
Probability Distributions: 
Characteristics and Fitting to Data
Class 2 in MATH 615: Approaches to Quantitative 
Analysis in the Life Sciences
Probability distributions continued — quantiles — moments — Central Limit Theorem 
revisited — fitting a distribution to data — testing goodness of fit

Setup

Quantiles  of  a distribution  Ñ  median,  quartile,  etc.
Here are the CDF and PDF of a Normal(0, 1) distribution.

You will  see that the CDF has a value of 0.5 at x= 0. This means that a random number drawn from this distribution has a
probability of 0.5 of being § 0 and 0.5 of being > 0. Another way of putting it is that this value splits the probability distribution
in half, which is easier to see on the PDF. It is one measure of the ÔcenterÕ of a distribution.

The value of x at which PrHX§ xL = 0.5 is called the median.

We could do the same thing for any probability. For example, this CDF has a value of 0.25 at -0.67 and 0.75 at 0.67. Generally,
the value of x that has q% of the probability to the left of it is called the q% quantile. The median is a special name for the 50%
quantile. Here are figures illustrating the 2.5%, 25%, 50%, 75% and 97.5% quantiles.



Why did I  pick these values? The 25% and 75% are given the special name quartiles. The 2.5% and 97.5% are particularly
important because they cut off 2.5% of the distribution in each of the tails, and therefore 5% overall. Another way of putting it is
that 95% of the distribution is between these two values. The quantiles provide a means of testing for extreme or unusual values,
and are used in a variety of statistical tests based on the Normal distribution.

One thing to note is that quantiles are usually expressed in terms of the number of standard deviations from the mean, because
that makes them independent of the values of m and s.  In the example above, the 2.5% and 97.5% quantiles are at x= -1.96 and
x= 1.96 respectively, but the standard deviation of the distribution is 1, so they are also at 1.96 standard deviations in each
direction. If  we repeat the calculations for a Normal(1, 2) distribution (see below), the same quantiles are at x= -2.92 and
x= 4.92, which is still 1.96 standard deviations either side of the mean.

ü The take-home message

Quantiles divide up a probability distribution into fractions of  the overall  probability. The median (50% quantile) is one
measure of the center of a distribution. Small and large quantiles cut off the tails of a distribution, and are useful for detecting
extreme values.

The moments  of  a distribution  Ñ  mean,  variance,  etc.
Warning: some math ahead! See the take-home message at the end of this section for a list of what you should memorize (and
what you should not).

ü The mean

You probably know what a mean (or average) is, or at least how to calculate one:
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x=
x1 + x2 + x1 + É + xn

n

The mean is a measure of location: it  is one way of describing the center of some data. (We have already seen another: the
median.) All  probability distributions have a mean. One way to calculate it would be to use a random number generating algo-
rithm (see Class 1) to produce a large number of values drawn from the distribution in question, and then calculate the mean as
described above. That would be rather inefficient! Let's see if there is a better way. Here is a Poisson distribution with l = 2.
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Suppose we drew 1000 random numbers. About 135 of them would be 0Õs, 270 would be 1Õs, 270 would be 2Õs, and so on. So in
our mean calculation we would be adding up 135 0Õs, 270 1Õs, etc. and then dividing by 1000. Instead of writing all the separate
numbers in the numerator, we could write the calculation like this

x=
135µ0+ 270µ1+ 270µ2+ 180µ3É

1000

We can make it even simpler, by dividing the top and bottom of the fraction by n.

x=
0.135µ0+ 0.27µ1+ 0.27µ2+ 0.18µ3É

1
= 0.135µ0+ 0.27µ1+ 0.27µ2+ 0.18µ2É

If  you look at this, you will  see that the final calculation is just the sum of PrHX= nL multiplied by n for all n. Let's check. First
we add up just the values of the probability function itself. Recall that the Poisson function is

PrHX= nL = e- l ln

n!
n= 0, 1, 2, É , ¶

So adding up the values from 0 to 12, with l = 2 (and showing the Mathematica code Ñ  see the two places where the Ô2Õ goes)
produces

NBTotalBTableB
‰-2 2n

n!
, 8n, 0, 20<FFF

1.

which it should (remember, all probability functions add up to 1). But if we multiply each value by n, we get

NBTotalBTableB
‰-2 2n

n!
* n, 8n, 0, 20<FFF

2.

