
More on distributions, and some miscellaneous topics

I. The normal distribution (continued) - reverse lookup:

Often, we not only want to be able to figure out the probability that something is less than y, but 
we want to know, what value of y has 90% of our observations below it?

For example, what is the 90th percentile on the GRE test? - we want to know what score on the 
GRE corresponds to the 90th percentile, or to put it another way, what score were 90% of the 
people taking the test below?

From your text, exercise 4.11, p. 134 [132] {4.3.11, p. 132} .  We want to find the 80th percentile 
for serum cholesterol in 17 year olds.  The average is 176 mg/dl and the std. dev. is 30 mg/dl.

Here’s how to do it.  Remember that table 3 gives the area (= probability, in this case) 
below a number that we look up.  

But we want the number to go with a probability of .80 (or 80% of the area).

So look in the table (not on the sides of the table) until you find the closest 
number to .80.  This turns out to be 0.7995.  Now you read the number off the 
sides and get 0.84. 

So the cut off is 0.84, or to put it another way, a z-value of 0.84 means 80% of the 
area of our normal curve is below this z-value.

Now we need to convert back to serum cholesterol levels.

Remember that z =
y − 



Plug in your z, μ and σ and solve for y.

Doing a little really easy algebra this means that:

y = z  

so we have:

y = 0.84 x 30 + 176 = 201.2 mg/dl

And we conclude that 80% of 17 year olds have serum cholesterol levels below 
201.2 mg/dl.

Your text has another good example on p. 132 [129] (4.6) {4.3.2, p. 130}.  Look through that to 
get another view (don’t pay attention to the subscripted z values - we’ll discuss those in a week 
or so).



II. Other distributions (just a quick comment):

There are many, many other distributions than just the binomial or the normal.  Some, like the 
binomial, are discrete, others are continuous.  Here are a few examples:

a) Poisson

- this is another discrete distribution:

a typical application might be to model rare events - for example:

- the number of people in line at a bank - usually there’s no one, but at peak times 
it can go WAY up.

- the number of parasites in a host.

- note that there is no upper limit (n is not a parameter here)

- we can answer questions like “what is the probability that a person has three 
parasites?”

- here it is:

f  y  =
e−


y

y!

- you may see this a lot in other statistics classes, so you should know about it, but 
we won’t do much with it in here (your text doesn’t mention it).

b) Uniform

- we've already used this quite a bit when we were calculating the probability of getting a 
particular number on a single dice.

- it's simply given by:

f  y  =
1
N

- where N is simply the number of outcomes (since all outcomes are equally likely)

- this is a discrete uniform.  There's also a continuous version.

c) t, chi-square, F

- we won’t discuss these right now.  But they’ll come up later in the semester.



III. A little more on parameters and estimates

Parameters may or may not be directly related to the mean and variance of a distribution.  For 
example:

- for the normal, the parameters are the mean and std. deviation (μ and σ)

- for the binomial, the parameters are n and p (which can be used to get the mean and variance)

So, what is the mean of a binomial probability distribution?

If we know n and p (like we do in some of the examples we’ve been talking about: coin 
tosses, beans, etc.):

μ = np

σ = √(np(1− p))

Does this make sense?  Well, for the mean:

If we toss a coin 10 times, what’s the mean for heads?

10 x 0.5 = 5  yes it makes good sense.

Incidentally, if we didn’t know p (we often don’t), we would estimate this in the usual 
way:

Sum up the number of heads in each 10 tosses, divide by 10.

So our sample mean estimates our actual mean.

(σ is more difficult to do, but it’s similar).

Question: for a probability distribution, how is a mean defined (mathematically)?

Depends:

for a discrete distribution it is:

 =∑
i=0

n

y i f  yi

where f(y) is our distribution, for example, the binomial.  There’s some hairy math 
involved, but you could plug in the binomial for f(y) above and you’ll see that μ = 
np).

(An easier way to see is just to try it out - for example, plug in .5 and 3 for 
p and n (that might be tossing a coin three times), then let Y = # of heads 



(so y would go from 0 to 3) and plug everything in to the sum above.)  

For a continuous distribution it is:

 = ∫
−∞

∞

y f  y dy

where f(y) is our distribution, this time continuous.  An example might be the 
normal.  Again, if you do some nasty math you’ll find that if you plug the normal 
distribution in for f(y) you’ll get μ (yes, this does seem circular, but it's not).

