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General Preface

This three-volume series grew out of a three-quarter course in probability,
statistics, and stochastic processes taught for a number of years at UCLA. We felt
a need for a series of books that would treat these subjects in a way that is well
coordinated, but which would also give adequate emphasis to each subject as being
interesting and useful on its own merits.

The first volume, Introduction to Probability Theory, presents the fundamental
ideas of probability theory and also prepares the student both for courses in
statistics and for further study in probability theory, including stochastic processes.

The second volume, Introduction to Statistical Theory, develops the basic
theory of mathematical statistics in a systematic, unified manner. Together, the
first two volumes contain the material that is often covered in a two-semester course
in mathematical statistics.

The third volume, Introduction to Stochastic Processes, treats Markov chains,
Poisson processes, birth and death processes, Gaussian processes, Brownian
motion, and processes defined in terms of Brownian motion by means of ele-
mentary stochastic differential equations.






Preface

This volume is intended to serve as a text for a one-quarter or one-semester
course in probability theory at the junior-senior level. The material has been
designed to give the reader adequate preparation for either a course in statistics or
further study in probability theory and stochastic processes. The prerequisite for
this volume is a course in elementary calculus that includes multiple integration.

We have endeavored to present only the more important concepts of probability
theory. We have attempted to explain these concepts and indicate their usefulness
through discussion, examples, and exercises. Sufficient detail has been included in
the examples so that the student can be expected to read these on his own, thereby
leaving the instructor more time to cover the essential ideas and work a number of
exercises in class.

At the conclusion of each chapter there are a large number of exercises, arranged
according to the order in which the relevant material was introduced in the text.
Some of these exercises are of a routine nature, while others develop ideas intro-
duced in the text a little further or in a slightly different direction. The more difficult
problems are supplied with hints. Answers, when not indicated in the problems
themselves, are given at the end of the book.

Although most of the subject matter in this volume is essential for further study
in probability and statistics, some optional material has been included to provide
for greater flexibility. These optional sections are indicated by an asterisk. The
material in Section 6.2.2 is needed only for Section 6.6; neither section is required
for this volume, but both are needed in Introduction to Statistical Theory.
The material of Section 6.7 is used only in proving Theorem 1 of Chapter 9 in this
volume and Theorem 1 of Chapter 5 in Introduction to Statistical Theory. The
contents of Chapters 8 and 9 are optional ; Chapter 9 does not depend on Chapter 8.

We wish to thank our several colleagues who read over the original manuscript
and made suggestions that resulted in significant improvements. We also would
like to thank Neil Weiss and Luis Gorostiza for obtaining answers to all the
exercises and Mrs. Ruth Goldstein for her excellent job of typing.
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1 Probability Spaces

Probability theory is the branch of mathematics that is concerned with random
(or chance) phenomena. It has attracted people to its study both because of its
intrinsic interest and its successful applications to many areas within the physical,
biologicaI: and social sciences, in engineering, and in the business world.

Many phenomena have the property that their repeated observation under a
specified set of conditions invariably leads to the same outcome. For example, if
a ball initially at rest is dropped from a height of d feet through an evacuated

cylinder, it will invariably fall to the ground in ¢ = \/ 2d/g seconds, where
g = 32 ft/sec? is the constant acceleration due to gravity. There are other
phenomena whose repeated observation under a specified set of conditions does not
always lead to the same outcome. A familiar example of this type is the tossing of a
coin. If a coin is tossed 1000 times the occurrences of heads and tails alternate in a
seemingly erratic and unpredictable manner. It is such phenomena that we think
of as being random and which are the object of our investigation.

At first glance it might seem impossible to make any worthwhile statements
about such random phenomena, but this is not so. Experience has shown that
many nondeterministic phenomena exhibit a statistical regularity that makes them
subject to study. This may be illustrated by considering coin tossing again. For
any given toss of the coin we can make no nontrivial prediction, but observations
show that for a large number of tosses the proportion of heads seems to fluctuate
around some fixed number p between 0 and 1 (p being very near 1/2 unless the coin
is severely unbalanced). It appears as if the proportion of heads in » tosses would
converge to p if we let n approach infinity. We think of this limiting proportion p
as the “probability”’ that the coin will land heads up in a single toss.

More generally the statement that a certain experimental outcome has probability
p can be interpreted as meaning that if the experiment is repeated a large number of
times, that outcome would be observed “about” 100p percent of the time. This
interpretation of probabilities is called the relative frequency interpretation. It is
very natural in many applications of probability theory to real world problems,
especially to those involving the physical sciences, but it often seems quite
artificial. How, for example, could we give a relative frequency interpretation to

1



2 Probability Spaces

the probability that a given newborn baby will live at least 70 years? Various
attempts have been made, none of them totally acceptable, to give alternative
interpretations to such probability statements.

For the mathematical theory of probability the interpretation of probabilities
is irrelevant, just as in geometry the interpretation of points, lines, and planes is
irrelevant. We will use the relative frequency interpretation of probabilities only as
an intuitive motivation for the definitions and theorems we will be developing
throughout the book.

1.1. Examples of random phenomena

In this section we will discuss two simple examples of random phe-
nomena in order to motivate the formal structure of the theory.

Example1. A box has s balls, labeled 1,2,...,s but otherwise
identical. Consider the following experiment. The balls are mixed up well
in the box and a person reaches into the box and draws a ball. The
number of the ball is noted and the ball is returned to the box. The out-
come of the experiment is the number on the ball selected. About this
experiment we can make no nontrivial prediction.

Suppose we repeat the above experiment n times. Let N, (k) denote the
number of times the ball labeled k was drawn during these n trials of the
experiment. Assume that we had, say, s = 3 balls and n = 20 trials.
The outcomes of these 20 trials could be described by listing the numbers
which appeared in the order they were observed. A typical result might be

1’ 1, 3, 2’ 1’ 2’ 2’ 3’ 2, 3, 3, 2’ 1, 2’ 3’ 3, 1, 3’ 2, 2,
in which case
Nyo(1) =5, N1o(2) = 8, and N3oQ3) = 7.

The relative frequencies (i.e., proportion of times) of the outcomes 1, 2,
and 3 are then

Monkd) o 25, N2o2) _ 40, and N2o() _ 35.
20 20 20

As the number of trials gets large we would expect the relative fre-
quencies N,(1)/n, ..., N(s)/n to settle down to some fixed numbers
Di1sP2s - - -» Ds (Which according to our intuition in this case should all
be 1/s).

By the relative frequency interpretation, the number p; would be called
the probability that the ith ball will be drawn when the experiment is
performed once (i = 1, 2, ..., ).
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We will now make a mathematical model of the experiment of drawing
a ball from the box. To do this, we first take a set Q having s points that
we place into one-to-one correspondence with the possible outcomes of
the experiment. In this correspondence exactly one point of Q will be
associated with the outcome that the ball labeled k is selected. Call that
point ;. To the point w, we associate the number p, = 1/s and call it the
probability of w,. We observe at once that 0 < p, < 1 and that
pi+:+p =1

Suppose now that in addition to being numbered from 1 to s the first r
balls are colored red and the remaining s — r are colored black. We
perform the experiment as before, but now we are only interested in the
color of the ball drawn and not its number. A moment’s thought shows
that the relative frequency of red balls drawn among 7 repetitions of the
experiment is just the sum of the relative frequencies N,(k)/n over those
values of k that correspond to a red ball. We would expect, and expe-
rience shows, that for large » this relative frequency should settle down to
some fixed number. Since for large » the relative frequencies N,(k)/n are
expected to be close to p, = 1/s, we would anticipate that the relative
frequency of red balls would be close to r/s. Again experience verifies this.
According to the relative frequency interpretation, we would then call r/s
the probability of obtaining a red ball.

Let us see how we can reflect this fact in our model. Let A4 be the subset
of Q consisting of those points w, such that ball k£ is red. Then A has
exactly r points. We call 4 an event. More generally, in this situation we
will call any subset B of Q an event. To say the event B occurs means that
the outcome of the experiment is represented by some point in B.

Let A and B be two events. Recall that the union of 4 and B, A LU B,
is the set of all points w € Q such that w € 4 or w € B. Now the points in
Q are in correspondence with the outcomes of our experiment. The event
A occurs if the experiment yields an outcome that is represented by some
point in 4, and similarly the event B occurs if the outcome of the experi-
ment is represented by some point in B. The set A U B then represents
the fact that the event 4 occurs or the event B occurs. Similarly the inter-
section A N B of A and B consists of all points that are in both 4 and B.
Thus if we A n B then w e A and w € B so A n B represents the fact
that both the events 4 and B occur. The complement A (or A”) of A is the
set of points in Q that are not in A. The event 4 does not occur if the ex-
periment yields an outcome represented by a point in A°.

Diagrammatically, if 4 and B are represented by the indicated regions
in Figure 1a, then 4 U B, A n B, and A€ are represented by the shaded
regions in Figures 1b, 1c, and 1d, respectively.
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1a 1b

AUB

1c 1d

] O8N

Figure 1

To illustrate these concepts let 4 be the event “red ball selected” and
let B be the event “even-numbered ball selected.” Then the union 4 U B
is the event that either a red ball or an even-numbered ball was selected.
The intersection A N B is the event “red even-numbered ball selected.”
The event A° occurs if a red ball was not selected.

We now would like to assign probabilities to events. Mathematically,
this just means that we associate to each set B a real number. A priori we
could do this in an arbitrary way. However, we are restricted if we want
these probabilities to reflect the experiment we are trying to model. How
should we make this assignment? We have already assigned each. point
the number s ~!. Thus a one-point set {®w} should be assigned the number
s~1. Now from our discussion of the relative frequency of the event
“drawing a red ball,” it seems that we should assign the event A the prob-
ability P(A) = r/s. More generally, if B is any event we will define P(B)
by P(B) = j/s if B has exactly j points. We then observe that

P(B) = Z Pk >

o €B

where 3 . 5 P« means that we sum the numbers p, over those values of k
such that w, € B. From our definition of P(B) it easily follows that the
following statements are true. We leave their verification to the reader.

Let & denote the empty set; then P(J) = 0 and P(Q?) = 1. If A and B
are any two disjoint sets, i.e., A N B = (J, then

P(A U B) = P(4) + P(B).

Example 2. It is known from physical experiments that an isotope of a
certain substance is unstable. In the course of time it decays by the emis-
sion of neutrons to a stable form. We are interested in the time that it .
takes an atom of the isotope to decay to its stable form. According to the
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laws of physics it is impossible to say with certainty when a specified atom
of the isotope will decay, but if we observe a large number N of atoms
initially, then we can make some accurate predictions about the number of
atoms N(z) that have not decayed by time ¢. In other words we can rather
accurately predict the fraction of atoms N(¢)/N that have not decayed by
time ¢, but we cannot say which of the atoms will have done so. Since all
of the atoms are identical, observing N atoms simultaneously should be
equivalent to N repetitions of the same experiment where, in this case,
the experiment consists in observing the time that it takes an atom to decay.

Now to a first approximation (which is actually quite accurate) the rate
at which the isotope decays at time ¢ is proportional to the number of
atoms present at time 7, so N(?) is given approximately as the solution of
the differential equation

¥o e, 10 =",

dt
where 4 > 0 is a fixed constant of proportionality. The unique solution
of this equation is f(t) = Ne~*, and thus the fraction of atoms that have
not decayed by time ¢ is given approximately by N(¢)/N = e~ *. If
0 <ty < t,, the fraction of atoms that decay in the time interval [#,, ¢, ]
is (e~ *° — e~*"). Consequently, in accordance with the relative frequency
interpretation of probability we take (e~*° — e~*") as the probability
that an atom decays between times 7, and ¢,.

To make a mathematical model of this experiment we can try to proceed
as in the previous example. First we choose a set Q that can be put into a
one-to-one correspondence with the possible outcomes of the experiment.
An outcome in this case is the time that an atom takes to decay. This can
be any positive real number, so we take Q to be the interval [0, c0) on the
real line. From our discussion above it seems reasonable to assign to
the interval [z,,¢,] the probability (e~** — ¢™*"). In particular if
t, = t; = t then the interval degenerates to the set {¢} and the prob-
ability assigned to this set is O.

In our previous example Q had only finitely many points; however, here
Q has a (noncountable) infinity of points and each point has probability O.
Once again we observe that P(Q) = 1 and P(&) = 0. Suppose 4 and B
are two disjoint intervals. Then the proportion of atoms that decay in the
time interval A U B is the sum of the proportion that decay in the time
interval 4 and the proportion that decay in the time interval B. In light
of this additivity we demand that in the mathematical model, 4 U B
should have probability P(4) + P(B) assigned to it. In other words, in
the mathematical model we want

P(4 U B) = P(4) + P(B)

whenever 4 and B are two disjoint intervals.
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1.2. Probability spaces

Our purpose in this section is to develop the formal mathematical
structure, called a probability space, that forms the foundation for the
mathematical treatment of random phenomena.

Envision some real or imaginary experiment that we are trying to model.
The first thing we must do is decide on the possible outcomes of the
experiment. It is not too serious if we admit more things into our con-
sideration than can really occur, but we want to make sure that we do not
exclude things that might occur. Once we decide on the possible out-
comes, we choose a set Q whose points w are associated with these
outcomes. From the strictly mathematical point of view, however, Q is
just an abstract set of points.

We next take a nonempty collection & of subsets of Q that is to
represent the collection of “‘events” to which we wish to assign prob-
abilities. By definition, now, an event means a set 4 in &/. The statement
the event A occurs means that the outcome of our experiment is represented
by some point w € A. Again, from the strictly mathematical point of view,
& is just a specified collection of subsets of the set Q. Only sets 4 € «,
i.e., events, will be assigned probabilities. In our model in Example 1,
& consisted of all subsets of Q. In the general situation when Q does not
have a finite number of points, as in Example 2, it may not be possible to
choose & in this manner.

The next question is, what should the collection &/ be? It is quite
reasonable to demand that &/ be closed under finite unions and finite
intersections of sets in &/ as well as under complementation. For example,
if A and B are two events, then 4 U B occurs if the outcome of our
experiment is either represented by a point in A or a point in B. Clearly,
then, if it is going to be meaningful to talk about the probabilities that A
and B occur, it should also be meaningful to talk about the probability that
either A or B occurs, i.e., that the event A U B occurs. Since only sets in
&/ will be assigned probabilities, we should require that 4 U B € & when-
ever A and B are members of &/. Now 4 n B occurs if the outcome of
our experiment is represented by some point that is in both 4 and B. A
similar line of reasoning to that used for 4 U B convinces us that we
should have 4 N B e & whenever 4, Be . Finally, to say that the
event A does not occur is to say that the outcome of our experiment is not
represented by a point in 4, so that it must be represented by some point
in A°. It would be the height of folly to say that we could talk about the
probability of A4 but not of 4°. Thus we shall demand that whenever A4 is
in & so is A°.

We have thus arrived at the conclusion that &/ should be a nonempty
collection of subsets of Q having the following properties:
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(i) If A is in & so is A°.
(ii) If 4 and B are in & soare A U Band A n B.

An easy induction argument shows that if 4,, 4,,..., A4, are sets in &
then so are |J7=; 4, and (i=1 A;. Here we use the shorthand notation

U A1=A1 UAz U"'UA"
i=1
and

) A=A nA, NN A,
Also, since A N A° = J and A U A° = Q, we see that both the empty
set &f and the set QQ must be in &/.

A nonempty collection of subsets of a given set Q that is closed under
finite set theoretic operations is called a field of subsets of Q. 1t therefore
seems we should demand that & be a field of subsets. It turns out, how-
ever, that for certain mathematical reasons just taking &/ to be a field of
subsets of Q is insufficient. What we will actually demand of the collection
&/ is more stringent. We will demand that &/ be closed not only under
finite set theoretic operations but under countably infinite set theoretic
operations as well. In other words if {4,}, n > 1, is a sequence of sets in
&7, we will demand that

U 4,e o and F\ A, e .
n=1

n=1

Here we are using the shorthand notation

8

An=A1UA2 L
1

to denote the union of all the sets of the sequence, and

iDs

An=AlﬁA2 Nn-**-°

to denote the intersection of all the sets of the sequence. A collection of
subsets of a given set Q that is closed under countable set theory operations
is called a o-field of subsets of Q. (The o is put in to distinguish such a
collection from a field of subsets.) More formally we have the following:

Definition 1 A nonempty collection of subsets of of a set Q is
called a a-field of subsets of Q provided that the following two properties
hold:

() If A is in A, then A is also in .
(ll) IfA,, is in M, n = 1, 2,..., then U:o=1 A" and n:;l A" are
both in .
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We now come to the assignment of probabilities to events. As was
made clear in the examples of the preceding section, the probability of an
event is a nonnegative real number. For an event A4, let P(A4) denote this
number. Then 0 < P(4) < 1. The set Q representing every possible
outcome should, of course, be assigned the number 1, so P(Q) = 1. In our
discussion of Example 1 we showed that the probability of events satisfies
the property that if 4 and B are any two disjoint events then P(4 L B) =
P(4) + P(B). Similarly, in Example 2 we showed that if 4 and B are two
disjoint intervals, then we should also require that

P(A U B) = P(4) + P(B).