This is the mean. Let's do it for some other values of l.
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NBTotalBTableB
‰-3 3n

n!
* n, 8n, 0, 20<FFF

3.

NBTotalBTableB
‰-4 4n

n!
* n, 8n, 0, 20<FFF

4.

You should see that the mean of the Poisson is distribution is equal to its only parameter, l.

In this case, a parameter of a distribution is also its mean. ThatÕs also true for the Normal distribution (where it is m).

The Normal distribution is continuous, but the situation is analogous. The integral of the PDF over all values of x is one, but the
integral of the PDF multiplied by x over all values is equal to the mean. Here is the integral of the PDF over all x:

IntegrateB
‰
-

Hx-mL2

2 s2

2 p s
, 8x, -¶, ¶<, Assumptions Ø 9ReAs2E > 0, s > 0=F

1

And here of the PDFµx over all x:

IntegrateB
‰
-

Hx-mL2

2 s2

2 p s
* x, 8x, -¶, ¶<, Assumptions Ø 9ReAs2E > 0, s > 0=F

m

For a probability distribution, the mean is also called the expected value, or expectation.

ü The variance (the standard deviation squared)

Another key descriptor of any distribution is its variance, which is a measure of dispersion, or spread. Below are three Normal

distributions with the same mean (m) of zero and standard deviations (s) of 0.5, 1 and 2 (and thus variances, s2, of 0.25, 1 and 4).

For the Normal distribution, the standard deviation is (conveniently) the second of its parameters, s (and therefore the variance is

s2). What about the other distributions we have looked at? Here's a table:
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Distribution@

parametersD

PDF Mean Variance Standard

Deviation

NormalDistribuÖ
tion@m, sD

‰
-

Hx- mL2

2 s2 ì

I,H2 pL sM

m s2 s

ExponentialDisÖ
tribution@lD

‰-x l l 1

l

1

l2
1

l

PoissonDistribÖ
ution@lD

‰- l lx

x!
l l l

GeometricDistrÖ
ibution@lD

H1 - lLx l -1 + 1

l

1-l

l2
1-l

l

BinomialDistriÖ
bution@n, pD

H1 - pLn-x px

Binomial@n, xD

n p n H1 - pL p ,Hn H1 - pL pL

BernoulliDistrÖ
ibution@pD

1 - p p H1 - pL p ,HH1 - pL pL

ü Skewness and Kurtosis

So we have two measures that describe the location and dispersion of a distribution, but distributions vary in other ways. Con-
sider the following two Binomial distributions:

0 2 4 6 8 10
0.0

0.1

0.2

0.3

0.4

n

P
rHX

=
nL

n = 10, p = 0.1
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n = 10, p = 0.5
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n = 10, p = 0.9

All  three have different means, the end plots have the same variances but different from the center plot, and all three also have
different kinds of assymmetry, or skewness. Skewness describes where the tail of the distribution is 'longer and thinner'. The
distribution for p= 0.1 is skewed to the right and the distribution for p= 0.9 is skewed to the left. p= 0.5 has no skew. Skewness
has its own formula for every distribution: for the Binomial distribution it is

1- 2 p

n H1- pL p

For the three examples above, the calculations are 0.84 (p= 0.1), 0 (p= 0.5) and -0.84 (p= 0.9).

Kurtosis describes whether a distribution is tall and thin or short and fat, compared to a normal distribution of the same vari-
ance. Values greater than 3 are more skinny (leptokurtic), values less than 3 are fatter (playkurtic). For the Binomial distribution,
the formula is
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Kurtosis describes whether a distribution is tall and thin or short and fat, compared to a normal distribution of the same vari-
ance. Values greater than 3 are more skinny (leptokurtic), values less than 3 are fatter (playkurtic). For the Binomial distribution,
the formula is

1- 6 H1- pL p

n H1- pL p
+ 3

For the three examples above, the calculations are 3.5 (p= 0.1), 2.8 (p= 0.5) and 3.5 (p= 0.9). A good example of a playkurtic
(fat) distribution is a Uniform distribution, for which kurtosis equals 1.8.

