signature plot, the average values of each of eight series were calculated.  

 1
,

1

T

k t k
t

v T v−

=

= ∑  (A2.2) 

The average realised volatilities kv , =k 80,40,…,1 were plotted against the lengths of sampling intervals in 
minutes 400,...,10,5 . Figure A2.1 shows the result.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure A2.1. Realised volatility signature plot for AUD/USD series 

Remembering that microstructure effects are of the main concern in series with the highest sampling frequency, 
one should follow the volatility signature plot from the left to the right. Andersen et al. [5] argued that the point 
where the volatility signature plot is “stabilised” should be selected as optimal. In the AUD/USD series plot, this 
point corresponds to the 50 minute sampling interval ( 8v ). This means that for obtaining the optimal realised 
volatility estimates, returns should be sampled 8 times per trading day. This sampling frequency was used in the 
study for estimating the realised volatility series. 
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Abstract 
The question of whether or not a set of random variables follows a specific theoretical distribution often arises in 
many theoretical and applied disciplines. When true population parameters of a hypothesised distribution are 
known the test is known as simple. However, more often one is not able to deal with a whole population because 
of reasons such as the absence of access to an entire dataset or unacceptable cost of information collection. In 
this case, parameters have to be estimated from a sample and the test that is based on parameter estimates is 
known as composite. Inferences that are based on a composite test are in general less reliable than in the case 
with a simple test. In the following paper we suggest the analytical simple test for normality that allows 
performing the testing without knowing mean and variance parameters of a population. The presented test can be 
especially effective in the time-critical applications such as automatic control. Size and power of the presented 
test are given and compared with the traditional composite test for normality. 
Keywords: Decision support systems; Simple test for normality; Change-point detection 

 
1. Introduction 
The question of whether or not a set of random variables follows a specific theoretical 
distribution often arises in many theoretical and applied disciplines. When true population 
parameters of a hypothesised distribution are known the test is referred to as simple. However, 
more often one does not have the ability to deal with an entire population because of reasons 
such as the absence of access to a complete dataset or unacceptable cost of information 
collection. In this case, parameters have to be estimated from a sample and the test that is 
based on parameter estimates is known as composite. Inferences that are based on a composite 
test are in general less reliable than in the case with a simple test. To understand the reason for 
that, it should be noted that estimates obtained from a sample will often differ from 
parameters of a population. The sample estimates are the ‘best fit’ parameters, or parameters 
that fit especially well to a sample that they are estimated from. We can say that a sample and 
estimates are ‘relatives’ and therefore composite tests are too liberal, failing to reject 0H  of a 
hypothesised distribution reliably enough.  
The normal distribution is certainly the most widely used by academics and practitioners 
theoretical distribution. Some authors suggest simulation-based techniques that allow 
overcoming the weaknesses of composite tests for normality. For example, Dufour et al. [1] 
use the Monte Carlo simulation for controlling size of the several tests. Becker and Hurn [2] 
also used the simulation-based bootstrap technique for correcting the normality test size. 
Although with the power of modern computers simulation-based techniques are already not 
excessively computationally intensive, there are still some areas where the time consuming 
simulation methods are not affordable. In the following paper we suggest the analytical 
simple test for normality that allows performing the testing without knowing values of 
population mean and variance parameters. The test is based on the method first suggested by 
Nechval [3]. This method is originally designed for change-point detection in regression 
relationship and especially efficient in small samples of data. 
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The paper is structured as follows. In Section 2 the parameter-free transformation and the 
simple test for normality are presented in the explicit algorithmic form. In Section 3 power 
and size of the suggested test are presented and compared with the traditional composite test. 
Section 4 summarises the study. 