It now seems reasonable in general to demand that if 4 and B are
disjoint events then P(4 U B) = P(A) + P(B). By induction, it would
then follow that if 4,, 4,, ..., A, are any n mutually disjoint sets (that is,
if A; n A; = J whenever i # j), then

d (iL:)l Ai) N 1=i1 FlA).

Actually, again for mathematical reasons, we will in fact demand that this
additivity property hold for countable collections of disjoint events.

Definition 2 A probability measure P on a o-field of subsets o
of a set Q is a real-valued function having domain o satisfying the
following properties :

i) P = 1.
(ii) P(A) = O forall Ae A.
(i) If A,, n = 1, 2,3, ..., are mutually disjoint sets in o4, then

A probability space, denoted by (Q, 4, P), is a set Q, a o-field of
subsets o4, and a probability measure P defined on .

It is quite easy to find a probability space that corresponds to the
experiment of drawing a ball from a box. In essence it was already given
in our discussion of that experiment. We simply take Q to be a finite set
having s points, &/ to be the collection of all subsets of 2, and P to be the
probability measure that assigns to 4 the probability P(4) = j/s if A has
exactly j points.

Let us now consider the probability space associated with the isofope
disintegration experiment (Example 2). Here it is certainly clear that
Q = [0, ), but it is not obvious what & and P should be. Indeed, as we
will indicate below, this is by no means a trivial problem, and one that in
all its ramifications depends on some deep properties of set theory that are
beyond the scope of this book.
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One thing however is clear; whatever .o/ and P are chosen to be, &/ must
contain all intervals, and P must assign probability (e ~*° — e~*1) to the
interval [¢,, ¢,] if we want the probability space we are constructing to
reflect the physical situation. The problem of constructing the space now
becomes the following purely mathematical one. Is there a o-field &/ that
contains all intervals as members and a probability measure P defined on
&/ that assigns the desired probability P(A4) to the interval A? Questions
of this type are in the province of a branch of advanced mathematics
called measure theory and cannot be dealt with at the level of this book.
Results from measure theory show that the answer to this particular
question and others of a similar nature is yes, so that such constructions
are always possible.

We will not dwell on the construction of probability spaces in general.
The mathematical theory of probability begins with an abstract probability
space and develops the theory using the probability space as a basis of
operation. Aside from forming a foundation for precisely defining other
concepts in the theory, the probability space itself plays very little role in
the further development of the subject. Auxiliary quantities (especially
random variables, a concept taken up in Chapter 3) quickly become the
dominant theme of the theory and the probability space itself fades into
the background.

We will conclude our discussion of probability spaces by constructing
an important class of probability spaces, called uniform probability spaces.

Some of the oldest problems in probability involve the idea of picking a
point “at random” from a set S. Our intuitive ideas on this notion show
us that if 4 and B are two subsets having the same “‘size’’ then the chance
of picking a point from A4 should be the same as from B. If S has only
finitely many points we can measure the “size’” of a set by its cardinality.
Two sets are then of the same ‘‘size’ if they have the same number of
points. It is quite easy to make a probability space corresponding to the
experiment of picking a point at random from a set S having a
number s of points. We take Q = S and & to be all subsets of S, and
assign to the set A the probability P(4) = j/s if 4 is a set having exactly j
points. Such a probability space is called a symmetric probability space
because each one-point set carries the same probability s~!. We shall
return to the study of such spaces in Chapter 2.

Suppose now that S is the interval [a, b] on the real line where —oo <
a < b < + 0. It seems reasonable in this case to measure the “size”” of a
subset A of [a, b] by its length. Two sets are then of the same size if they
have the same length. We will denote the length of a set 4 by |A]|.

To construct a probability space for the experiment of ‘“‘choosing a
point at random from S,” we proceed in a manner similar to that used for
the isotope experiment. We take Q = S, and appeal to the results of
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measure theory that show that there is a o-field & of subsets of S, and a
probability measure P defined on &/ such that P(4) = |A|/|S| whenever A4
is an interval.

More generally, let S be any subset of r-dimensional Euclidean space
having finite, nonzero r-dimensional volume. For a subset 4 of S denote
the volume of 4 by |4|. There is then a o-field & of subsets of S that
contains all the subsets of S that have volume assigned to them as in
calculus, and a probability measure P defined on & such that P(4) =
|4]/|S| for any such set A. We will call any such probability space,
denoted by (S, &, P), a uniform probability space.

1.3. Properties of probabilities

In this section we will derive some additional properties of a probability
measure P that follow from the definition of a probability measure. These
properties will be used constantly throughout the remainder of the book.
We assume that we are given some probability space (2, &, P) and that
all sets under discussion are events, i.e., members of .

For any set A, A U A° = Q and thus for any two sets 4 and B we have
the decomposition of B:

(1) B=QnB=(AUAd)nB=(4n B)u (4 n B).

Since A N B and A° n B are disjoint, we see from (iii) of Definition 2
that

) P(B) = P(A n B) + P(A° n B).

By setting B = Q and recalling that P(Q2) = 1, we conclude from (2) that
3) P(A°) = 1 — P(A).

In particular P(Z) = 1 — P(f), so that

©) P(Z) = 0.

As a second application of (2) suppose that A ¢ B. Then A n B = A4
and hence

(5) P(B) = P(A) + P(A°nB) if A c B.
Since P(A° n B) > 0 by (ii), we see from (5) that
(6) P(B) = P(A) if A< B.

De Morgan’s laws state that if {4,}, n > 1, is any sequence of sets, then

(g4 -(04
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and
: (04) =V 4).

To see that (7) holds, observe that w € (.51 4.)° if and only if ® ¢ 4,
for any n; that is, w € 4, for all n > 1, or equivalently, ® € (), 4. To
establish (8) we apply (7) to {4;}, obtaining

(U4) =0
and by taking complements, we see that
Y 4= (N4)°
A useful relation that follows from (7) and (3) is

) P(l;)A,,)=1—P({;]A;).

Now U,, A, is the event that at least one of the events A4, occurs, while
()= An is the event that none of these events occur. In words, (9) asserts
that the probability that at least one of the events A4, will occur is 1 minus
the probability that none of the events A4, will occur. The advantage of (9)
is that in some instances it is easier to compute P([), 45) than to compute
P(|J. 4,). [Note that since the events A, are not necessarily disjoint it is
not true that P(|J), 4,) = X, P(4,).] The use of (9) is nicely illustrated
by means of the following.

Example 3. Suppose three perfectly balanced and identical coins are
tossed. Find the probability that at least one of them lands heads.

There are eight possible outcomes of this experiment as follows:

Coin 1 H H H H T T T T
Coin 2 H H T T H H T T
Coin 3 H T H T H T H T

Our intuitive notions suggest that each of these eight outcomes should
have the probability 1/8. Let 4, be the event that the first coin lands
heads, A, the event that the second coin lands heads, and A4, the event
that the third coin lands heads. The problem asks us to compute
P(A, U A, U A;). Now A{ n A5 n A5 = {T, T, T} and thus

P(Af n A5 n A3) = 1/8;
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hence (9) implies that
P(A; U A, U Ay) =1 — P(AS§ n A5 n A35) = 7/8.

Our basic postulate (iii)) on probability measures tells us that for dis-
joint sets A and B, P(A u B) = P(A) + P(B). If A and B are not

necessarily disjoint, then

(10) P(A u B) = P(A) + P(B) — P(A n B)
and consequently

(11) P(A v B) < P(A) + P(B).

To see that (10) is true observe that the sets A N B, A N B,and A° N B
are mutually disjoint and their union is just A U B (see Figure 2). Thus

(12) P(A U B) = P(A n B°) + P(A° A B) + P(4 N B).

By (2), however,

P(A N B°) = P(A) — P(A n B)
and

P(A° n B) = P(B) — P(A n B).

By substituting these expressions into (12), we obtain (10).

A B

Figure 2

Equations (10) and (11) extend to any finite number of sets. The
analogue of the exact formula (10) is a bit complicated and will be dis-
cussed in Chapter 2. Inequality (11), however, can easily be extended by
induction to yield

(13) P(A, UA,L---UA) < Zn: P(A).
i=1

To prove this, observe that if # > 2, then by (11)
P(Al U"'UA,I) = P((Al U"'UA,'..I)UA")
< P(A, u---U A,_,) + P(4).

Hence if (13) holds for n — 1 sets, it holds for n sets. Since (13) clearly
holds for n = 1, the result is proved by induction.
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So far we have used only the fact that a probability measure is finitely
additive. Our next result will use the countable additivity.

Theorem 1 Let A,, n > 1, be events.
() IfA; € A, =+~ and A = \Jo~1 An, then

(14) lim P(4,) = P(A).

n—* oo

(i) If Ay o Ay, o -+ and A = (\n=1 An, then (14) again holds.

Proof of (i). Suppose A, <« A, =+ and 4 = )2, 4,. Set
B, = A,, and for each n > 2, let B, denote those points which are in 4,
but not in 4,_,, i.e., B, = A, n A,_;. A point w is in B, if and only if
w is in A and A, is the first set in the sequence A4,, 4,, ... containing w.
By definition, the sets B, are disjoint,

A,, = U Bi’
i=1
and
A= U B;
i=1
Consequently,
P(4) = Y. P(B)
and
P(A) = i; P(B)).
Now
(15) lim Z P(B) = Z P(B;)
n—ow i=1 i=1

by the definition of the sum of an infinite series. It follows from (15) that

lim P(4,) = lim ¥ P(B)

n— oo n—ow i=1

= izl P(B) = P(4),
so that (14) holds.

Proof of (ii). Suppose A, > A, o+ and 4 = ()X, 4,. Then
Af = A5 = --- and by (8)

Thus by (i) of the theorem
(16) lim P(AS) = P(A°).

n— oo
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Since P(A;) = 1 — P(A,) and P(A) = 1 — P(A), it follows from (16)
that
lim P(A4,) = lim (1 — P(Af))

n—> n— o0

1 — lim P(4°)

n—> oo

=1 — P(A°) = P(A),
and again (14) holds. |

1.4. Conditional probability

Suppose a box contains r red balls labeled 1, 2, ..., r and b black balls
labeled 1, 2, ..., b. Assume that the probability of drawing any particular
ball is (b + r)~1. If the ball drawn from the box is known to be red, what
is the probability that it was the red ball labeled 1? Another way of
stating this problem is as follows. Let A be the event that the selected
ball was red, and let B be the event that the selected ball was labeled 1.
The problem is then to determine the ‘“‘conditional’” probability that the
event B occurred, given that the event A occurred. This problem cannot
be solved until a precise definition of the conditional probability of one
event given another is available. This definition is as follows:

Definition 3 Let A and B be two events such that P(A) > 0.
Then the conditional probability of B given A, written P(B | A), is
defined to be
a7 PB|4)= B4

P(A4)
If P(A) = O the conditional probability of B given A is undefined.

The above definition is quite easy to motivate by the relative frequency
interpretation of probabilities. Consider an experiment that is repeated
a large number of times. Let the number of times the events 4, B, and
A n B occur in n trials of the experiment be denoted by N,(A4), N(B), and
N, (A n B), respectively. For n large we expect that N,(4)/n, N (B)/n,
and N, (A n B)/n should be close to P(4), P(B), and P(4A n B), respec-
tively. If now we just record those experiments in which 4 occurs then we
have N,(A) trials in which the event B occurs N, (4 n B) times. Thus the
proportion of times that B occurs among these N, (A) experiments is
N, (A n B)/N,(A). But

N{(A n B) _ N.(A n B)/n
N,(4) N (A)/n
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and thus for large values of »n this fraction should be close to
P(A n B)/P(A).

As a first example of the use of (17) we will solve the problem posed at
the start of this section. Since the set Q has b + r points each of which
carries the probability (b + r)~!, we see that P(4) = r(b + r)~! and
P(AN B) = (b + r)~1. Thus

P(BIA)=%.

This should be compared with the ‘“unconditional” probability of B,
namely P(B) = 2(b + r)~ ..

Example 4. Suppose two identical and perfectly balanced coins are
tossed once.

(a) Find the conditional probability that both coins show a head given
that the first shows a head. ,

(b) Find the conditional probability that both are heads given that at
least one of them is a head.

To solve these problems we let the probability space Q consist of the
four points HH, HT, TH, TT, each carrying probability 1/4. Let A be
the event that the first coin results in heads and let B be the event that the
second coin results in heads. To solve (a) we compute

P(A N B| A) = P(An B)P(A) = (1/4)/(1/2) = 1/2.
To answer (b) we compute
P(ANnB|Au B) = P(An B)/P(A v B) = (1/4)/(3/4) = 1/3.

In the above two examples the probability space was specified, and we
used (17) to compute various conditional probabilities. In many problems
however, we actually proceed in the opposite direction. We are given in
advance what we want some conditional probabilities to be, and we use this
information to compute the probability measure on Q. A typical example
of this situation is the following.

Example 5. Suppose that the population of a certain city is 409, male
and 60% female. Suppose also that 509, of the males and 309, of the
females stnoke. Find the probability that a smoker is male.

Let M denote the event that a person selected is a male and let F denote
the event that the person selected is a female. Also let S denote the event
that the person selected smokes and let N denote the event that he does not
smoke. The given information can be expressed in the form P(S | M) = .5,
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P(S| F) = .3, P(M) = .4, and P(F) = .6. The problem is to compute
P(M | S). By (17),
P(M N S)

PS)

Now P(M n S) = P(M)P(S | M) = (.4)(.5) = .20, so the numerator can
be computed in terms of the given probabilities. Since S is the union of the
two disjoint sets S N M and S N F, it follows that

P(S) = P(S A M) + P(S n F).

PM|S) =

Since
P(Sn F) = P(F)P(S | F) = (.6)(.3) = .18,
we see that
P(S) = .20 + .18 = .38.
Thus

PM | S) = %’ ~ .53,

The reader will notice that the probability space, as such, was never
explicitly mentioned. This problem and others of a similar type are solved
simply by using the given data and the rules of computing probabilities
given in Section 3 to compute the requested probabilities.

It is quite easy to construct a probability space for the above example.
Take the set Q to consist of the four points SM, SF, NM, and NF that are,
respectively, the unique points in the sets SN M, SN F, Nn M, and
N n F. The probabilities attached to these four points are not directly
specified, but are to be computed so that the events P(S | M), P(S | F),
P(M), and P(F) have the prescribed probabilities. We have already
found that P(S n M) = .20 and P(S n F) = .18. We leave it as an
exercise to compute the probabilities attached to the other two points.

The problem discussed in this example is a special case of the following
general situation. Suppose 4,, 4,, ..., A, are n mutually disjoint events
with union Q. Let B be an event such that P(B) > 0 and suppose P(B| A4,)
and P(A4,) are specified for 1 < k < n. What is P(4; | B)? To solve this
problem note that the 4, are disjoint sets with union Q and consequently

B =Bn (kL=Jl A,) = kgl (B n A,).
Thus
P(B) = k; P(B n A,).

But
P(B n A,) = P(A)P(B | Ay),
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SO wWe can write
(18) P4, B) = FANnB) _ _ PA)PB]| 4)

P(B) r_y P(A)P(B | 4)

This formula, called Bayes’ rule, finds frequent application. One way
of looking at the result in (18) is as follows. Suppose we think of the events
A, as being the possible “causes’ of the observable event B. Then P(A4; | B)
is the probability that the event 4, was the “‘cause” of B given that B
occurs. Bayes’ rule also forms the basis of a statistical method called
Bayesian procedures that will be discussed in Volume II, Introduction to
Statistical Theory.

As an illustration of the use of Bayes’ rule we consider the following
(somewhat classical) problem.

Example 6. Suppose there are three chests each having two drawers.
The first chest has a gold coin in each drawer, the second chest has a gold
coin in one drawer and a silver coin in the other drawer, and the third
chest has a silver coin in each drawer. A chest is chosen at random and a
drawer opened. If the drawer contains a gold coin, what is the probability
that the other drawer also contains a gold coin? We ask the reader to
pause and guess what the answer is before reading the solution. Often in
this problem the erroneous answer of 1/2 is given.