ü Bringing it all together

Variance, skewness and kurtosis are the second, third and fourth central moments of a distribution. They are all related in that
they are calculated from the following formula:

mn = E@HX- mLnD

where mn refers to the nth central moment, E@ D is the expected value, or mean, and HX- mLn is the difference between a random
deviate and the mean of the distribution, raised to the nth power. Confused? Think of it in terms of calculating the moments for
some data. The steps are:

1. Calculate the mean of your data values.

2. Subtract the mean from each of the values to produce deviations.

3. Raise the deviations to the nth power.

4. Calculate the mean of these.

If  you square the deviations and calculate the mean, you are calculating the variance. If  you cube the deviations and calculate the
mean, you are calculating the skewness, and so on. SeeÉ it's not so difficult for data.

The formulas I showed above, for the Binomial distribution, are an example of applying the same process to a specified probabil-
ity distribution, which produces an exact result (just as we showed in more detail with the mean).

ü The take-home message

The mean of a distribution describes the location of its center (technically, its center of gravity).

The moments of a distribution are a series of calculated measures that describe increasingly complex aspects of the shape of a
distribution. They are easily calculated for real data. You should know how to do that.

For a probability distribution specified by a formula, there are other formulas to directly calculate the mean and various
moments. You should learn the formulas for the mean and the variance (the most basic measure of dispersion) of the following
common distributions: Normal, Exponential, Poisson, Binomial (see the table above). You are not expected to know the formulas
for skewness and kurtosis for specific distributions. 

The Central  Limit  Theorem  revisited
Look again at the calculation formula for a mean:

x=
x1 + x2 + x1 + É + xn

n

The numerator is the sum of n numbers, a sum which we now know will  tend to be Normally distributed if  n is large enough.
Dividing by n doesn't change that: the mean will  also tend to be Normally distributed. This will  tend to be true even if  the xi are
not themselves Normal.
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Knowing that means are very often Normally distributed will be useful later on when we compare them.

Fitting  a distribution  to  data
Enough theory! Suppose we have some data collected from the real world. How do we choose a probability model to apply to our
data?

ü The nature of the observations often determines the probability distribution

We have already seen that probability distributions apply to observations that are either discrete or continuous, some apply only
to a subset of values, such as non-negative integers, and pretty much all of the common distributions were derived from consider-
ing particular kinds of real-world data. So, for example, if  your data are plant counts from quadrats, then the Poisson distribution
is a sensible starting point. Using a Normal distribution would be foolish, as the data type is wrong, and the Normal distribution
allows negative values, which are impossible in counts. In many cases, there will  be only one or two sensible models.

An exception to this rule may be made in cases where a model that is 'wrong' in principle might actually be ok in practice. Recall
the Poisson distribution with l = 100, shown here with a Normal distribution overlaid. If  the data were counts, then the Poisson
would be the correct choice in principle, but in this case using the Normal instead would have very little impact. The Normal is
continuous, but the Poisson with l = 100 is spread out over many discrete values, so a continuous representation is not too bad.
And although the Normal allows the absurd possibility of negative counts, its PDF is so close to zero for those values that it
doesn't really matter.

You might ask, even so, why not just use the Poisson? The fact is that the Normal distribution has certain nice properties that
make statistical calculations easier to accomplish (more about that later). Before computers were cheap and easy to use, statistical
calculations were done on calculators, or even worse, paper, and so timesaving methods were important. If  assuming a Normal
distribution had a big advantage in the types of analysis that could be performed, and the potential problems were small (as in the
above example), then it made sense to choose it. These days, however, most of the advantages have been nullified by computers
that can perform sophisticated analyses with a variety of distributions, and so there is much less justification for choosing the
'wrong' distribution.

ü Fitting a Poisson distribution to count data

Let's return to our random points in a field. This time we'll put 150 points, divide the field into a grid of 100 squares, and count
the number of points in each square