 
2. Parameter-Free Transformation and Simple Test for Normality 
The presented test is based on the technique originally suggested in Nechval [3]. This 
technique allows transforming a set of random variables to a slightly smaller set of random 
variables (less than a number of eliminated parameters) without knowing any parameters of 
the initial sample. The idea behind the method can be stated as follows. A stochastic process 
observed up to time t can be described by an invariant statistic that fully defines the character 
of the process with respect to known assumptions. This statistic follows a known theoretical 
distribution. At time t+1 the next outcome of the statistic becomes available. Since 
distribution of the statistic is known, the confidence interval α−1  can be specified. If a new 
outcome of the statistic falls outside the confidence interval it can be concluded that the 
process is broken with confidence α−1 . The analytical derivation of the method is given in 
Moldovan et al. [4]. Here the simple test for normality, which follows directly from the 
method, is presented in the explicit algorithmic form. 

Suppose a sample of random variables tX  ( 1, 2,...,t T= ) is drawn from a population with an 
unknown stochastic character. It is required to test ),(~: 2

0 σµNXH t  against :AH  tX  is not 
),( 2σµN . The strategy that employed below transforms tX  to a set of random variables tu  

( Tt ...,4,3= ) distributed on the interval )1,0( . Note that a resulted set tu  ( Tt ...,4,3= ) is two 
variables less than the initial sample tX  because two parameters, mean and variance, are 
eliminated from consideration. ),(~ 2σµNX t  if and only if tu  ( Tt ...,4,3= ) is identically 
uniformly distributed )1,0(U . The test in the algorithmic form is presented below. 

1. Remove the unconditional mean from the initial sample tX : 

 1

T

t
t

t t

X
x X

T
== −
∑

 (1) 

Now the resulted sample tx  ( Tt ,...,2,1= ) has an unconditional expectation 0. 

2. Take the first sub-sample tx  ( nt ,...,1= , 2=n ) and calculate the sum of squared residuals: 

 2
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t
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n
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 (2) 

3. Take the second sub-sample tx  ( nt ,...,1= , 3=n ) and calculate the sum of squared 
residuals: 

 2
2

1
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n

t
t

s sq x
=

= ∑ ,  1

n
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t

t t

x
x x

n
== −
∑

 (3) 

4. Calculate the first characteristic variable: 
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 2

1

__ 2 1
_n

s sqz sq n
s sq

 
= − − 

 
, 3=n  (4) 

5. Repeat Step 3 with the next sub-sample tx  ( nt ,...,1= , 4=n ) and calculate the next 
characteristic variable: 

 3

2

__ 2 1
_n

s sqz sq n
s sq

 
= − − 

 
, 4=n  (5) 

6. Repeat Step 5 until Tn = . As a result the set tsqz _  ( Tt ...,4,3= ) of characteristic 
variables is obtained.  

7. Transform characteristic variables to variables that lie on the interval )1,0(  by applying the 
cumulative distribution function of the central F distribution with 1 and 2−t  ( Tt ,...,3= ) 
degrees of freedom to the characteristic variables tsqz _  ( Tt ...,4,3= ): 

 1, 21 ( _ )t t tu F z sq−= − , ( Tt ...,4,3= ) (6) 

8. Test if the sample tu  ( Tt ...,4,3= ) is identically uniformly distributed )1,0(U . Any test for 
uniformity, such as Kolmogorov-Smirnov (K-S) test (Smirnov [5]) can be used for that. The 
initial sample tX  is distributed ),( 2σµN  if and only if tu  ( Tt ...,4,3= ) is identically 
uniformly distributed )1,0(U . The end of the algorithm. 

Note that no information about the mean and variance of the initial sample tX  has been used 
in the test indicating that the presented test is simple.  

 
3. Comparisons of Size and Power 
The size and power of the proposed test have been measured with application of the K-S test 
at Step 8 of the presented algorithm. The size of the test is based on 10000=M  Monte Carlo 
trials and reported in Table 1. 