This problem is easily and correctly solved using Bayes’ rule once the
description is deciphered. We can think of a probability space being
constructed in which the events 4,, 4,, and 4, correspond, respectively,
to the first, second, and third chest being selected. These events are dis-
joint and their union is the whole space Q since exactly one chest is selected.
Moreover, it is presumably intended that the three chests are equally
likely of being chosen so that P(4,) = 1/3,i = 1, 2, 3. Let B be the event
that the coin observed was gold. Then, from the composition of the chests
it is clear that

P(B|A4) =1, PB|A4,) =12 and P(B|A4,) =0.

The problem asks for the probability that the second drawer has a gold
coin given that there was a gold coin in the first. This can only happen if
the chest selected was the first, so the problem is equivalent to finding
P(A, | B). We now can apply Bayes’ rule (18) to compute the answer,
which is 2/3. We leave it to the reader as an exercise to compute the
probability that the second drawer has a silver coin given that the first
drawer had a gold coin.

For our next example we consider a simple probability scheme due to
Polya.
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Example 7. Polya’s urn scheme. Suppose an urn has » red balls and
b black balls. A ball is drawn and its color noted. Then it together
with ¢ > 0 balls of the same color as the drawn ball are added to the urn.
The procedure is repeated » — 1 additional times so that the total
number of drawings made from the urn is ».

Let R;, 1 < j < n, denote the event that the jth ball drawn is red and let
B;,1 < j < n, denote the event that the jth ball drawn is black. Of course,
for each j, R; and B, are disjoint. At the kth draw there are b + r +
(k — 1)c balls in the urn and we assume that the probability of drawing
any particular ballis (b + r + (k — 1)c)~!. To compute P(R, N R,) we
write

P(R; n R;) = P(R))P(R; | R,).

Now
r r+c
P(R)) = ; PR, | R) = —4M8,
(Ry) b+r Bl R b+r+c
and thus
r r+c
P(R;, n R, = .
Ry N Ry) (b+r)(b+r+c)
Similarly
) )
P(B, n R,) =
(By 2 (b+r) b+r+c
and thus

P(R,) = P(R, N R,) + P(B, A R,)

| e Al o e

__r
b+r
Consequently, P(R,) = P(R,). Since
b
P(B;) =1 - P(R)) = ——,
(B2) (R2) b+

P(B,) = P(B,). Further properties of the Polya scheme will be developed
in the exercises.

1.5. Independence

Consider a box having four distinct balls and an experiment consisting
of selecting a ball from the box. We assume that the balls are equally
likely to be drawn. Let Q = {1, 2, 3, 4} and assign probability 1/4 to
each point.
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Let A and B be two events. For some choices of 4 and B, knowledge
that 4 occurs increases the odds that B occurs. For example, if 4 = {1, 2}
and B = {1}, then P(4) = 1/2, P(B) = 1/4, and P(4 n B) = 1/4. Con-
sequently, P(B | A) = 1/2, which is greater than P(B). On the other hand,
for other choices of 4 and B, knowledge that 4 occurs decreases the odds
that B will occur. For example, if 4 = {1, 2, 3} and B = {1, 2, 4}, then
P(A) = 3/4, P(B) = 3/4, and P(A n B) = 1/2. Hence P(B|A) = 2/3,
which is less than P(B).

A very interesting case occurs when knowledge that 4 occurs does not
change the odds that B occurs. As an example of this let 4 = {1, 2} and
B = {1, 3}, then P(4A) = 1/2, P(B) = 1/2, P(A n B) = 1/4, and there-
fore P(B| A) = 1/2. Events such as these, for which the conditional
probability is the same as the unconditional probability, are said to be
independent.

Let A and B now be any two events in a general probability space, and
suppose that P(4) # 0. We can then define 4 and B to be independent if
P(B| A) = P(B). Since P(B| A) = P(B n A)/P(A) we see that if 4 and
B are independent then

(19) P(A ~ B) = P(4)P(B).

Since (19) makes sense even if P(4) = 0 and is also symmetric in the letters
A and B, it leads to a preferred definition of independence.

Definition 4 Two events A and B are independent if and only if
P(A n B) = P(A)P(B).

We can consider a similar problem for three sets A, B, and C. Take
Q = {1, 2, 3, 4} and assign probability 1/4 to each point. Let 4 = {1, 2},
B = {1, 3}, and C = {1, 4}. Then we leave it as an exercise to show that
the pairs of events 4 and B, 4 and C, and B and C are independent. We
say that the events 4, B, and C are pairwise independent. On the other
hand, P(C) = 1/2 and

P(C|An B) = 1.

Thus a knowledge that the event A N B occurs increases the odds that C
occurs. In this sense the events 4, B, and C fail to be mutually independent.
In general, three events 4, B, and C are mutually independent if they are
pairwise independent and if *

P(A n B A C) = P(A)P(B)P(C).

We leave it as an exercise to show that if 4, B, and C are mutually inde-
pendent and P(4 n B) # 0, then P(C | A n B) = P(C).
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More generally we define n > 3 events 4,, 4,, ..., A, to be mutually
independent if
P4y N2 n A4,) = P(4y)- - P(4,)

and if any subcollection containing at least two but fewer than n events are
mutually independent.

Example 8. Let S be the square 0 < x < 1,0 < y < 1 in the plane.
Consider the uniform probability space on the square, and let A be the
event

{(x,»):0<x<12,0<y<1}

and B be the event
{(%,»):0<x<1,0<y<1/4.
Show that A and B are independent events.

To show this, we compute P(A4), P(B), and P(A n B), and show that
P(A n B) = P(A)P(B). Now A is a subrectangle of the square S having

area 1/2 and B is a subrectangle of the square S having area 1/4, so
P(A) = 1/2and P(B) = 1/4. Since

AnB={(%)):0<x<120<y<1/4

is a subrectangle of the square S having area 1/8, P(A n B) = 1/8 and
we see that 4 and B are independent events as was asserted.

The notion of independence is frequently used to construct probability
spaces corresponding to repetitions of the same experiment. This matter
will be dealt with more fully in Chapter 3. We will be content here to
examine the simplest situation, namely, experiments (such as tossing a
possibly biased coin) that can result in only one of two possible out-
comes—success or failure.

In an experiment such as tossing a coin n times, where success and
failure at each toss occur with probabilities p and 1 — p respectively, we
intuitively believe that the outcome of the ith toss should have no influence
on the outcome of the other tosses. We now wish to construct a probability
space corresponding to the compound experiment of an n-fold repetition
of our simple given experiment that incorporates our intuitive beliefs.

Since each of the n trials can result in either success or failure, there is a
total of 2" possible outcomes to the compound experiment. These may be
represented by an n-tuple (x4, . . ., x,), where x; = 1 or 0 according as the
ith trial yields a success or failure. We take the set Q to be the collection
of all such n-tuples. The o-field & is taken to be all subsets of Q.

We now come to the assignment of a probability measure. To do
this it is only necessary to assign probabilities to the 2" one-point sets
{(x4, ..., Xs)}. Suppose the n-tuple (x,, ..., x,) is such that exactly k of
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the x;’s have the value 1; for simplicity, say x, = x, = - = x, = 1 and
the other x,’s have the value 0. Then if 4; denotes the event that the ith
trial, 1 < i < n, is a success, we see that

{A,1,...,,0,...,0} =4, n"NnA, N Agyy 0N AL
S
k n—k

According to our intuitive views, the events A4,, ..., 4y, Az, 1, ..., Ay are
to be mutually independent and P(4,) = p, 1 < i < n. Thus we should
assign P so that

P, L,..., 1,0,...,0)}) = P(4y) "+ - P(AJP(Ais 1) " -+ P(47)
=1 - p".

By the same reasoning, we see that if the n-tuple (x,, ..., x,) is such that
exactly k of the x;’s have the value 1, then P should be such that

P({(xy, ..., x)}) = p"(1 = p)"™".

Let us now compute the probability that exactly k of the »n trials result
in a success. Note carefully that this differs from the probability that k&
specified trials result in successes and the other n — k trials result in
failures. Let B, denote the event that exactly k of the n trials are successes.
Since every choice of a specified sequence having k successes has probability
p(1 — p)"~* the event B, has probability P(B,) = C(k, n)p*(1 — p)"~*,
where C(k, n) is the number of sequences (x,, ..., X,) in which exactly k£
of the x,’s have value 1. The computation of C(k, n) is a simple com-
binatorial problem that will be solved in Section 2.4. There it will be
shown that

n!

(20) C(k, n) = ;c'(n—._k)' ’ 0 < k < n.

Recall that 0! = 1 and that, for any positive integer m,

m! =mm-—1)---1.

The quantity n!/k!(n — k)! is usually written as (Z) (the binomial
coefficient). Thus

@) P®) = (3) #0 - pr

Various applied problems are modeled by independent success—failure
trials. Typical is the following.

Example 9. Suppose a machine produces bolts, 109 of which are
defective. Find the probability that a box of 3 bolts contains at most one
defective bolt.
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To solve the problem we assume that the production of bolts constitutes
repeated independent success—failure trials with a defective bolt being a
success. The probability of success in this case is then .1. Let B, be the
event that none of the three bolts are defective and let B, be the event that
exactly one of the three bolts is defective. Then B, U B, is the event that
at most one bolt is defective. Since the events B, and B, are clearly
disjoint, it follows that

P(B, v B,) = P(B,) + P(B,)
= ((3)) (1D°.9)® + (T) (.1)1(.9)?

= (.9)* + 3(.1)(.9)?
= .972.

Exercises

1 Let (QQ, &, P) be a probability space, where & is the o-field of all
subsets of Q and P is a probability measure that assigns probability
p > 0 to each one-point set of Q.

(a) Show that Q must have a finite number of points. Hint: show that
Q can have no more than p~! points.
(b) Show that if » is the number of points in Q then p must be n™ 1.

2 A model for a random spinner can be made by taking a uniform
probability space on the circumference of a circle of radius 1, so that the
probability that the pointer of the spinner lands in an arc of length s is
s/2n. Suppose the circle is divided into 37 zones numbered 1, 2, . . ., 37.
Compute the probability that the spinner stops in an even zone.

3 Let a point be picked at random in the unit square. Compute the
probability that it is in the triangle bounded by x = 0, y = 0, and
x+y=1.

4 Let a point be picked at random in the disk of radius 1. Find the
probability that it lies in the angular sector from O to /4 radians.

5 In Example 2 compute the following probabilities:
(a) No disintegration occurs before time 10.
(b) There is a disintegration before time 2 or a disintegration between
times 3 and 5.

6 A box contains 10 balls, numbered 1 through 10. A ball is drawn from
the box at random. Compute the probability that the number on the
ball was either 3, 4, or 5.

7 Suppose two dice are rolled once and that the 36 possible outcomes are
equally likely. Find the probability that the sum of the numbers on the
two faces is even.
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Suppose events 4 and B are such that P(4) = 2/5, P(B) = 2/5, and
P(4A u B) = 1/2. Find P(A n B).

If P(A) = 1/3, P(A v B) = 1/2, and P(A n B) = 1/4, find P(B).
Suppose a point is picked at random in the unit square. Let 4 be the
event that it is in the triangle bounded by the lines y = 0, x = 1, and
x = », and B be the event that it is in the rectangle with vertices
0, 0), (1, 0), (1, 1/2), (0, 1/2). Compute P(A v B) and P(A n B).

A box has 10 balls numbered 1, 2, ..., 10. A ball is picked at random
and then a second ball is picked at random from the remaining nine
balls. Find the probability that the numbers on the two selected balls
differ by two or more.

If a point selected at random in the unit square is known to be in the
triangle bounded by x =0, y = 0, and x + y = 1, find the prob-
ability that it is also in the triangle bounded by y = 0, x = 1, and
x =y

Suppose we have four chests each having two drawers. Chests 1 and 2
have a gold coin in one drawer and a silver coin in the other drawer.
Chest 3 has two gold coins and chest 4 has two silver coins. A chest is
selected at random and-a drawer opened. It is found to contain a gold
coin. Find the probability that the other drawer has

(a) a silver coin;

(b) a gold coin.

A box has 10 balls, 6 of which are black and 4 of which are white.
Three balls are removed from the box, their color unnoted. Find the
probability that a fourth ball removed from the box is white. Assume

that the 10 balls are equally likely to be drawn from the box.

With the same box composition as in Exercise 14, find the probability
that all three of the removed balls will be black if it is known that at
least one of the removed balls is black.

Suppose a factory has two machines 4 and B that make 609 and 409,
of the total production, respectively. Of their output, machine A4
produces 3%, defective items, while machine B produces 5%, defective
items. Find the probability that a given defective part was produced by
machine B.

Show by induction on z that the probability of selecting a red ball at
any trial »n in Polya’s scheme (Example 7) is r(b + r)~".

A student is taking a multiple choice exam in which each question has
5 possible answers, exactly one of which is correct. If the student knows
the answer he selects the correct answer. Otherwise he selects one
answer at random from the 5 possible answers. Suppose that the
student knows the answer to 709 of the questions.

(a) What is the probability that on a given question the student gets

the correct answer?
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(b) If the student gets the correct answer to a question, what is the
probability that he knows the answer?

Suppose a point is picked at random in the unit square. If it is known
that the point is in the rectangle bounded by y = 0, y = 1, x = 0, and
x == 1/2, what is the probability that the point is in the triangle
boundedbyy = 0, x = 1/2,and x + y = 1?

Suppose a box has r red and b black balls. A ball is chosen at random
from the box and then a second ball is drawn at random from the
remaining balls in the box. Find the probability that

(a) both balls are red;

(b) the first ball is red and the second is black;

(c) the first ball is black and the second is red;

(d) both balls are black.

A box has 10 red balls and 5 black balls. A ball is selected from the

box. If the ball is red, it is returned to the box. If the ball is black, it

and 2 additional black balls are added to the box. Find the probability

that a second ball selected from the box is

(a) red; (b) black.

Two balls are drawn, with replacement of the first drawn ball, from a

box containing 3 white and 2 black balls.

(a) Construct a sample space for this experiment with equally likely
sample points.

(b) Calculate the probability that both balls drawn will be the same
color.

(c) Calculate the probability that at least one of the balls drawn will be
white.

Work Exercise 22 if the first ball is not replaced.

Work Exercise 22 by constructing a sample space based on 4 sample
points corresponding to white and black for each drawing.

Box I contains 2 white balls and 2 black balls, box II contains 2 white

balls and 1 black ball, and box III contains 1 white ball and 3 black

balls.

(a) One ball is selected from each box. Calculate the probability of
getting all white balls.

(b) One box is selected at random and one ball drawn from it. Cal-
culate the probability that it will be white.

(c) In (b), calculate the probability that the first box was selected
given that a white ball is drawn.

A box contains 3 white balls and 2 black balls. Two balls are drawn

from it without replacement.

(a) Calculate the probability that the second ball is black given that the
first ball is black.

(b) Calculate the probability that the second ball is the same color as
the first ball.
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(c) Calculate the probability that the first ball is white given that the
second ball is white.

A college is composed of 709, men and 309 women. It is known that
409 of the men and 60% of the women smoke cigarettes. What is the
probability that a student observed smoking a cigarette is a man?

Assume that cars are equally likely to be manufactured on Monday,
Tuesday, Wednesday, Thursday, or Friday. Cars made on Monday
have a 49, chance of being “lemons”; cars made on Tuesday,
Wednesday or Thursday have a 19, chance of being lemons; and
cars made on Friday have a 29, chance of being lemons. If you
bought a car and it turned out to be a lemon, what is the prob-
ability it was manufactured on Monday?

Suppose there were a test for cancer with the property that 907, of
those with cancer reacted positively whereas 5% of those without
cancer react positively. Assume that 19, of the patients in a hospital
have cancer. What is the probability that a patient selected at random
who reacts positively to this test actually has cancer?

In the three chests problem discussed in Example 6, compute the
probability that the second drawer has a silver coin given that the
first drawer has a gold coin.

In Polya’s urn scheme (Example 7) given that the second ball was red,
find the probability that

(a) the first ball was red;

(b) the first ball was black.

Suppose three identical and perfectly balanced coins are tossed once.
Let A; be the event that the ith coin lands heads. Show that the events
A,, A,, and A, are mutually independent.

Suppose the six faces of a die are equally likely to occur and that the
successive die rolls are independent. Construct a probability space for
the compound experiment of rolling the die three times.

Let A and B denote two independent events. Prove that 4 and B¢,
A€ and B, and A° and BF€ are also independent.

Let Q = {1, 2, 3, 4} and assume each point has probability 1/4. Set
A={1,2}, B={1,3}, C = {1,4}. Show that the pairs of events
A and B, A and C, and B and C are independent.

Suppose 4, B, and C are mutually independent events and P(4 n B) #
0. Show that P(C| A n B) = P(C).