Class 2.nb   7



The raw counts look like this

81, 0, 3, 1, 1, 1, 0, 1, 3, 1, 3, 2, 0, 4, 3, 2, 1, 3, 2, 2, 0, 1, 2, 2,

0, 1, 1, 3, 5, 1, 2, 2, 1, 2, 0, 1, 0, 0, 1, 2, 1, 1, 1, 1, 2, 1, 2, 0, 0,

2, 0, 4, 1, 0, 0, 2, 0, 2, 0, 2, 1, 1, 1, 0, 0, 1, 4, 2, 2, 0, 5, 1, 5, 4,

0, 1, 2, 1, 3, 1, 3, 0, 1, 1, 1, 3, 4, 0, 1, 3, 0, 0, 2, 3, 0, 2, 2, 4, 0, 2<

And may be summarized as a frequency distribution

n fHnL

0 25

1 32

2 23

3 11

4 6

5 3

dist = EmpiricalDistribution@boxContentsD;
DiscretePlot@PDF@dist, xD, 8x, 0, 10<, PlotStyle Ø PointSize@0.03D,
PlotRange Ø 8Automatic, 8-0.02, 0.52<<, FrameLabel Ø 8"n", "fHnL"<D
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The mean of the counts is 1.5 (it must be, because we put 150 points and there are 100 squares). And we know that the Poisson
distribution has a single parameter, l, which is also its mean. So we might argue that the best fitting Poisson distribution is the
one with l = 1.5:
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It looks like a decent match. But in what sense it is the 'best?'

ü Likelihood: the probability of the data, given a model

A discrete probability distribution defines the probability of getting particular values. The data consist of values. So, given a
probability distribution with specific parameters, we can calculate the probability of each of the observed data. And if  we
multiply the probabilities of all the data values, we have the probability of the entire dataset.

Let's do this for our data and the Poisson with l = 1.5. That means we apply the formula e
- l ln

n!
 to each of the data values n. The

resulting list of probabilities is 

80.334695, 0.22313, 0.125511, 0.334695, 0.334695, 0.334695, 0.22313, 0.334695,

0.125511, 0.334695, 0.125511, 0.251021, 0.22313, 0.0470665, 0.125511,

0.251021, 0.334695, 0.125511, 0.251021, 0.251021, 0.22313, 0.334695, 0.251021,

0.251021, 0.22313, 0.334695, 0.334695, 0.125511, 0.01412, 0.334695, 0.251021,

0.251021, 0.334695, 0.251021, 0.22313, 0.334695, 0.22313, 0.22313, 0.334695,

0.251021, 0.334695, 0.334695, 0.334695, 0.334695, 0.251021, 0.334695,

0.251021, 0.22313, 0.22313, 0.251021, 0.22313, 0.0470665, 0.334695, 0.22313,

0.22313, 0.251021, 0.22313, 0.251021, 0.22313, 0.251021, 0.334695, 0.334695,

0.334695, 0.22313, 0.22313, 0.334695, 0.0470665, 0.251021, 0.251021, 0.22313,

0.01412, 0.334695, 0.01412, 0.0470665, 0.22313, 0.334695, 0.251021, 0.334695,

0.125511, 0.334695, 0.125511, 0.22313, 0.334695, 0.334695, 0.334695,

0.125511, 0.0470665, 0.22313, 0.334695, 0.125511, 0.22313, 0.22313, 0.251021,

0.125511, 0.22313, 0.251021, 0.251021, 0.0470665, 0.22313, 0.251021<

If  we multiply them all together, we get

1.85077 µ 10-69

This is a very small number, which is not surprizing because we were multiplying 150 probabilities, all of which are < 1. This
value is called the likelihood of the model, defined as the probability of getting the data, given the model. It  is a measure of
goodness of fit. So one way to define the ÔbestÕ fitting Poisson distribution would be to try different values of l, calculate the
likelihood each time, and choose the one with the highest likelihood. With a computer, this is easy, and we can plot the likeli-
hood (L) as a function of l.

Class 2.nb   9



1.0 1.2 1.4 1.6 1.8 2.0
0

5.µ10-70

1.µ10-69

1.5µ10-69

l

L

You can see that the peak is indeed at about l = 1.5. We can check this by asking the computer to find the peak, which is does by
trial and error, 'climbing' the likelihood function until it can't get any higher.

91.85077 µ 10-69, 8l Ø 1.5<=

This means that 1.5 is the maximum likelihood estimator (MLE) of l. In fact, we can fit  a Poisson distrubution to data by
simply calculating the mean of the counts, and using that as our l. It has been shown mathematically that this is also the MLE.

Likelihood, and the maximum likelihood estimator, are concepts we will be returning to again and again.

ü Using log-likelihood can make calculations easier

We saw above that likelihoods can get very small if  there are a lot of data points. If  they get too small, computers can have
trouble handling them. It is therefore normal practice to calculate the natural logarithm of the likelihoods. To get a feel for the
difference, here is the log-likelihood function for the example above:
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The peak is still in the same place (l = 1.5), but numbers on the y-axis are much easier to work with. If  we ask the computer to
find the peak, we get the same answer.