Table 1. Size of the simple test 

sample size T = 50 100 200 300 400 500 
α = 0,01 0,0127 0,0086 0,0084 0,0108 0,0107 0,0100 

0,05 0,0560 0,0491 0,0443 0,0497 0,0498 0,0499 
0,10 0,1052 0,0957 0,0978 0,1044 0,0979 0,0989 

Note: α  is the level of significance 

As can be seen, the size of the presented test is asymptotically correct. For comparison, the 
size results of the ordinary K-S test for normality have been computed. Note that this 
alternative test is composite since mean and variance parameters must be estimated from the 
samples and used for testing. The size of the alternative test is reported below. 

Table 2. Size of the composite test 

sample size T = 50 100 200 300 400 500 
α  = 0,01 0,0075 0,0077 0,0079 0,0085 0,0085 0,0084 

0,05 0,0395 0,0356 0,0430 0,0435 0,0422 0,0449 
0,10 0,0751 0,0844 0,0860 0,0849 0,0920 0,0916 

Note: α  is the level of significance 
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It is obvious that the size of the composite test is substantially distorted due to deviations of 
mean and variance estimates from the true parameters of a population. In other words, the 
composite test is less reliable.  

Next, the power of the presented simple test is measured against some common theoretical 
distributions and reported in Table 3. 

Table 3. Power of the simple test 

  Distribution 

  Uniform 
2 (2)χ  )2(t  )4(t  )6(t  )8(t  )10(t  

α = 0,01 0,1135 0,4596 0,8127 0,2778 0,1277 0,0713 0,0511 
0,05 0,3027 0,6514 0,8919 0,4477 0,2621 0,1740 0,1474 
0,10 0,4354 0,7451 0,9258 0,5411 0,3569 0,2591 0,2233 

Note: Power is measured with samples of length 100=n  

Compare with the power of the composite K-S test reported in Table 4. 

Table 4. Power of the composite K-S test 

  Distributions 

  Uniform 
2 (2)χ  )2(t  )4(t  )6(t  )8(t  )10(t  

α = 0,01 0,0035 0,5519 0,0551 0,0128 0,0103 0,0101 0,0069 
0,05 0,0070 0,8995 0,2097 0,0668 0,0526 0,0186 0,0162 
0,10 0,0367 0,9696 0,3540 0,1277 0,1056 0,0431 0,0424 

Note: Power is measured with samples of length 100=n  

With exemption of 2 (2)χ  distribution, the suggested simple test is more powerful than the 
alternative composite K-S test. Although there are some composite tests with greater power 
than the considered K-S test, it should be noted that these tests can also be used at Step 8 of 
the presented in Section 2 algorithm, thus increasing a relative power of the suggested simple 
test. Moreover, to the best of our knowledge, no simple or composite tests exist that have 
considerable power in detection of such hardly distinguishable from a normal distributions as 
Student )(vt  with 4≥v . As can be seen from Table 3 the presented simple test for normality 
keeps a substantial power with these distributions. 

 
4. Conclusion 
In the paper the simple, as opposed to composite, test for normality was presented. The 
technical derivation of the method that the suggested test is based on is given in Moldovan et 
al. [4]. In this paper the eight-step explicit algorithm is given as an alternative to the 
mathematical representation. Size and power of the suggested simple test are reported and 
compared with the traditional composite K-S test. It is shown that in opposite to the 
composite test, the simple test has the correct size, or more reliable. Additionally, with 
exception of 2 (2)χ  distribution, the simple test is more powerful than the composite K-S test. 
Specifically, the presented simple test detects distributions that are only slightly deviate from 
a normal in the tail regions, such as Student )(vt  with 4v ≥ , much better than any alternatives 
that we are aware of. This feature makes the suggested simple test especially useful in areas 
where extreme outcomes of the process are of the main concern, such as financial risk 
management. Finally, it should be noted that the suggested simple test, as opposed to the 
known simulation-based simple alternatives, is analytical and therefore can be used even in 
the time-critical applications, such as automatic control systems.  
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