Experience shows that 209, of the people reserving tables at a certain
restaurant never show up. If the restaurant has 50 tables and takes

52 reservations, what is the probability that it will be able to accommo-
date everyone?

A circular target of unit radius is divided into four annular zones with
outer radii 1/4, 1/2, 3/4, and 1, respectively. Suppose 10 shots are fired
independently and at random into the target.
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(a) Compute the probability that at most three shots land in the zone
bounded by the circles of radius 1/2 and radius 1.

(b) If 5 shots land inside the disk of radius 1/2, find the probability
that at least one is in the disk of radius 1/4.

A machine consists of 4 components linked in parallel, so that the
machine fails only if all four components fail. Assume component
failures are independent of each other. If the components have
probabilities .1, .2, .3, and 4 of failing when the machine is turned on,
what is the probability that the machine will function when turned on?

A certain component in a rocket engine fails 5%, of the time when the
engine is fired. To achieve greater reliability in the engine working,
this component is duplicated » times. The engine then fails only if all
of these n components fail. Assume the component failures are
independent of each other. What is the smallest value of » that can be
used to guarantee that the engine works 999 of the time?

A symmetric die is rolled 3 times. If it is known that face 1 appeared at
least once what is the probability that it appeared exactly once?

In a deck of 52 cards there are 4 kings. A card is drawn at random
from the deck and its face value noted; then the card is returned. This
procedure is followed 4 times. Compute the probability that there are
exactly 2 kings in the 4 selected cards if it is known that there is at least
one king in those selected.

Show that if 4, B, and C are three events such that (A n Bn C) # 0
and P(C|An B) = P(C| B),then P(A| Bn C) = P(A| B).

A man fires 12 shots independently at a target. What is the probability
that he hits the target at least once if he has probability 9/10 of hitting
the target on any given shot?

A die is rolled 12 times. Compute the probability of getting

(a) 2 sixes;

(b) at most two sixes.

Suppose the probability of hitting a target is 1/4. If eight shots are
fired at the target, what is the probability that the target is hit at least
twice?

In Exercise 44, what is the probability that the target is hit at least twice
if it is known that it is hit at least once?
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Recall from Section 1.2 that a symmetric probability space having s points is the
model used for choosing a point at random from a set S having s points. Hence-
forth when we speak of choosing a point at random from a finite set S, we shall
mean that the probability assigned to each one-point set is s~!, and hence the
probability assigned to a set A having j points is j/s.

Let N(A) denote the number of points in A. Since P(4) = N(A)/s, the problem
of computing P(A4) is equivalent to that of computing N(A4). The procedure for
finding P(A) is to “count” the number of points in 4 and divide by the total
number of points s. However, sometimes the procedure is reversed. If by some
means we know P(A), then we can find N(A4) by the formula N(A4) = sP(A).
This reverse procedure will be used several times in the sequel.

The computation of N(A) is easy if A has only a few points, for in that case we
can just enumerate all the points in A. But even if 4 has only a moderate number
of points, the method of direct enumeration becomes intractable, and so some
simple rules for counting are desirable. Our purpose in this chapter is to present a
nontechnical systematic discussion of techniques that are elementary and of
wide applicability. This subject tends to become difficult quite rapidly, so we shall
limit our treatment to those parts of most use in probability theory. The first four
sections in this chapter contain the essential material, while the last four sections
contain optional and somewhat more difficult material.

2.1. Ordered samples

Suppose we have two sets S and 7. If S has m distinct points s,, s,, ...,
sn, and T has n distinct points ¢,, ¢,,..., ¢, then the number of pairs
(i, ¢;) that can be formed by taking one point from the set S and a second
from the set T is mn. This is clear since any given element of the set S can
be associated with any of the n elements from the set 7.

Example1. If S = {1, 2} and T = {1, 2, 3}, then there are six pairs:
(1, 1), (1, 2), (1, 3), (2, 1), (2, 2), (2, 3). Note carefully that the pair (1, 2)
is distinct from the pair (2, 1).

27
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More generally, suppose we have n sets Sy, S,, ..., S, having s,, s,,...,
s, distinct points, respectively. Then the number of n-tuples (x;, x,, . . ., X,)
that can be formed where x, is an element from S;, x, an element from
S,,..., and x, an element from S, is s,5, ‘- - s,. This is a quite obvious
extension of the case for n = 2 discussed above. (A formal proof that the
number of n-tuples is 5,5, * * - 5, could be carried out by induction on n.)

An important special case occurs when each of the sets S;,, 1 < i < n,
is the same set S having s distinct points. There are then s" n-tuples
(x4, x5, ..., x,) Where each x; is one of the points of S.

Example 22 S = {1,2} and n = 3. Then there are eight n-tuples:
1,1,1),(1,1,2),(1,2,1),(1,2,2),(2,1,1), (2, 1, 2), (2, 2, 1), (2, 2, 2).

The special case when the sets S;, 1 < i < n, are the same set can be
approached from a different point of view. Suppose a box has s distinct
balls labeled 1, 2,...,s. A ball is drawn from the box, its number noted
and the ball is returned to the box. The procedure is repeated »n times.
Each of the n draws yields a number from 1 to s. The outcome of the n
draws can be recorded as an n-tuple (x,, x,,..., X,), where x, is the
number on the 1st ball drawn, x, that on the 2nd, etc. In all, there are s"
possible n-tuples. This procedure is called sampling with replacement from
a population of s distinct objects. The outcome (x,, x,, ..., X,) is called a
sample of size n drawn from a population of s objects with replacement.
We speak of random sampling with replacement if we assume that all of the
s" possible samples possess the same probability or, in traditional language,
are equally likely to occur.

Example 3. A perfectly balanced coin is tossed n times. Find the
probability that there is at least one head.

Presumably the statement that the coin is perfectly balanced implies
that the probability of getting a head on a given toss is 1/2. If this is so,
and if we assume that flipping the coin n times is equivalent to drawing a
random sample of size n from a population of the two objects {H, T},
then each of the 2" possible outcomes is equally likely. Let A be the event
that there is at least one head, and let 4; be the event that the ith toss
results in a head. Then 4 = (J{-; 4,. But

P(4) = 1 — P(4°)
-1-2((0,4))

and ﬂ}'==1 A§ occurs if and only if all of the n tosses yield tails. Thus
P(Ni=1 A) = 27", s0 P(A) =1 — 27"
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Let S denote a set having s distinct objects. We select an object from S
and note which object it is, but now suppose we do not return it to the set.
If we repeat this procedure we will then make a selection from the remain-
ing (s — 1) objects. Suppose the procedure is repeated » — 1 additional
times, so that altogether n objects are selected. (Obviously we must have
n < sin this case.) Once again we may record the outcome as an n-tuple
(X1, X2, - - - » Xp), but this time the numbers x,, x,, ..., x, must be distinct;
there can be no duplications in our sample. The first object selected can be
any one of s objects, the second object can be any one of the remaining
s — 1 objects, the third can be any one of the remaining s — 2 objects,
etc., so in all there are (s), = s(s — 1)---(s — n + 1) different possible
outcomes to the experiment. This procedure is referred to as sampling
without replacement n times from a population of s distinct objects. We
speak of a random sample of size n drawn from a population of s objects
without replacement if we assume that each of these (s), outcomes is equally
likely.

We have denoted the product s(s — 1)---(s — n + 1) by the symbol
(5).- In particular, (s); = s(s — 1): - 1 = s! Now drawing a sample of
size s from a population of s distinct objects is equivalent to writing down
the numbers, 1, 2, ..., s in some order. Thus s! represents the number of
different orderings (or permutations) of s objects.

Suppose a random sample of size n is chosen from a set of s objects with
replacement. We seek the probability of the event A that in the sample no
point appears twice. The problem is easily solved. The number of samples
of size n with replacement is s”. Of these s" random samples the number
in which no point appears twice is the same as the number of samples of
size n drawn from s objects without replacement, i.e., (s),. Thus since all the
s" samples are equally likely, we find that the required probability is
($)a s(s—1):-(s—n+1)

n

(1)

N S

(-90-3-23)

Example 4. A novel and rather surprising application of (1) is the
so-called birthday problem. Assume that people’s birthdays are equally
likely to occur among the 365 days of the year. (Here we ignore leap years
and the fact that birth rates are not exactly uniform over the year.) Find
the probability p that no two people in a group of n people will have a
common birthday.

In this problem s = 365, so by applying (1) we see that

[ R
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The numerical consequences are quite unexpected. Even for » as small as
23, p < 1/2, and for n = 56, p = .01. That is, in a group of 23 people the
probability that at least two people have a common birthday exceeds 1/2.
In a group of 56 people, it is almost certain that two have the same
birthday.

If we have a population of s objects, there are s" samples of size » that
can be drawn with replacement and (s), samples of size n that can be drawn
without replacement. If s is large compared to », there is little difference
between random sampling by these two methods. Indeed, we see from (1)
that for any fixed n,

@) 1im@'=1im(1—1)---(1-”“1)=1.

s S" ) S S

(For more precise estimates see Exercise 12.)

2.2. Permutations

Suppose we have n distinct boxes and » distinct balls. The total number
of ways of distributing the » balls into the n boxes in such a manner that
each box has exactly one ball is n!. To say that these » balls are distributed
at random into the » boxes with one ball per box means that we: assign
probability 1/n! to each of these possible ways. Suppose this is the case.
What is the probability that a specified ball, say ball i, is in a specified box,
say box j? If ball i is in box j, this leaves (n — 1) boxes and (n — 1) balls
to be distributed into them so that exactly one ball is in each box. This
can be done in (n — 1)! ways, so the required probability is (» — 1)!/n! =
1/n.

Another way of looking at this result is as follows. If we have » distinct
objects and we randomly permute them among themselves, then the
probability that a specified object is in a specified position has probability
1/n. Indeed, here the positions can be identified with the boxes and the
objects with the balls.

The above considerations are easily extended from 1 to & > 1 objects.
If n objects are randomly permuted among themselves, the probability
that k specified objects are in k specified positions is (n — k)!/n!. We
leave the proof of this fact to the reader.

Problems involving random permutations take on a variety of forms
when stated as word problems. Here are two examples:

(a) A deck of cards labeled 1, 2,...,n is shuffled, and the cards are

then dealt out one at a time. What is the probability that for some
specified i, the ith card dealt is the card labeled i?
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(b) Suppose 10 couples arrive at a party. The boys and girls are then
paired off at random. What is the probability that exactly k specified boys
end up with their own girls?

A more sophisticated problem involving random permutations is to find
the probability that there are exactly k “‘matches.” To use our usual
picturesque example of distributing balls in boxes, the problem is to find
the probability that ball i is in box i for exactly k different values of i.

The problem of matchings can be solved in a variety of ways. We
postpone discussion of this problem until Section 2.6.

2.3. Combinations (unordered samples)

A poker hand consists of five cards drawn from a deck of 52 cards.
From the point of view of the previous discussion there would be (52);
such hands. However, in arriving at this count different orderings of the
same five cards are considered different hands. Thatis, the hand 2, 3, 4, 5, 6
of spades in that order is considered different from the hand 2, 4, 3, §, 6 of
spades in that order. From the point of view of the card game, these hands
are the same. In fact all of the 5! permutations of the same five cards are
equivalent. Of the (52)5 possible hands, exactly 5! of them are just per-
mutations of these same five cards. Similarly, for any given set of five
cards there are 5! different permutations. Thus the total number of poker
hands, disregarding the order in which the cards appear, is (52)s/5!. In this
new count two hands are considered different if and only if they differ as
sets of objects, i.e., they have at least one element different. For example,
among the (52)5/5! poker hands, the hands (2, 3, 4, 5, 6) of spades and
(3, 2, 4, 5, 6) of spades are the same, but the hands (2, 3, 4, 5, 7) of spades
and (2, 3, 4, 5, 6) of spades are different.

More generally, suppose we have a set S of s distinct objects. Then, as
previously explained, there are (s), distinct samples of size r that can be
drawn from S without replacement. Each distinct subset {x,,..., x,} of
r objects from S can be ordered (rearranged) in r! different ways. If we
¢hoose to ignore the order that the objects appear in the sample, then these
r! reorderings of x,,...,x, would be considered the same. There are
therefore (s),/r! different samples of size r that can be drawn without
replacement and without regard to order from a set of s distinct objects.

The quantity (s),/r! is usually written by means of the binomial co-

efficient symbol
G _ (5
rt\r)’
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Observe that forr = 0,1,2,...,s

We point out here for future use that (1) is well defined for any real

number a and nonnegative integer r by

ay (@, aa—-1)-(@a—-r+1
) (") o r! ’
where 0! and (a), are both defined to be 1.
Example 5.
() - em=Dn =2
3 3!
_ _mn + D(x + 2)
3! '

Observe that if a is a positive integer then (i) = 0if r > a. We adopt
the convention that (i) = 0if r is a negative integer. Then (‘:) is defined

for all real numbers a and all integers r.
As previously observed, when s is a positive integer and r is a non-

.. s . s
negative integer, it is useful to think of (r) as the number of ways we can

draw a sample of size r from a population of s distinct elements without
replacement and without regard to the order in which these r objects were
chosen.

Example 6. Consider the set of numbers {1,2,...,n}. Then if

n . .. .
1 < r < n, there are exactly (r) choices of numbers i,, i, ..., i, such that

1 <i <i, <:--< i < n. Indeed, each of the (n), choices of r distinct
numbers from 1 to # has r! reorderings exactly one of which satisfies the
requirement. Thus the number of distinct choices of numbers satisfying
the requirement is the same as the number of distinct subsets of size r
that can be drawn from the set {1, 2, ..., n}.

Example 7. Committee membership. The mathematics department
consists of 25 full professors, 15 associate professors, and 35 assistant
professors. A committee of 6 is selected at random from the faculty of
the department. Find the probability that all the members of the com-
mittee are assistant professors.
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In all, there are 75 faculty members. The committee of 6 can be chosen
from the 75 in (765 ) ways. There are 35 assistant professors, and the 6 that
are on the committee can be chosen from the 35 in ( 6) ways. Thus the

required probability is (365 ) / (765)' Calculations yield the approximate

value of .01 ; therefore the tenure staff (associate and full professors) need
not worry unduly about having no representation.

Example 8. Consider a poker hand of five cards. Find the probability
of getting four of a kind (i.e., four cards of the same face value) assuming
the five cards are chosen at random.

We may solve the problem as follows.

There are (552 ) different hands, which are to be equally likely. Thus Q

will have (552 ) points. For the desired event to occur we must have four

cards of the same face value. There are 13 different choices for the value
that the four of a kind is to have, namely 2, 3, 4, 5, 6,7, 8,9, 10,]J, Q, K, A.
For each such choice (which determines four of the five cards in the desired
hand) there are 48 other cards from which to choose the 5th card of the
hand. Since any of the 13 choices of the four of a kind can be paired with
any of the 48 choices remaining for the 5th card, in all there are (13)(48)
possible ways of getting a poker hand with four of the five cards equal.
The desired probability is therefore

(A3)48) & 240 x 1074
52
5
Example 9. Suppose n balls are distributed into # boxes so that all of

the n" possible arrangements are equally likely. Compute the probability
that only box 1 is empty.

The probability space in this case consists of #n" equally likely points.
Let A be the event that only box 1 is empty. This can happen only if the
n balls are in the remaining » — 1 boxes in such a manner that no box is
empty. Thus, exactly one of these (» — 1) boxes must have two balls, and
the remaining (» — 2) boxes must have exactly one ball each. Let B, be the
event that box j, j = 2, 3,..., n, has two balls, box 1 has no balls, and
the remaining (» — 2) boxes have exactly one ball each. Then the B, are
disjoint and 4 = (J}-, B;. To compute P(B;) observe that the two balls

put in box j can be chosen from the n balls in (g) ways. The (n — 2)

balls in the remaining (» — 2) boxes can be rearranged in (n — 2)! ways.
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Thus the number of distinct ways we can put two balls into box j, no ball in

box 1, and exactly one ball in each of the remaining boxes is (;) (n — 2)\.
Hence

P(B)) = (g) i .._ 2)!
n
and consequently
Py = (g) (-2 (3) ity
’ n

2.4. Partitions

A large variety of combinatorial problems involving unordered samples
are of the following type. A box has r red balls and b black balls. A
random sample of size n is drawn from the box without replacement.
What is the probability that this sample contains exactly k£ red balls (and
hence n — k black balls)?

To solve the problem we argue as follows. We are interested only in the
total number of red balls and black balls in the sample and not in the order
in which these balls were drawn. That is, we are dealing with sampling
without replacement and without regard to order. We can, therefore, take

our probability space for this problem to be the collection of all (b : r)
samples of size n that can be drawn in this manner from the b + r balls
in the population. Each of these (b : r) samples is assigned the same
probability ( : r) _1. We must now compute the number of ways in
which a sample of size n can be drawn so as to have exactly k red balls.