8-158.263, 8l Ø 1.5<<

ü Normal distribution

Some data! These are heights of people in the class (in cm).

Out[200]= 8171.52, 184.32, 151.04, 192., 186.88, 194.56, 174.08,

174.08, 158.72, 163.84, 174.08, 174.08, 186.88, 174.08, 161.28<

This is the meanÉ

10   Class 2.nb



Out[201]= 174.763

Éand the standard deviation

Out[202]= 12.1329

Here is a histogram of the data (showing relative frequencies), with a Normal distribution with the calculated mean and standard
deviation overlaid.

Out[203]=

Again, we will  assess the fit  by calculating likelihoods. The Normal distribution is for continuous data, so there is a clever little
mathematical ÔfudgeÕ we must employ. You will  recall that likelihood is the probability of the data, given a model. But we saw
earlier that there is no such thing as the probability of a single continuous number Ñ  the curve above shows probability density,
rather than probability. The fudge is that we say ÒthatÕs ok!Ó ItÕs ok because what matters in the likelihood function are the
relative values of likelihoods, not the absolute values. In the normal plot above, a small region under the curve in the vicinity of
x= 0 is about twice as likely as a small region if  the same width in the vicinity of x= 1. That will  remain true no matter how
small width of the region, even as it approches zero.

Here are the likelihoods of the data given a Normal distribution with the same mean and standard deviation:

Out[205]= 80.0317273, 0.0241104, 0.00486193, 0.0119854, 0.0199689,

0.00868562, 0.0328289, 0.0328289, 0.0137183, 0.0219259,

0.0328289, 0.0328289, 0.0199689, 0.0328289, 0.0177336<

We can also plot the likelihood function, but because the Normal Distribution has two parameters, it is a 3D plot!

Out[207]=

Or the log-likelihood version
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In[208]:= likelihood@data_, m_, s_D := ApplyBTimes, MapB
‰
-

HÒ-mL2

2 s2

2 p s
&, dataFF

Plot3D@Log@likelihood@classHeights, m, sDD, 8m, 165, 185<,
8s, 8, 25<, PlotPoints Ø 31, PlotRange Ø All, AxesLabel Ø 8m, s, Log@LD<D

Out[209]=

Finding the peakÉ

In[216]:= FindMaximum@likelihood@classHeights, m, sD, 88m, 175, 175.1<, 8s, 10, 10.1<<D

Out[216]= 93.1401 µ 10-26, 8m Ø 174.776, s Ø 12.1329<=

Éwe  see that it is, again at the same place as the calculated mean and standard deviation. As with the Poisson, the calculated
mean and standard deviation are the maximum likelihood estimators of these parameters.

Sums  of  squares  Ñ  another  reason  why  the Normal  distribution  
is  special!
If  you look at the formula for the Normal distribution:

yHxL = 1

s 2 p
e
-

Hx- mL2

2 s 2 -¶< nb¶

You will  see the term Hx- mL2 in the numerator of the exponent. This is the square of the deviation of the random value from the

mean. The larger this is (meaning the futher x is from the mean in either direction), the smaller the term -
Hx-mL2

2s2
 will  be (note the

minus sign in front of it), and so the smaller the entire expression for the probability density (which is why the Normal distribu-
tion drops to small values as you get further from the mean). But because this is only place where x appears in the formula
(eveything else is parameters and constants), it  means if  we can minimize Hx- mL2, it  will  give the same result as maximising
likelihood. This allows for a simpler set of calculations for determing a mean. Here is a plot of the sum of squared deviations
(SSD) of the data from the mean, over a range of means
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If  we find the minimum of this function:

82208.13, 8m Ø 174.763<<

we are again estimating the mean. We will  see shortly that these simple sums-of-squares calculations, as a sort of 'inverse proxy'
for likelihood, are incredibly useful in fitting models based on the Normal distrubution.

Examining  Normality
Many basic data analysis methods that we will  cover later (t test, ANOVA, regression) depend on the assumption that the data, or
more typically the deviations of the data from the model (recall the linear model example of Class 1) can be approximated by a
Normal distribution. One way to evaluate how far a set of values are from Normal is to look at a histogram and see if  it deviates
grossly from a bell-shaped Normal distribution. This is more difficult  than it sounds, because it is hard to compare shapes like
that, and because the histogram will  vary somewhat depending on how you group the data.