Some comments:

You might have heard of “expected values”.  The expected value of a random 
variable is defined this way - simply put, the expected value of a random variable 
is the mean. 

For continuous distributions you need calculus, so I don’t expect you to know this 
definition for continuous distributions.

The third edition defines expected values just a little differently, but it comes out 
the same.  The above is a little more formal.

The third edition also has more information on this (this was mostly missing in 
the second edition).

Finally, a weird comment (you can ignore this, but it's interesting).  There are 
probability distributions out there that do not have a mean (or variance).  

If you try to plug these distributions into the above equation(s),  you'll 
discover that there is no answer.

If you're really interested, look up the Cauchy distribution in Wikipedia 
(the Cauchy distribution is also programmed into R).

Again: you should know that the mean is not the same as a sample mean.  We use the sample 
mean to estimate the “actual” mean. 

IV. Miscellaneous stuff: significant digits & rounding

a) (Important) - Keep all the digits your calculator or the computer can handle until you are all 
done!

- Why?  because calculators and computers can make mistakes due to rounding errors and 
other stuff.

- Calculators and computers are not infinitely precise (What is the true value of 1/3 in a 
calculator?)



b) when you are done with your calculation, you keep as many significant figures as the number 
with the least significant figures you started with.

- for example, you have:

1.653 2.83 4.54367

- in this case you would keep three figures in your answer.

c) What is a significant figure?

4.5960 means the 0 is significant

0.3425 usually means the 0 is not significant - but if this number is part of a bunch
of other numbers, some of which have a number other than 0 in front of
the decimal, you can “assume” that the 0 is real.

23,000 usually means that the last three zeros are NOT significant.  For instance,
 if someone had counted 23,023 birds during a bird count (yes, there are such 
things!), that person may report it as 23,000.  On the other hand, if you see this 
number as part of a lot of other numbers of the same magnitude, but not with 
three 0’s, (e.g., 23,023 or 54,806) then you can probably again assume the three 
zero’s are significant.

Bottom line: use a little common sense, and use the above rules as “guides”.  Here 
are a few examples:

a) 1.435 8.576 3.245

mean = 4.419  NOT 4.41866666666666666666

b) 8.0 6.2 4.34

mean = 6.2 

c) 8 6.2 4.34

mean = 6

d) Rounding:

- if you have more digits showing in your calculator or computer, you need to round off 
to the nearest significant digit that you plan to keep.  You’ll notice that all three examples 
above were rounded off.

- you may occasionally hear about “statistical rounding”.  We won’t worry about it in 
here (it uses a special rule if the last digit is “5”).



V. An easy way to calculate the variance and standard deviation, and a (gasp) “proof” :

** This is optional material; we won't cover this in class.  It's an alternative method to 
calculate variances that's easier if you don't have a calculator that can do it.  

There's also a proof that shows the two methods (this and the one we learned in class) are 
the same.

At this point, you have been taught the following formula for calculating a sample variance (and 
then the sample standard deviation):
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it turns out this is equivalent to:
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At first, you might look at that and say “yuck”.  But here are the details:

1) The stuff in the first sum symbol is each observation squared, and then added up.

2) The stuff in the second sym symbol is all of the observations added up and THEN 
squared.

You’ll notice that this makes the calculation a lot easier since you don’t have to deal with 
keeping track of differences and then squaring these.  Yes, if you have a spreadsheet it really 
doesn’t make much difference, but if all you have is a calculator that doesn’t do variances, or 
pencil and paper, it’ll help.

Here’s an example, using exercise 2.34, p. 58 [2.46, p. 49] {2.6.7, p. 67} from your text 
(which we did earlier the other way):

6.8, 5.3, 6.0, 5.9, 6.8, 7.4, 6.2

Now if we square each of these we get:

46.24, 28.09, 36.00, 34.81, 46.24, 54.76, 38.44

Add all these up to get 284.58



Now add up all the original numbers and get: 44.4   i.e., ∑
i=1

n

y i = 44.4
Now we just plug in to the formula and we get:

284.58 −
44.42

7
7−1

= 0.4929

Which is the same as before 

Finally, here’s the proof that these two formulas are the same:

Note that we only have to show that the numerator (our ‘sum of squares’ is the same, 
since our denominator is already the same:
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