The k red balls can be chosen from the r red balls in ( ’:) ways without

regard to order, and the n — k black balls can be chosen from the b black

balls without regard to order in (n E k) ways. Since each choice of k red

balls could be paired with each choice of n — k black balls there ai'e,

therefore, a total of (,:) (n f k) possible choices. Thus the desired

02 s)
(%)

probability is
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The essence of this type of problem is that the population (in this case
the balls) is partitioned into two classes (red and black balls). A random
sample of a certain size is taken and we require the probability that the
sample will contain a specified number of items in each of the two classes.

In some problems of this type the two classes are not explicitly specified,
but they can be recognized when the language of the problem is analyzed.

Example 10. A poker hand has five cards drawn from an ordinary deck
of 52 cards. Find the probability that the poker hand has exactly 2 kings.

To solve the problem note that there are (552 ) poker hands. In the

deck there are 4 kings and 48 other cards. This partitions the cards into
two classes, kings and non-kings, having respectively 4 and 48 objects
each. The poker hand is a sample of size 5 drawn without replacement
and without order from the 52 cards. The problem thus is to find the
probability that the sample has 2 members of the first class and 3 members
of the second class. Hence the required probability is

() (5)
V3] & 399 x 102,
52
(5)
Example 11. A deck of playing cards has 4 suits of 13 cards each,
namely clubs, diamonds, hearts, and spades.
(a) What is the probability that in a hand of 5 cards exactly 3 are clubs?

(b) What is the probability that in a hand of 5 cards exactly 3 are of the
same suit?

To solve problem (a) we note that the conditions of the problem par-
tition the deck of 52 cards into 2 classes. Class one is the “‘clubs’ having
13 members, and class two is ‘““other than clubs” having 39 members. The
5 cards constitute a sample of size 5 from the population of 52 cards, and
the problem demands that 3 of the 5 be from class one. Thus the required

probability is
(13) (39)
AIIA2) o w5 x 1072,
52
5
To solve (b) let A; be the event that exactly 3 cards are clubs, 4, the
event that exactly 3 cards are diamonds, 4, the event that exactly 3 cards

are hearts, and A, the event that exactly 3 cards are spades. Then since
there are only 5 cards in the hand, the events 4,, 4,, A5, A, are mutually

p=



36

Combinatorial Analysis

disjoint. Their union, 4, U 4, U A; U A,, is just the event that of the 5
cards exactly 3 are of the same suit. Thus the required probability is 4p.

Example 12. Consider again a poker hand of 5 cards. What is the
probability that it is a full house (i.e., one pair of cards with equal face
value and one triple of cards with equal face value), assuming that the cards
are drawn at random from the deck?

To solve the problem we again note that there are (552 ) poker hands

each of which is equally likely. Of these we must now compute the number
of ways in which we can have one pair and one triple. Consider the number
of ways we can choose a particular triple, say 3 aces, and a particular pair,
say 2 kings. The triple has 3 cards that are to be chosen without regard to

order from the four aces and this can be done in (g) ways. The pair has
two cards to be drawn without regard to order from the four kings. This
can be done in (;) ways. The total number of ways then of drawing a
hand having a triple of aces and a pair of kings is (g) (;) Thus the
probability of getting a poker hand that has a triple of aces and a pair of

kings is (g) (;) / (552 ) = p. Of course, this probability would be the

same for any specified pair and any specified triple. Now the face value
of the cards on the triple can be any of the possible 13, and the face value
of the cards in the pair can be any of the 12 remaining possible face values.
Since each of the 13 values for the triple can be associated with each of the
12 values for the pair, there are (13)(12) such choices. Each of these
choices constitutes a disjoint event having probability p, so the required
probability is

(13)(12)p = (13)(152;(4)(6) ~ 1.44 x 1073,
(3)
Example 13. In a poker hand what is the probability of getting exactly

two pairs? Here, a hand such as (2, 2, 2, 2, x) does not count as two pairs
but as a 4-of-a-kind.

To solve the problem we note that if the hand has two pairs, then two of
the cards have the same face value x, two of the cards have the same face
value y # x, and the fifth card has a different face value from x or y.
Now there are 13 different face values. The face values of the two pairs

can be chosen from them in (123 ) ways. The other card can be any one of

11 face values. The two cards of value x can be chosen from the four of
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that value in (3) ways and likewise for the 2 of value y. The remaining

card of value z can be chosen from the four of that value in = 4 ways.

1

Thus the number of choices is (123 ) (11) (g) (;) (4) so the desired
probability is

13
(5) avexen
52
5
In some problems involving partitioning, the classes are imagined as in
the following.

~ 4.75 x 1072,

Example 14. Suppose we have a box containing r balls numbered
1,2,...,r. Arandom sample of size n is drawn without replacement and
the numbers on the balls noted. These balls are then returned to the box,
and a second random sample of size m is then drawn without replacement.
Find the probability that the two samples had exactly k balls in common.

To solve this problem we can argue as follows. The effect of the first
sample is to partition the balls into two classes, viz., those » selected and
those r — n not selected. (We can imagine that the » balls selected in the
first sample are painted red before being tossed back). The problem is
then of finding the probability that the sample of size m contains exactly
k balls from the first class, so the desired probability is

ik
()

If the argument were done in reverse, and we thought of the second
sample as marking the balls, then we would find that the probability is

m\ (r—m
=R
- !
(2

We leave it as an exercise to show that these two are equal.

We can easily extend our consideration of partitioning a population into
two classes to partitioning it into m > 2 classes. Suppose we have a set of
r objects such that each object is one of m possible types. The population

consists of 7, objects of type 1, r, objects of type 2, ..., r, objects of type
m, wherer, + r, + -+ + r, = r. If a random sample of size n is drawn
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without replacement from the population of these r objects, what is the
probability that the sample contains exactly k, objects of type 1,..., k,,
objects of type m, where k, + -+ + k,, = n?

Once again the probability space is the collection of all (;) equally

likely samples of size n that can be drawn without replacement and without
regard to order from the r objects in the population. The k; objects of
type i in the sample can be chosen from the r; objects of that type without

r;
k;
sample with the specified composition is

() (&)~ (&)
(-

Example15. In a hand of 13 cards chosen from an ordinary deck,
find the probability that it is composed of exactly 3 clubs, 4 diamonds,
4 hearts, and 2 spades.

regard to order in ( ) ways. Thus the probability of choosing the

In this problem r = 52, n = 13. Let class 1 be clubs, class 2 diamonds,
class 3 hearts, and class 4 spades. Thenm = 4, k, = 3, k, = 4, k, = 4,
and k, = 2, so the desired probability is

(5)(4) () ()
(3

Example 16. Committee problem. In the committee problem dis-
cussed earlier, find the probability that the committee of 6 is composed of
2 full professors, 3 associate professors, and 1 assistant professor.

Using the same method as above, we find the answer to be
25\ (15)\ (35
2 %3 1
75 '
6

2.5. Union of events*

Consider again the random permutation of 7 distinct objects. We say
a match occurs at the ith position if the ith object is in the ith position. Let
A, be the event that there is a match at position i. Then 4 = (Ji-; 4, is
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the event that there is at least one match. We can compute P(|J7-; 4,)
for n = 2 by Equation (10) of Chapter 1 which states that

P(4, U A;) = P(A,) + P(4;) — P(4, n A4,).

It is possible to use this formula to find a similar formula forn = 3. Let
A,, A,, and A, be three events and set B = A; U A,. Then

P(A, U A, U A;) = P(BuU A,;) = P(B) + P(A;) — P(3 n A,).
Now
(4) P(B) = P(A, v 4,) = P(4,) + P(4,) — P(4; N 4)).

Since BN Ay = (A; U Ay)) N Ay = (A; n A3) U (4, N A3,), it follows
that

(5) P(B N A,) = P(A; N A;) + P(A;, N A3) — P(A, n A, N 43).

Substituting (4) and (5) into the expression for P(4; U 4, U A,), we see
that

P(A; U A, U Ay) = [P(Ay) + P(Ay) — P(A; n A,)] + P(4,)
— [P(4; N 43) + P(A; n A3) — P(A; n A,  A43)]
= [P(4,) + P(4;) + P(45)]
— [P(4; n 4y) + P(A; N A3) + P(A, N A4,5)]
+ P(A; n A, N A,).
In order to express this formula more conveniently, we set
S, = P(Ay) + P(A4,) + P(4,),
S, = P(A; n A,)) + P(A; n A;) + P(A, n A,),

and
S3 = P(Al N A2 N A3).
Then

There is a generalization of (6) that is valid for all positive integers n.
Let A,, ..., A, be events. Define n numbers S,, 1 < r < n, by

S= Z P(A,!ﬁ"'hA,-r).

r
1gi<.-- <i.<n

Then in particular

Sl = P(Al) Lol o P(An)’

S2 = ) 2 P(A,F\AJ),
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and
S, = P(A; NN A,).

The desired formula for P(|J?-; 4,) is given by:

=8 — S, + -+ (-8,

The reader can easily check that this formula agrees with (6) if » = 3 and
with Equation (10) of Chapter 1 if n = 2. The proof of (7) proceeds by
induction, but is otherwise similar to that of (6). We will omit the details
of the proof.

The sum S, has n terms, the sum S, has (g) terms, and in general the
sum S, has (:) terms. To see this, note that the rth sum is just the sum

of the numbers P(4; Nn---n A,) over all the values of the indices
iy,i5,...,0,suchthati, < i, < -+ < i,. Theindices take values between
1 and n. Thus the number of different values that these indices can take is
the same as the number of ways we can draw r distinct numbers from n
numbers without replacement and without regard to order.

2.6. Matching problems*

We now may easily solve the problem of the number of matches. Let
A, denote the event that a match occurs at the ith position and let p,
denote the probability that there are no matches. To compute 1 —p, =

P(Ji=1 4)), we need to compute P(4, N A, n---n A,) where iy,
iy, ..., 1, are r distinct numbers from {1, 2, ..., n}. But this probability
is just the probability of a match at posmons iy, i3 ...,1,and we have

already found that the probability of this happening is (n — r)!/n!. Since

n
the rth sum S, has exactly (r) terms we see that

() o

_ i (=1t n! (n —n)!

|
g b

P(A,u---UA) =

L rl(n —r)! n!
_ n (—1)'—__1-
rgl r! ]
that is,
_1\n—1
®) d=—p)=1=2 @l — ngt=D
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Using (8) we see that the probability, p,, that there are no matches is

1 1 =" _ ¢ (=1
9 p=1—-1+==—4- 4> =Y 2
R 21 31 TR Yy

Now the right-hand side of (9) is just the first n + 1 terms of the Taylor
expansion of e”!. Therefore, we can approximate p, by e~! and get
1 — e™! = .6321... as an approximation to (1 — p,). It turns out that
this approximation is remarkably good even for small values of n. In the

table below we compute the values of (1 — p,) for various values of n.

n 3 4 5 6

1 —p, .6667 .6250 .6333 .6320

We thus have the remarkable result that the probability of at least one
match among #» randomly permuted objects is practically independent of n.

The problem of matches can be recast into a variety of different forms.
One of the most famous of these is the following.

Two equivalent decks of cards are well shuffled and matched against
each other. What is the probability of at least one match?

To solve the problem we need only observe that the first deck can be
used to determine positions (boxes). With no loss of generality then we can
assume the cards in the first deck are arranged in the order 1, 2,...,n.
The cards in the second deck (the balls) are then matched against the
positions determined by the first deck. A match occurs at position i if and
only if the ith card drawn from the second deck is card number i.

Now that we know how to compute the probability p, of no matches, we
can easily find the probability f,(r) that there are exactly r matches. To
solve the problem we first compute the probability that there are exactly
r matches and that these occur at the first » places. This can happen only
if there are no matches in the remaining (n — r) places. The probability
that there are no matches among j randomly permuted objects is p,.
Hence j! p; is the number of ways that j objects can be permuted among
themselves so that there are no matches. (Why?) Since there is only one
way of having r matches at the first r positions, the number of ways we
can have exactly r matches at the first r positions and no matches at
the remaining (» — r) positions is (n — r)! p,_,. Thus the required
probability is

- )
o® = gn__n_'i n—re
The probability that there are exactly r matches and that these occur at
any specified r positions is the same for all specifications, namely, c,.
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To solve the problem that there are exactly » matches, all that is now
necessary is to realize that the events ‘“‘exactly r matches occurring at

O 3

positions i, i,,..., 1, are disjoint events for the various choices of
s . .. [n A

iy, i3, ...,0. The number of such choices is (r) Thus the required
probability is (r) «,.. Hence, if B,(r) is the probability of exactly r matches

among n randomly permuted objects, we find that

n!a,
rl(n —r)!

(10) Bu(r) =

n! (n—n)!p,-.

r'(n —r)! n!
_ Pur
r!
=£[1_1+l+...+_(_.—__1_)_____:|.
r! 2.1 (n —n)!

Using the approximation that p,_, is approximately e~! (which is very
good even for n — r moderately large) we find that

e~ 1
(11) ﬂn(r) ~ 7 J

As a final illustration of these ideas, we compute the probability that
there is a match in the jth place given that there are exactly r matches.

To solve this problem let 4; be the event that a match occurs at the jth
place and let B, be the event that there are exactly »r matches. The desired
probability is P(A, | B,). From (10), P(B,) = p,-./r!, so we need to
compute P(4; n B,). Now the event 4; N B, occurs if and only if there is
a match in the jth place and exactly (r — 1) matches among the remaining
(n — 1) places. The number of ways in which we can have exactly (r — 1)
matches in the remaining (n — 1) placesis (n — 1)! B,_;(r — 1). Thus

PldyiB) = Bodbecds = D
n:

— Pn—r .
(r—1D!'n
Hence

SO r!
P(4;|B) = —2 =

nr—-D!'p,_., n

| <
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2.7. Occupancy problems*

A large variety of combinatorial probability problems are equivalent to
the problem of distributing » distinct balls into r distinct boxes. Since
each of the » balls can go into any one of the r boxes, in all there are r"
different ways of distributing the balls into the boxes. Assuming the balls
are distributed at random into the boxes, each of these r" ways has prob-
ability r 7". The underlying probability space Q therefore has r" equally
likely points. In the problems involving this distribution of balls, we
impose various conditions on the occupancy of the boxes and ask for
the probability that our stipulated situation occurs. As a first example
consider the following problem.

If n balls are distributed at random into r boxes, what is the probability
that no box has more than one ball?

To solve the problem note first of all that the required probability is 0 if
n > r, so assume n < r. Then (thinking of distributing the balls one by
one) the first ball can go in any one of r boxes, the second into any one of
the remaining (r — 1) boxes, etc., so in all there are (r), different ways.
The required probability is then (r),/r".

This probability is exactly the same as that of drawing a sample of size
n with replacement from a population of r objects and having all elements
in the sample distinct. Also note that r" is the number of samples of size n
from a population of r distinct objects. This is no accident. Random
sampling »n times with replacement is formally the same as the random
distribution of » balls into r boxes. To see this, just think of distributing
the balls into the boxes as follows. We first draw a random sample of size
n from a set of r objects, and if the ith element in the sample was the jth
object we place ball i in box j. It is sometimes useful to think of random
sampling with replacement in this manner, i.e., as the random distribution
of balls into boxes (see the coupon problem at the end of the chapter).

Consider the random distribution of » balls into » boxes. What is the
probability that a specified ball, say ball j, is in a specified box, say box i?
If ball j is in box i, then we have (n — 1) more balls to distribute in the r
boxes with no restrictions on where they go. Ball j can be placed in box i
in only one way, and the (n — 1) remaining balls can be placed into the
r boxes in r"~! ways. Thus the required probability is r*~!/r* = 1/r.

Translated into the language of random sampling we see thatin a random
sample of size n drawn with replacement from a population of r objects,
it is equally likely that the jth element in the sample is any one of the
r objects.

The above considerations extend easily from one specified box to k
boxes, 1 < k£ < r. We leave it as an exercise to show that the probability
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that k specified balls are in k specified boxes is just » “¥. In the language of
random sampling this says that if a sample of size n is drawn with replace-
ment from a population of r objects, then the probability that the j,th,
joth, ..., jith elements in the sample are any k prescribed objects is r ~*.
Let A (i) be the event that the jth element in the sample is the ith object.
Then we have just said that for any choicej;, < j, < ' * < ji,1 < k < n,
of elements in the sample (i.e., balls) and any choice i,, i,, . . . , i, of objects

(i.e., boxes),

P(A;(i) nAj (i) N n A (i) = r-
Since P(A i)) = r~" for any j and i, we see that
(12) P(A; (i) N A;,(0)) = P(A;,(y)) - - P(A;,(ix))-

Since this is true for all k and all choices of j,, .. ., ji, we see that for any
iy, 02, ..., 10, the events A\(iy), ..., A(i,) are mutually independent.