A  more quantitative approach would be to calculate skewness (should be close to zero because the Normal distribution is
symmetric) and kurtosis (should be close to 3).

There is also graphical method called a Q-Q (quantile-quantile) plot.

ü Q-Q normal probability plots

Here are 30 random data values drawn from a Normal(0, 1) distribution, and then sorted from smallest to largest.

Out[217]= 8-2.19103, -1.82677, -1.30562, -1.25275, -0.89867,
-0.770197, -0.749831, -0.627955, -0.582259, -0.545578, -0.414376,
-0.36844, -0.298708, -0.263496, -0.250769, -0.106224, -0.0855448,
-0.0660982, 0.0120824, 0.0219872, 0.0566883, 0.247555, 0.319689,

0.405576, 0.533988, 0.762027, 1.01575, 1.20442, 1.29716, 1.46939<

Here is the mean of the dataÉ

Out[218]= -0.175267

Éand standard deviationÉ

Out[219]= 0.862195

Think about the data for a minute. If  they followed a Normal distribution, we could calculate an idealized set of sorted values.
Here is a the CDF for a Normal(-0.175, 0.862) distribution (the same as the data), with 30 quantiles, evenly-spaced across the
range 0 to 1 (or 0% to 100%). (In the figure, the even spacing is given by the horizontal lines; the corresponding quantiles are
given by the vertical lines.

Class 2.nb   13



Out[220]=

Here are the values of the quantiles:

Out[221]= 8-1.76912, -1.48402, -1.29625, -1.15039, -1.02812, -0.920974, -0.824266, -0.73511,
-0.65158, -0.572303, -0.496253, -0.422625, -0.350762, -0.280099, -0.210134,
-0.140399, -0.0704349, 0.000227825, 0.0720915, 0.145719, 0.221769, 0.301046,

0.384577, 0.473732, 0.57044, 0.677589, 0.799856, 0.945718, 1.13348, 1.41858<

You should be able to see that the quantiles reflect the expected density of random numbers: more of them clustered around the
mean, and getting less common further away. It follows that if  we plot the ordered data against the ordered quantiles, then if  the
data really do follow a Normal distribution, the plot should approximate a straight line.

Out[222]=
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For Mathematica users, there is now a function called QuantilePlot which does this in one command.

In[223]:= QuantilePlot@testDataD

Out[223]=
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The points will  never fall perfectly on the line, because they are, after all, the result of a random, process, but the fit  is pretty
good. Now lets look at the data for class heights

8171.52, 184.32, 151.04, 192., 186.88, 194.56, 174.08,

174.08, 158.72, 163.84, 174.08, 174.08, 186.88, 174.08, 161.28<
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QuantilePlot@classHeightsD
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Not bad!

One can use this method to test data against any kind of distribution. LetÕs compare our class height data to an exponential
distribution.

QuantilePlot@classHeights, ExponentialDistribution@lDD
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In this case there are large, systematic deviations, in that there seem to be more data in the ÔmiddleÕ of the distribution, and fewer
at the tails, than expected based on an Exponential Distribution.

Testing  for  normality
A Q-Q plot is visual. There are a variety of methods for statistically testing if  your data differ from a specified distribution, such
as the Normal. The oldest and most well-known is the Kolgomorov-Smirnoff test, but it has now been superceded by others. But
before you try one of these methods, consider the following:

Ë Small samples almost always pass a normality test. Normality tests have little power to tell whether or not a small 
sample of data comes from a Normal distribution.

Ë With large samples, minor deviations from normality may be flagged as statistically significant, even though small 
deviations from a Normal distribution wonÕt affect the results of a t test or ANOVA.

Ë Decisions about when to use parametric vs. nonparametric tests should usually be made to cover an entire series of 
analyses. It is rarely appropriate to make the decision based on a normality test of one data set.

So, situations in which a formal test helps are quite rare, and so I donÕt propose to go into them in detail. Still, just for complete-
ness, here is an example of testing the class height data against a Normal distribution using a variety of standard metrics.
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Statistic P- Value

Anderson - Darling 0.44953 0.276462

CramŽr - von Mises 0.0702862 0.281264
Jarque- Bera ALM 1.69468 0.292505

Shapiro - Wilk 0.93554 0.242734

If  you donÕt understand the meaning of ÒP-ValueÓ, donÕt worryÉ  you will  soon!
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