If we think of drawing a random sample of size » from a set of r distinct
objects as an n-fold repetition of the experiment of choosing one object at
random from that set of r distinct objects, then we see that the statement
that the events A4,(i,), . . ., A,(i,) are independent says that the outcome of
one experiment has no influence on the outcome of the other experiments.
This, of course, is in good accord with our intuitive notion of random
sampling.

Example 17. Suppose n balls are distributed at random into r boxes.
Find the probability that there are exactly k balls in the first r, boxes.

To solve the problem observe that the probability that a given ball is in
one of the first r, boxes is r;/r. Think of the distribution of the n balls as
an n-fold repetition of the experiment of placing a ball into one of the
r boxes. Consider the experiment a success if the ball is placed in one of the
first r, boxes, and otherwise call it a failure. Then from our results in
Section 1.5, we see that the probability that the first 7, boxes have exactly

2.8. Number of empty boxes*

We return again to consider the random distribution of » balls into r
boxes and seek the probability p,(r, n) that exactly k boxes are empty.

To begin solving the problem, we let A; be the event that the ith box is
empty. For this event to occur, all of the n balls must be in the remaining
(r — 1) boxes, and this can happen in (r — 1)" ways. Thus P(4) =
(r—1D%r" =1 - 1/r)".
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Similarly, if1 < i} < i, <+ < i < r,thentheevent 4, N 4;,, n---
N A;, occurs if and only if all of the balls are in the remaining r — k
boxes. Consequently, P(A;, NN A,) = — k)'/r" = (1 — k/r)".
We can now apply (7) to compute the probability of 4, U---uU A4,,
which is just the event that at least one box is empty. In this situation

Sy = (’:) (1 — k/r)", so using (7) we find that

PA; U U 4) = ¥ (DS,
k=1

=L@

Thus the probability po(r, n) that all boxes are occupied is
(13) po(r,n) =1 — P4, U---U A4,)

e (-
Sl

As a next step, let us compute the probability «,(r, n) that exactly k
specified boxes (say the first k) are empty. This event can occur only if the
n balls are all in the remaining r — k boxes and if none of these r — k
boxes are empty. - The number of ways we can distribute n balls into
r — k boxes in such a manner that no box is empty is (r — k)"po(r — k, n).
Thus the required probability is

(r = K)'po(r — k, n)
-

_ (1 = l—:)npo(r = i)

(14) a(r, ) =

We may now easily compute the probabilities p,(r, n). For each choice
of k distinct numbers i,, i,, ..., i, from the set of numbers {1, 2,..., n},
the event {exactly k boxes i,, i, ..., iy empty} has probability a(r, n) and

e r :
these events are mutually disjoint. There are ( k) such events and their

union is just the event {exactly k boxes empty}. Thus
r k\"
(15) ntrm = (1) (1= %) ptr -

Using the expression for py(r, n) given in (13) we see that

w0 =) (3 (-

r
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As does the problem of matches, occupancy problems have various

reformulations. We mention below one of the more famous of these.

Coupon problem. Coupons or, in the present day, toys are placed in

cereal boxes to entice young purchasers. Suppose that there are r different
types of coupons or toys, and that a given package is equally likely to
contain any one of them. If n boxes are purchased, find the probability of

(a) having collected at least one of each type,
(b) of missing exactly k of the n types.

Exercises

The genetic code specifies an amino acid by a sequence of three
nucleotides. Each nucleotide can be one of four kinds T, 4, C, or G,
with repetitions permitted. How many amino acids can be coded in
this manner?

2 The Morse code consists of a sequence of dots and dashes with repe-

titions permitted.

(a) How many letters can be coded for using exactly » symbols?

(b) What is the number of letters that can be coded for using n or
fewer symbols?

A man has n keys exactly one of which fits the lock. He tries the keys
one at a time, at each trial choosing at random from the keys that were
not tried earlier. Find the probability that the rth key tried is the
correct key.

A bus starts with 6 people and stops at 10 different stops. Assuming
that passengers are equally likely to depart at any stop, find the
probability that no two passengers leave at the same bus stop.

Suppose we have r boxes. Balls are placed at random one at a time
into the boxes until, for the first time, some box has two balls. Find
the probability that this occurs with the nth ball.

A box has r balls labeled 1,2,...,r. N balls (where N < r) are
selected at random from the box, their numbers noted, and the N balls
are then returned to the box. If this procedure is done r times, what is
the probability that none of the original N balls are duplicated ?

If Sam and Peter are among n men who are arranged at random in a
line, what is the probability that exactly k men stand between them?

A domino is a rectangular block divided into two equal subrectangles
as illustrated below. Each subrectangle has a number on it; let these

X y

be x and y (not necessarily distinct). Since the block is symmetric,
domino (x, y) is the same as (y, xX). How many different domino
blocks can be made using n different numbers?



Exercises

10

1"

12

13

14

47

Consider the problem of matching n objects, and let i and r denote

distinct specified positions.

(a) What is the probability that a match occurs at position i and no
match occurs at position r?

(b) Given that there is no match at position » what is the probability
of a match in position i?

Suppose n balls are distributed in n boxes.

(a) What is the probability that exactly one box is empty? Hint: use
the result of Example 9.

(b) Given that box 1 is empty, what is the probability that only one
box is empty?

(c) Given that only one box is empty, what is the probability that box 1
is empty?

If n balls are distributed at random into r boxes, what is the probability
that box 1 has exactly j balls, 0 < j < n?

Show that
_ n—1 n—1
(1———" 1) s(—s)—"s(l—l) .
S s" S

A box has b black balls and r red balls. Balls are drawn from the
box one at a time without replacement. Find the probability that
the first black ball selected is drawn at the nth trial.

The following problem pertains to poker hands. A deck has 52
cards. These cards consist of 4 suits called clubs, diamonds, hearts,
and spades. Each suit has 13 cards labeled 2, 3,..., 10, J, Q, K, A.
A poker hand consists of 5 cards drawn without replacement and
without regard to order from the deck. Poker hands of the following
types are considered to be in sequence: A, 2, 3,4, 5;2,3,4,5,6;....;
10, J, Q, K, A.

Compute the probability of each of the following poker hands

occurring:

(a) Royal flush ((10, J, Q, K, A) of the same suit);

(b) Straight flush (five cards of the same suit in a sequence);

(c) Four of a kind (face values of the form (x, x, x, x, y) where x and y
are distinct);

(d) Full house (face values of the form (x, x, x, y, y) where x and y are
distinct);

(e) Flush (five cards of the same suit);

(f) Straight (five cards in a sequence, regardless of suit);

(g) Three of a kind (face values of the form (x, x, x, y, z) where x, y,
and z are distinct);

(h) Two pairs (face values of the form (x, x, y, y, z) where x, y, and z
are distinct);

(i) One pair (face values of the form (w, w, x, y, z) where w, x, y, and z
are distinct).
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A box has 10 balls labeled 1, 2, ..., 10. Suppose a random sample of
size 3 is selected. Find the probability that balls 1 and 6 are among
the three selected balls.

Cards are dealt from an ordinary deck of playing cards one at a time
until the first king appears. Find the probability that this occurs with
the nth card dealt.

Suppose in a population of r elements a random sample of size » is
taken. Find the probability that none of k prescribed elements is in the
sample if the method used is

(a) sampling without replacement;

(b) sampling with replacement.

Suppose a random sample of size n is drawn from a population of r
objects without replacement. Find the probability that k given objects
are included in the sample.

Suppose n objects are permuted at random among themselves. Prove
that the probability that k specified objects occupy k specified positions
is (n — k)!/nl.

With reference to Example 14, show that
n\ (r—n m\ (r — m
k] \m — k d k] \n -k
r r '
m n
A box contains 40 good and 10 defective fuses. If 10 fuses are selected,

what is the probability they will all be good?

What is the probability that the bridge hands of north and south
together (a total of 26 cards) contain exactly 3 aces?

What is the probability that if 4 cards are drawn from a deck, 2 will be
black and 2 will be red?

Find the probability that a poker hand of 5 cards will contain no card
smaller than 7, given that it contains at least 1 card over 10, where aces
are treated as high cards.

If you hold 3 tickets to a lottery for which n tickets were sold and
5 prizes are to be given, what is the probability that you will win at
least 1 prize?

A box of 100 washers contains 5 defective ones. What is the prob-
ability that two washers selected at random (without replacement)
from the box are bath good?

Two boxes each have r balls labeled 1, 2,..., r. A random sample of
size n < r is drawn without replacement from each box. Find the
probability that the samples contain exactly k balls having the same
numbers in common.



Discrete Random
3 Variables

Consider the experiment of tossing a coin three times where the probability of a
head on an individual toss is p. Suppose that for each toss that comes up heads we
win $1, but for each toss that comes up tails we lose $1. Clearly, a quantity of
interest in this situation is our total winnings. Let X denote this quantity. It is
clear that X can only be one of the values $3, $§1, —$1, and —$3. We cannot with
certainty say which of these values X will be, since that value depends on the out-
come of our random experiment. If for example the outcome is HHH, then X will
be $3; while for the outcome HTH, X will be $1. In the following table we list the
values of X (in dollars) corresponding to each of the eight possible outcomes.

[0 X(w) P{w}
HHH 3 P
HHT 1 p’(1 - p)
HTH 1 p*( - p)
THH 1 p*(1 - p)
HTT -1 p(1 = p)?
THT q p(1 — p)?
TTH -1 p(1 - p)?
TTT -3 a - py

We can think of X as a real-valued function on the probability space correspond-
ing to the experiment. For each w € Q, X(w) is then one of the values, 3,1, —1, —3.
Consider, for example, the event {w: X(w) = 1}. This set contains the three points
,, ®3, and w, corresponding to the outcomes HHT, HTH, and THH, respectively.
The last column in the table gives the probabilities associated with the eight
possible outcomes of our experiment. From that table we see that the event
{w: X(w) = 1} has probability 3p>(1 — p). We usually abbreviate this by saying

49
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that {X = 1} has probability 3p?>(1 — p). Similar considerations, of course, apply to
the other values that X assumes. We see, therefore, that for each possible value
of X, there is a precisely defined probability for X assuming that value. As we
shall see in the next section, the quantity X is an example of what is called a
discrete random variable.

3.1. Definitions

Let (QQ, &, P) be an arbitrary probability space, and let X be a real-
valued function on Q taking only a finite or countably infinite number of
values x,, x,,.... As in the example just given, we would certainly like to
be able to talk about the probability that X assumes the value x;, for each i.
For this to be the case we need to know that for each i, {w e Q: X(w) = x;}
is an event, i.e., is a member of &. If| as in the previous example, < is the
o-field of all subsets of Q then this is certainly the case. For in that case,
no matter what x; might be, {w: X(w) = x;} is a subset of Q and hence a
member of &, since & contains every possible subset of Q2. However, as
was indicated in Section 1.2, in general & does not consist of all subsets of
Q, so we have no guarantee that {w € Q: X(w) = x;} is in &. The only
reasonable way out is to explicitly assume that X is a function on Q such
that this desired property holds. This leads us to the following.

Definition 1 A discrete real-valued random variable X on a
probability space (Q, &, P) is a function X with domain Q and range a
finite or countably infinite subset {x,, x,, ...} of the real numbers R
such that {w: X(w) = x;} is an event for all i.

By definition, then, {w: X(w) = x;} is an event so we can talk about its
probability. For brevity we usually write the event {w: X(w) = x;} as
{X = x;} and denote the probability of this event as P(X = x,) rather than
P({o: X(@) = x})).

Let X be a discrete real-valued random variable. Then for any real
number x, {w: X(w) = x} is an event. Indeed, if x,, x,, . .. are the values
that X can assume, then {w: X(w) = x;} is an event by the definition of a
discrete real-valued random variable. If x is not one of these numbers,
then {w: X(w) = x} = &, which is also an event.

If the possible values of a discrete random variable X consist only of
integers or of nonnegative integers, we say that X is respectively an
integer-valued random variable or a nonnegative integer-valued random
variable. Most of the discrete random variables that arise in applications
are nonnegative integer-valued.

Definition 2 The real-valued function f defined on R by f(x) =
P(X = x) is called the discrete density function of X. A number x is
called a possible value of X if f(x) > O.
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Whenever necessary, we will denote the density function of X by fy to
show that it is the density function for the random variable X.

Example 1. Let X be the random variable introduced at the beginning
of this chapter in our discussion of tossing a coin three times with, say,
p = .4. Then X has the discrete density f given by

f(=3) = 216, f(—1)=.432, f(1) = 288, f(3) = .064,

and f(x) = 0if x # —3, —1, 1, 3. This density can be represented in
terms of a diagram as illustrated in Figure 1.

.432

¢ .288
.216

I .064

-4

|
-3 =2 o= 0 1 2 3

Figure 1

Example 2. Binomial distribution. Consider » independent repeti-
tions of the simple success-failure experiment discussed in Section 1.5.
Let S, denote the number of successes in the » trials. Then S, is a random
variable that can only assume the values 0, 1, 2,...,n In Chapter 1 we
showed that for the integer k, 0 < k < n,

Ps. =0 = () #a - ors

hence the density f of S, is given by

f(x) = {(Z) rFA-p%  x=0,1,2...,n

0, elsewhere.

This density, which is among the most important densities that occur in
probability theory, is called the binomial density with parameters n and p.
The density from Example 1 is a binomial density with parameters n = 3
and p = 4.

One often refers to a random variable X having a binomial density by
saying that X has a binomial distribution (with parameters n and p if one
wants to be more precise). Similar phraseology is also used for other
random variables having a named density.

As explained in Chapter 2, the binomial distribution arises in random
sampling with replacement. For random sampling without replacement
we have the following.
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Example 3. Hypergeometric distribution. Consider a population of
r objects, of which r, are of one type and r, = r — r, are of a second
type. Suppose a random sample of size n < r is drawn from the popula-
tion. Let X be the number of objects of the first type in the sample.
Then X is a random variable whose possible values are 0,1,2,...,n.
From the results in Section 2.4 we know that

= B2
()
Now we can write
Bl N

r x!(n — x)! (),
(n) — (") (r)or = n—x .

% ()
Thus the density f of X can be written in the two forms
((r\ (r — 1y
x]\n—x

Jf(x) = | (r) ’

x=012,...,n.

x=0,12,...,n,

n
\ 0, elsewhere
or
(n) (rl)x(r = rl)n—x : x = 0’ 1, 2, .,
f(x) = {\x (P
0, elsewhere.

This density is called the hypergeometric density.
Here are a few more examples of random variables.

Example 4. Constant random variable. Let c be a real number. Then
the function X defined by X(w) = ¢ for all w is a discrete random
variable, since the set {w: X(w) = c} is the entire set Q and Q is an event.
Clearly, P(X = ¢) = 1, so the density f of X is simply f(c) = 1 and
f(x) =0, x # c. Such a random variable is called a constant random
variable. It is from this point of view that a numerical constant is consid-
ered a random variable.

Example 5. Indicator random variable. Let 4 be an event. Set
X(w) =1if we A and X(w) = 0if o ¢ 4. Then the event 4 occurs if
and only if X = 1. This random variable is called the indicator random
variable of A4 because the value of X tells whether or not the event 4 occurs.
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Conversely, if X is a random variable on a probability space (Q, <¢, P)
taking the values 1 or 0, then X is the indicator random variable of the

event
A = {0: X(w) = 1}.

Let p = P(X = 1). The density f of X is then given by
f@QO=1-p, fA)=p, and f(x)=0, x#0orl

Example 6. Consider the following game of chance. A circular target
of radius 1 is zoned into » concentric disks of radius 1/n, 2/n,...,n/n = 1,
as illustrated in Figure 2 for the case n = 5. A dart is tossed at random
onto the circle, and if it lands in the annular zone between the circles with
radii i/nand (i + 1)/n,n — idollarsarewon,i = 0,1,2,...,n — 1. Let
X denote the amount of money won. Find the density of X.

Figure 2

The probability space for this experiment will be chosen to be the
uniform probability space on the disk of radius 1. Clearly X is a discrete
random variable on this space with the possible values 1, 2,...,n. The
event A = {X = n — i} occurs if and only if the dart lands in the region
bounded by the circles of radii i/n and (i + 1)/n. According to our
discussion in Section 1.2 the probability of A is the area of 4 divided by
the area of the unit disk. Thusfori =0,1,2,...,n — 1

P(X = n — i) = P(A)

n[(i:1)2_(%)2] _2i+1

T n?

Setting n — i = x we see that the density of X is

2(n — x) + 1
f(x) = { n? ’

0, elsewhere.

x=12,...,n,

The density f of a discrete random variable X has the following three
important properties:
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(i f(x) =0, xeR.
(i) {x:f(x) # O} is a finite or countably infinite subset of R. Let
{xy, X3, ...} denote this set. Then

(iii) 2 f(x) = L.

Properties (i) and (ii) are immediate from the definition of the discrete
density function of X. To see that (iii) holds, observe that the events
{w: X(w) = x;} are mutually disjoint and their union is Q. Thus

;f(xi) =;P(X= X;)

= P([i) (X = x,}) _ P@Q) = 1.

Definition 3 A real-valued function f defined on R is called a
discrete density function provided that it satisfies properties (i), (ii),
and (iii) stated above.

It is casy to see that any discrete density function f'is the density function
of some random variable X. In other words, given f we can construct a
probability space (Q, &/, P) and a random variable X defined on Q whose
discrete density is f. Indeed, let f be given and suppose {x;, X,, ...} is the
set of values where f(x) # 0. Take Q = {x,, x,,...}, & all subsets
of Q, and P the probability measure defined on & by P({w}) = f(x;) if
® = x;. The random variable X defined by X(w) = x; if ® = x; is then
such a random variable. To see this note that {w: X(w) = x;} = {x;} and
thus

P(X = x;) = P({x;}) = f(x)).

The above result assures us that statements like “Let X be a random
variable with discrete density /”’ always make sense, even if we do not
specify directly a probability space upon which X is defined. To save
writing we will henceforth use the term density instead of discrete density
throughout the remainder of this chapter.

The notion of a discrete random variable forms a convenient way of
describing a random experiment that has a finite or countably infinite
number of possible outcomes. We need not bother to set up a probability
space for the experiment. Instead we can simply introduce a random
variable X taking values x,, x,,... such that X = x; if and only if the
experiment results in the ith outcome. Thus, for example, in drawing a
card at random from a deck of n cards, we can let X = i if the ith card was
drawn. Then P(X = i) = n~1, so we could describe the experiment by
saying we observe a random variable X taking integer values 1,2,...,n
and having f(x) = n"forx = 1,2,..., n,andf(x) = O elsewhere for its
density function.
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In general, conducting an experiment which has a finite or countably
infinite number of possible outcomes can be described as observing the
value of a discrete random variable X. Many times, in fact, this is how
the experiment already appears to us, and often it is easier to think of the
experiment in these terms rather than in terms of a probability space.

As an illustration of this idea consider the experiment of picking a point
at randorn from the finite subset S of R consisting of the distinct points
Xy, X2, ..., Xs. Then the function f defined by

-1

f®) =1g

is clearly a discrete density function. A random variable X having this
density is said to be uniformly distributed on S. Observing a value of X
corresponds to our intuitive notion of choosing a point at random from S.

We will now introduce two more discrete densities that are very useful
for solving certain classes of problems whose importance will become
apparent later.

X = xl,xZ,..., 9
elsewhere

Example 7. Geometric densities. Let 0 < p < 1. Then the real-
valued function f defined on R by

_ [P -p7, x=0,1,2,...,
/&) = {0, elsewhere

is a discrete density function called the geometric density with parameter p.

To see that f'is a density, all that needs to be checked is that condition
(iii) holds, for here conditions (i) and (ii) are obviously satisfied. But (iii)
follows from the familiar fact that the sum of the geometric series
=0 (1 — p)*isjust p~™.

/

Example 8. Negative binomial densities. Let « be any positive real

number and let 0 < p < 1. A density closely related to the geometric

is the negative binomial density with parameters o and p defined by

P (';‘) (-1 -py, x=012,...,
0, elsewhere.

(1 f&x) = {

To show that this.is a density we must verify that properties (i)-(iii)
hold. Here property (ii) is obviously true. That (i) holds may be seen as
follows. For x a nonnegative integer,

()-S5

(= =a =1 (mxa=—x+1)
B x!




Discrete Random Variables

_ (=) + 1)@+ x — 1)
x!

= (=1 (¢ +x = 1),

x!
=(—1)"(a+;€— 1).
Thus
@ r(F)eva-p=r(tITYa-r

Since the right-hand side of (2) is clearly nonnegative we see that (i) holds.
To verify (iii), recall that the Taylor series of (1 — ¢) ™ *for —1 < ¢t < 1is

3 -9 =% ()0

x=0 X

From (3) with ¢t = 1 — p, we see that
-a e —a x x
7= 3 (F)va-»
x=0
and hence that }’, f(x) = 1.
From (2) we see that we can write the negative binomial density in the
alternate form

] a+x—l x
4) f(x) = p( X )(l_p)’ x=012,...,
0, elsewhere.

For some purposes this form is more useful than that given in (1). Observe
that the geometric density with parameter p is a negative binomial density
with parameters « = 1 and p.

Example 9. Poisson densities. Let A be a positive number. The
Poisson density with parameter 4 is defined as

o

f(x) = { >

0, elsewhere.

x=012...,

It is obvious that this function satisfies properties (i) and (ii) in the defini-
tion of a discrete density function. Property (iii) follows immediately from
the Taylor series expansion of the exponential function, namely,
o0 lx
et = —.
x=0 x!
Many counting type random phenomena are known from experience
to be approximately Poisson distributed. Some examples of such phenom-
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ena are the number of atoms of a radioactive substance that disintegrate in
a unit time interval, the number of calls that come into a telephone
exchange in a unit time interval, the number of misprints on a page of a
book, and the number of bacterial colonies that grow on a petri dish that
has been smeared with a bacterial suspension. A full treatment of these
models requires the notion of a Poisson process, which will be discussed in
Chapter 9.

3.2. Computations with densities

So far we have restricted our attention to computing P(X = x). Often
we are interested in computing the probability of {w: X(w) € A} where 4
is some subset of R other than a one-point set.

Let A be any subset of R and let X be a discrete random variable having

distinct possible values x,, x,,.... Then {w: X(w) € 4} is an event. To
see this, observe that
Q) {w| X(w) € A} = UA {0 | X(w) = x;},

where by (), e4 We mean the union over all i such that x; € 4. Usually
the event {w: X(w) € A} is abbreviated to {X € 4}, and its probability is
denoted by P(X € A). If —o0 < a < b < o and A4 is an interval with
end points a and b, say A = (a, b], then we usually write P(a < X < b)
instead of P(X € (a, b]). Similar notation is used for the other intervals
with these endpoints.

An abbreviated notation is also used for conditional probabilities. Thus,
for example, if 4 and B are two subsets of R we write P(Xe€ A | X € B)
for the conditional probability of the event {X € A} given the event
{X e B}.

Let f be the density of X. We can compute P(X € A) directly from the
density f by means of the formula

(6) PXed) = Y fx),

xieA
where by 3., « We mean the sum over all i such that x; € 4. This formula
follows immediately from (5) since the events {w | X(w) = x;}, i =
1,2,..., are disjoint. The right side of (6) is usually abbreviated as
Y cea S(x). In terms of this notation (6) becomes

(7 PXed) = ¥ f(x).

xeA

The function F(¢), — o < t < 0, defined by
F)=PX <t)= ) f(x), -0 <t < o,

xst
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is called the distribution function of the random variable X or of the
density f. It follows immediately from the definition of the distribution
function that

P@a< X <b)=PX < b)— PX <a) = F(b) — F(a).

If X is an integer-valued random variable, then
(]

FOy= Y f(»),

x=-

where [¢] denotes the greatest integer less than or equal to ¢ (e.g.,
[2.6] = [2] = 2). We see that F is a nondecreasing function and that,
for any integer x, F has a jump of magnitude f(x) at x and F is constant on
the interval [x, x + 1). Further properties of distribution functions will be
obtained, from a more general viewpoint, in Chapter 5.

Example 10. Set S = {l, 2,..., 10} and let X be uniformly distributed
on S. Then f(x) = 1/10 for x = 1,2,...,10 and f(x) = 0, elsewhere.
The distribution function of X'is given by F(¢) = Ofort < 1, F(¢) = 1 for
t > 10 and

F(t) = 2 f(x) = [‘] 1 <x < 10.

A graph of this distribution function is given in Figure 3. The probability
P(3 < X < 5) can be calculated either as

PG < X < 5) = f(4) + f(5) = 2/10
or as
P33 < X < 5) =F(®5) — FQ3) = 5/10 — 3/10 = 2/10.

Similarly P(3 < X < 5) is obtained as

P3G < X < 5) =f03) + f@ + f(5 = 3/10
or as

PB<X<5 =P2<X<5) =F@O) - F@2) =510 — 2/10 = 3/10.

14+ e

-
N
w
e
(3]
(o))
~
® T
©
-
o
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Example 11. Let X have a geometric distribution with parameter p.
Find the distribution function of X'and find P(X > x) for the nonnegative

integer x.
The density of X, according to Example 7, is

_(pl-pf, x=01,2...,
/) = {O, elsewhere.

Thus F(¢) = 0 for ¢t < 0 and
[
F@) = Y p - p), t > 0.
x=0

Using the formula for the sum of a finite geometric progression we

conclude that
Fo))=1-(1 - p)[‘]“, t > 0.

In particular, for x a nonnegative integer, F(x — 1) = 1 — (1 — p)* and
hence
PX>x))=1-PX<x)=1-PX<x-1

=1-Fx-1)=(01 - p)

Geometrically distributed random variables arise naturally in applica-
tions. Suppose we have a piece of equipment, such as an electrical fuse,
that neither deteriorates nor improves in the course of time but can fail
due to sporadic chance happenings that occur homogeneously in time. Let
the object be observed at fixed time periods such as hours or days, and let
X be the number of time units up to and including the first failure, assuming
that the object is new at time 0. Clearly X is a discrete random variable
whose possible values are found among the integers 1,2, 3,.... The
event {X = n} occurs if and only if the object first fails at the nth time
period. Our intuitive notion that the object neither deteriorates nor im-
proves with time can be precisely formulated as follows. If we know that
the object has not failed by time n, i.e., the first failure is after time 7 so
X > n, then the probability that it does not fail until after timen + m, i.e.,
P(X > n + m| X > n), should be the same as the probability of starting
with an object which is new at time » and having it not fail until after time
n + m. The fact that the failure causes occur homogeneously in time can
be taken to mean that this probability depends only on the number of time
periods that elapse between » and n + m, namely m, but not on n. Thus
P(X > n) should satisfy the equation

8) PX>n+m|X>n = PX > m).

Since
P(X > n+ m)

P(X > n)

PX>n+m|X >n)=
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we can rewrite (8) as
9 PX>n+ m)=PX > nPX > m), nnm=0,1,2,....

Setting n = m = 0 we see that P(X > 0) = P(X > 0)?, so P(X > 0)
equals 1 or 0. If P(X > 0) = 0, then bx = 0) = 1, which is impossible
in our case since X can assume only values that are positive integers.
Therefore P(X > 0) = 1.

Setp = P(X = 1). Then P(X > 1) = 1 — p and from (9) we see that

PX>n+1)=(1 - pPX > n).

By iteration on » it follows that P(X > n) = (1 — p)". Thus for
n=12...,

(10) PX=n=PX>n-1)— P(X > n)
=(1-p'—-(U=-p=p1-p"L

Ifp = Othen P(X = n) = Oforalln = 1, 2,... and thus P(X = + o0)
= 1, i.e., the object never fails. We exclude this case from consideration.
Likewise p = 1 is excluded because then P(X = 1) = 1, so the object
always fails.

Let Y = X — 1. Then Y assumes the values 0, 1, 2,... with prob-
abilities P(Y = n) = p(1 — p)". We see therefore that Y has the geometric
distribution with parameter p.

As we have just shown, the random variable Y = X — 1 is geometrically
distributed. This example is typical in the sense that geometrically
distributed random variables usually arise in connection with the waiting
time for some event to occur. We shall discuss this in more detail after we
treat independent trials in Section 3.4.

3.3. Discrete random vectors

It often happens that we are interested in studying the relationship
between two or more random variables. Thus, for example, in drawing a
random sample of size #» from a box of r balls labeled 1, 2, ..., r, we might
want to know the largest number Y on the balls selected as well as the
smallest number Z on the selected balls.

Let (Q, &, P) be a probability space and let X, X, ..., X, be r discrete
random variables defined on this space. Then for each point @ € Q each
of the random variables X, ..., X, takes on one of its possible values,
which will be indicated by writing

Xi(w) = x;, Xh() = x,,..., X,(0) = x,.

Instead of thinking of observing r real numbers x,, x,,..., X, we can
think of observing one r-tuple x = (x,, x,, ..., x,;), where for each index
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i, x; is one of the finite or countably infinite number of values that the
random variable X; can assume.

Let R" denote the collection of all r-tuples of real numbers. A point
X = (x4,..., x,)of R is usually called an r-dimensional vector. Thus for
each w € Q, the r values X,(®), ..., X,(w) define a point

X(w) = (Xl(w)’ Xz(w), sees X,.((O))

of R". This defines an r-dimensional vector-valued function on Q,
X: Q —> R, which is usually written X = (X, X,, ..., X;). The function
X is called a discrete r-dimensional random vector.

We have just defined an r-dimensional random vector in terms of r real-
valued random variables. Alternatively, an r-dimensional random vector
can be defined directly as a function X: Q — R’ by extending the definition
of a real-valued random variable almost verbatim.

Definition 4 A discrete r-dimensional random vector X is a
Sfunction X from Q to R" taking on a finite or countably infinite number
of values X, X,, ... such that

{0: X(w) = x;}
is an event for all i.

The discrete density function f for the random vector X is defined by
f(x1,...,x, = P(Xl = xl,...,X,. == x,.)

or equivalently .
f(x) = PX = x), x e R

The probability that X belongs to the subset A4 of R" can be found by using
the analog of (7), namely,
PXed) =Y f(x).

xe A

As in the one-dimensional case, this function f has the following three
properties:

(i) fx) >0, xeR.
(ii) {x: f(x) # O} is a finite or countably infinite subset of R", which
will be denoted by {x,, X,,...}.
(i) > f(x) = 1.

Any real-valued function f defined on R" having these three properties
will be called a discrete r-dimensional density function. The argument
given in the one-dimensional case applies verbatim to show that any r-
dimensional discrete density function is the density function of some
r-dimensional random vector.



62

Discrete Random Variables

There is a certain amount of traditional terminology that goes along
with random vectors and their density functions. LetX = (X, X,, ..., X,)
be an r-dimensional random vector with density £. Then the function fis
usually called the joint density of the random variables X, X,,..., X,.
The density function of the random variable X; is then called the ith
marginal density of X or of f.

Let X and Y be two discrete random variables. For any real numbers x
and y the set {w | X(w) = x and Y(w) = y} is an event that we will
usually denote by {X = x, Y = y}. Suppose that the distinct possible
values of X are x,, x,, ..., and that the distinct possible values of Y are
Y1, Y2, - ... For each x, the events {X =x, Y =y}, j=1,2..., are
disjoint and their union is the event {X = x}. Thus

P(X=x)=P([jJ{X=x,Y=}’j})
=YPX=xY=y)=YPX=x,Y =)

This last expression results from using the same notational convention
that was introduced for random variables in Section 3.2. Similarly,

P(¥ =) = P(U (X =% ¥ = »)
=YPX=xY=))=YPX=x7Y=y)

In other words, if we know the joint density of two discrete random
variables X and Y then we can compute the density fy of X by summing
over y and the density fy of Y by summing over x. Thus, in terms of
densities, if fis the joint density of X and Y, then

(11) fx) = X f(x, y)
and ’
(12) () = X f(x ).

Example 12. Suppose two cards are drawn at random without replace-
ment from a deck of 3 cards numbered 1, 2, 3. Let X be the number on the
first card and let Y be the number on the second card. Then the joint
density jf of X and Y is given by f(1,2) = f(1,3) = f(2, 1) = f(2,3) =
fB, 1) =f@3,2) =1/6 and f(x, y) = 0 elsewhere. The first marginal
density, that is, the density of X is given by

) =01+ 1,2+ f1,3) =0+ 1/6 + 1/6 = 2/6 = 1/3

and similarly for x = 2 and 3. Therefore fy(x) = 1/3, x = 1, 2, 3, and
fx(x) = 0 elsewhere, as it should be.
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Example 13. Suppose X and Y are random variables that assume the
values x and y, where x = 1 or 2 and y = 1, 2, 3, 4, with probabilities
given by the following table.

y

x 1 2 3 4
1 1/4 18 | 1/16 | 1/16
2 /16 | 1/16 | 1/4 1/8

Then fy(1) = Xg-1 f(1,y) = 1/4 + 1/8 + 1/16 + 1/16 = 1/2, and
fx2) =1— f4(1) = 1/2 so X has the uniform distribution on 1, 2.
Similarly

fy(1) = 1/4 + 1/16 = 5/16, fy(2) = 3/16, fy(3) = 5/16, fy(4) = 3/16.

3.4. Independent random variables

Consider the experiment of tossing a coin and rolling a die. Intuitively,
we believe that whatever the outcome of the coin toss is, it should have no
influence on the outcome of the die roll, and vice-versa. We now wish to
construct a probability model that reflects these views. Let X be a random
variable that is 1 or 0 according as the coin lands heads or tails, i.e., such
that the event {X = 1} represents the outcome that the coin lands heads
and the event {X = 0} represents the outcome that the coin lands tails. In
a similar way we represent the outcome of the die roll by a random variable
Y that takes the value 1, 2, .. ., or 6 according as the die roll results in the
face number 1, 2, ..., or 6. The outcome of the combined experiment can
then be given by the random vector (X, Y). Our intuitive notion that the
outcome of the coin toss and die roll have no influence on each other can
be stated precisely by saying that if x is one of the numbers 1 or 0 and y is
one of the numbers 1,2,...,6, then the events {X = x} and {Y = y}
should be independent. Thus, the random vector (X, Y) should have the
joint density f(x, y) given by

_[PX=xXP(Y =y), x=01, y=12,...,6
f(x ) = 0, elsewhere.

In other words the joint density f of X and Y should be given by

S, 9) = ) frB)-

Definition 5 Let X,, X,, ..., X, be r discrete random variables
having densities f,, f», . .., f, respectively. These random variables



64

Discrete Random Variables

are said to be mutually independent if their joint density function f is
given by
(13) f(xy, X2, 005 X)) = [1(x)f2(x2) - - £i(x,)-

The random variables are said to be dependent if they are not independent.
As in the case of the combined experiment of tossing a coin and rolling a
die, the notion of independent random variables forms a convenient way
to precisely formulate our intuitive notions that experiments are indepen-
dent of each other.

Consider two independent discrete random variables having densities
fx and fy, respectively. Then for any two subsets A and B of R

(14) P(Xe A, Y €e B) = P(X € A)P(Y € B).
To see this, note that

P(XGA, YEB) = Z Z fX,Y(x’ y)

xeA yeB

= Y X ®)H0)

xeA yeB

[ 0] 5 401
= P(X € A)P(Y € B).

Formula (14) above extends easily from 2 to r independent random
variables. Thus if 4,, 4,,..., A, are any r subsets of R then

(15) P(X,e€eA,,...,X,eA)=PX,eAd,) -PX,eA,).

Example 14. Let X and Y be independent random variables each
geometrically distributed with parameter p.

(a) Find the distribution of min (X, Y).

(b) Find P(min (X, Y) = X) = P(Y > X).

(c) Find the distribution of X + Y.

(d FindP(Y=y|X+Y=2fory=0,1,...,z

To solve (a) we observe that for z a nonnegative integer
Pmin(X,Y)>2)=PX>2 Y >z)=PX = z) P(Y = 2),
so by Example 11
P(min (X, Y) 2 z) = (1 — py*(1 — p)* = (1 — p)*™.

It follows from Example 11 that min (X, Y) has a geometric distribution

with parameter

1 -1 —p)?=2p-p~
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To solve (b) we observe that

PY>X)= Y PX =x,Y > X)

PX =x,Y > x)
P(X = x)P(Y = x)
1 — py(l - p)*

=p E‘, (1 - p)**
x=0

= p/1 — (1 = p)*) = p/2p — P*).
To solve (c) we let z be a nonnegative integer. Then

PX+Y=2z)= )Y PX=x,X+ Y =2)
x=0

PX=x,Y =2z — x)

[
o
g
e [

= Y P(X = )P(Y = z — %)
x=0

= xgo p(l — py’p(1 — p)*~*

= (z + D)p*1 - py.
The solution to (d) is given by

PY =y, X +Y =2)

PY=y|X+Y=2)=
¥ =yl 2) PX + Y = 2)

PX + Y = 2)

PX =z — y)P(Y = y)

PX + Y = 2)
p(l — p)*’p(1 — py
(z + 1)p*(1 — py

1
z+1

65



Discrete Random Variables

Consider some experiment (such as rolling a die) that has only a finite or
countably infinite number of possible outcomes. Then, as already ex-
plained, we can think of this experiment as that of observing the value of a
discrete random variable X. Suppose thé experiment is repeated n times.
The combined experiment can be described as that of observing the values
of the random variables X, X,, ..., X,, where X, is the outcome of the
ith experiment. If the experiments are repeated under identical conditions,
presumably the chance mechanism remains the same, so we should require
that these n random variables all have the same density. The intuitive
notion that the repeated experiments have no influence on each other can
now be formulated by demanding that the random variables X, X,, ...,
X, be mutually independent. Thus, in summary, »n independent random
variables X, ..., X, having a common discrete density f can be used to
represent an n-fold independent repetition of an experiment having a finite
or countably infinite number of outcomes.

The simplest random experiments are those that have only two possible
outcomes, which we may label as success and failure. In tossing a coin, for
example, we may think of getting a head as a success, while in drawing a
card from a deck of r cards we may consider getting an ace as a success.
Suppose we make n independent repetitions of our simple experiment. We
can then describe the situation by letting X, X, ..., X, be n independent
indicator random variables such that X; = 1 or 0 according as the ith trial
of the experiment results in a success or failure. In the literature, trials that
can result in either success or failure are called Bernoulli trials, and the
above situation is described by saying we perform n Bernoulli trials with
common probability p = P(X; = 1) for success. In this context a random
variable that takes on the values 1 and 0 with probabilities p and 1 — p
respectively is said to have a Bernoulli density with parameter p.

The outcome of performing n Bernoulli trials can be given by the
random vector X = (X, X,,..., X,). The information conveyed in this
vector tells exactly which trials were a success and which were a failure.
Often, such precise information is not required, and all we want to know is
the number S, of trials that yielded a success among the » trials. In
Example 2 we showed that S, was binomially distributed with parameters
n and p. Observe that S, = X; + --+ + X,. Any random variable Y
that is binomially distributed with these same parameters can be thought of
as the sum of n independent Bernoulli random variables X, ..., X, each
having parameter p.

Let us now consider independent repetitions of an experiment that has a
finite number r > 2 of possible outcomes.

3.4.1. The multinomial distribution. Consider an experiment, such as
rolling a die, that can result in only a finite number r of distinct possible
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outcomes. We may represent this experiment by saying we observe a
random variable Y that assumes the values 1, 2, ..., r, so that the event
{Y = i} represents the fact that the experiment yielded the ith outcome.
Let p; = P(Y = i). If we perform an n-fold independent repetition of the
experiment, we can represent the outcome of these » trials as an n-dimen-
sional random vector (Yy,..., Y,), where the random variable Y; corre-
sponds to the jth trial. Here the random variables Y, ..., Y, are mutually
independent and P(Y; = i) = p,.

The random vector (Y,, ..., Y,) tells us the outcomes of these » trials.
As in the case of r = 2 outcomes we often are not interested in such a
detailed account, but only would like to know how many of the » trials
resulted in each of the various possible outcomes. Let X;,i = 1,2,...,r,
denote the number of trials that yield the ith outcome. Then X; = x; if
and only if exactly x; of the » random variables Y,,..., Y, assume the
value i, i.e., exactly x; of the n trials yield the ith outcome.

For example, forr = 3, n = §, if

Yl=2,Y2=3,Y3=3,Y4=2,al‘ldY5=2,
then
X,=0,X,=3and X = 2.

We will now compute the joint density of X, ..., X,. To this end let
X{, X3, . - . » X, be r nonnegative integers with sum x;, + -+ x, = n. A
moment’s thought shows that since the random variables Y,, Y,,..., ¥,
are independent with a common density, every specified choice of x; of
them having value 1, x, of them having value 2,..., x, of them having
value r, has the same probability, namely

p1'PY P
Thus letting C(n; x,, ..., x,) denote the number of possible choices, we
see that
PX, =x;,...,X,=x,)=C(n; x4,...,%x)p1" " DP}".

The computation of C(n; x,,...,x,) is a problem in combinatorial
analysis that can easily be solved by the methods of Chapter 2. The
simplest way of doing this is to think of the r values 1, 2, ..., r as r boxes
and the »n trials as n balls. Then C(n; x,, ..., x,) is the number of ways we

can place the n balls into the r boxes in such a manner as to have exactly
x, balls in box 1, . .., exactly x, balls in box r. If this is so, then box 1 has

x; balls. These x; balls can be chosen from the » balls in (:) ways. The
1

remaining n — x, balls must be placed into the r — 1 boxes 2,...,r in
such a manner as to have x, balls in box 2, ..., x, balls in box . Thus

n

(16) C(n; Xqy...,%,) = (x1

) Cln — x;;%5,...,5X,).
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It now follows by induction on r that
n!
xy DED e (x0)
Indeed, for r = 1 there is nothing to prove. Assume that (17) holds for
r — 1 boxes. Then from (16) we see that

(17) Cn; xqy...,%,) =

Cn; xy,...,%,) = n! (n — x,)!
’ 9 (x1 !)(n - xl)! (xz!). 5 .(xr!)
____nt
()

as desired.
The joint density f of X, ..., X, is therefore given by

n' X1 ...

18) fCcy... %) = {ED G

x; integers > O such that x, + -+ + x, = n,
0, elsewhere.

X,
pl‘r’

This density is called the multinomial density with parameters n and
Pis- s Py

We observe at once that the r random variables X, ..., X, are not
independent. In fact, since X; + --+ + X, = n,any r — 1 of them deter-
mine the rth. This, plus the fact that p, + --- + p, = 1, is sometimes
used to express the multinomial distribution in a different form. Let
Xy, X3,...,X,—1 be r — 1 nonnegative integers such that x;, + --- +
X,y < n. Then

(19) P(.Xl - xl,. Y Xr—l = x,_l)
n!

(XD g D — Xy =20 = X )
x pri'pry(L—py = = P )T
This form is convenient when we are interested in the first » — 1 outcomes
and think of the rth outcome as the outcome which is “not one of the
r — 1 outcomes.” Thus in rolling a die we might be interested in only
knowing if a 2, 4, or 6 appeared. The experiment would then have four
possible outcomes “2,” “4,” “6,” and “not (2, 4, 6).”
Let k be a nonnegative integer, £k < r. A simple probability argument

shows that for x,, x,,..., x, nonnegative integers such that x; + -
+ X, < n,

(20) P(‘Xl = xla'”,Xk i xk)

ter = Xpe i
.

n!
(x:: .-(xk!)[n —(xy +- -+ xk)]!
X pfl .o -p:k(l — (pl + -+ pk))n—(xl+...+xk).
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To see this, observe that in performing the » trials we are now only inter-
ested in the k¥ + 1 outcomes “1,” “2,”..., “k,” and “not (1, 2, ..., k).”
Thus in essence we have n repeated trials of an experiment having k + 1
outcomes, with X; being the number of times that the ith outcome occurs,
i =1,2,...,k. Equation (20) now follows from (19) withr — 1 = k.

3.4.2. Poisson approximation to the binomial distribution. There is
an important connection between the binomial distribution and the
Poisson distribution. Suppose, for example, that we perform » Bernoulli
trials with success probability p, = A/n at each trial. Then the probability
of having S, = k successes in the n trials is given by

Py = k) = (Z) (21 = P~

(-5 (-3

Now as n —» 0, (n)/n* > 1, (1 — /n)" - e7*, and (1 — A/n)™* > 1.

Consequently,
k

@) tim (7) (0t - gt = £ e
In the derivation of (21) we had np, = A. Actually (21) holds whenever
np, > Aasn — .

Equation (21) is used in applications to approximate the binomial
distribution by the Poisson distribution when the success probability p is
small and » is large. This is done by approximating the binomial prob-
ability P(S, = x) by means of f(x) where f is the Poisson density with
parameter A = np. The approximation is quite good if np? is small.
The following example illustrates the use of this technique.

Example 15. A machine produces screws, 1% of which are defective.
Find the probability that in a box of 200 screws there are no defectives.

Here we have n = 200 Bernoulli trials, with success probability
p = .01. The probability that there are no defective screws is

(1 — .01)2°° = (.99)2°° = .1340.
The Poisson approximation to this is given by

e~ 2000.01) _ =2 _ 1353,

The fact that the Poisson distribution can arise as a limit of binomial
distributions has important theoretical consequences. It is one justification
for developing models based on Poisson processes, which will be discussed
in Chapter 9. The use of the Poisson approximation as a labor-saving
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device in computing binomial probabilities is of secondary importance,
since the binomial probabilities themselves are readily computed.

3.5. Infinite sequences of Bernoulli trials

Consider repeatedly performing a success-failure experiment having
probability p of success until the first success appears. For any prescribed
number 7 of trials, there is the nonzero probability (1 — p)” that no success
occurs. Thus, in considering the number of trials until the first success, we
cannot limit ourselves to any prescribed number of trials, but instead must
consider an unending sequence of trials.

A given finite number 7 of trials constitute » Bernoulli trials, represented
by n independent Bernoulli random variables, X,,..., X,. To represent
an infinite sequence of Bernoulli trials we consider an infinite sequence
{X,}, n 2 1, of independent Bernoulli random variables having the same

parameter p.
In general, random variables X, X,, ... are said to be independent if
for any positive integer n, the random variables X, ..., X, are mutually

independent. It can be shown that, given any discrete density f, there is a
probability space (2, &/, P) upon which are defined mutually independent
random variables X, X, ... each having the density f.

As our model for performing an unlimited sequence of Bernoulli trials,
we therefore take an infinite sequence {X,}, n > 1, of mutually indepen-
dent Bernoulli random variables such that P(X, = 1) = p,n > 1. We
interpret X, = 1 as meaning that the nth trial results in success, and
X, = 0 as meaning that it results in failure.

Consider the number of trials W, until the first success. The random
variable W, can assume only the integer values 1,2,.... The event
{W, = n} occurs if and only if the first n — 1 trials are failures and the
nth trial is a success. Therefore

{W1=n}={X1=0’---9Xn—1=09Xn 1}
It follows that

P(Wl =n)=P(X1 =O,...,Xn_1 =O,Xn=l)

= P(X, = 0)--- P(X,-, = 0)P(X, = 1)
=1 -p"'p

Consequently

(22) P(W, —1=mn) =p(l — p).

Thus W; — 1 is geometrically distributed with parameter p.
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Let r > 1 be an integer and let 7, denote the number of trials until the
rth success (so that the rth success occurs at trial 7,). Then T, is a random
variable that can assume only the integer values r, » + 1,.... The event
{T, = n} occurs if and only if there is a success at the »th trial and during
the first n — 1 trials there are exactly » — 1 successes. Thus

{TL=n=&X+ "+ X, =r—-1n{X, =1}

Since the two events on the right are independent and X, + --- + X,_,
has a binomial distribution with parameters » — 1 and p, we see that for

n=rr+1,...

PT,=n=PX;+ " +X,.,=r—1DPX,=1)

= (" _ }) Pl - p)'p

r
=1 r n—r
= (2_1)17(1 -
Consequently
-1
(23) P(T,—r=n)= (’ J;f i ) P — p"

We see from Equations (4) and (23) that 7, — r has the negative binomial
distribution with parameters « = r and p.

Let T, = 0 and for any integer r > 1 let T, be as above. Define
W,=T;, — T,_y,i =1,2,.... Then W, is the number of trials after the
(i — 1)st success until the ith success. We will now show that for any integer
r > 1 the random variables W, — 1, W, — 1,..., W, — 1 are mutually
independent and have the same geometric density with parameter p.

To see this let n,, n,,..., n, be any r positive integers. Then the
event {W, = ny,..., W, = n,} occurs if and only if among the first
n, + -+ + n, trials all are failures except for trials

nl,nl +n2,...,n1 +"'+n,.,

which are successes. Since the trials are mutually independent with
success probability p we see that

PW,=ny....,W,=n)=010-p" 'pl — p=~'p---(1 — p™~p

=[] [p(1 = p™71].

i=1

Thus the random variables W, — 1,..., W, — 1 are independent,
geometrically distributed with parameter p.

Now clearly T, —r = (Wy — 1) +--- + (W, — 1), so we see that
T, — r is the sum of r independent, geometrically distributed random
variables. We have previously found that T, — r is negative binomially
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distributed with parameters r and p. We have thus established the interest-
ing and important fact that the distribution of the sum of r independent,
identically distributed geometric random variables with parameter p is
negative binomially distributed with parameters r and p.

Further properties of infinite sequence$ of independent Bernoulli trials
will be treated in the exercises.

3.6. Sums of independent random variables

In this section we discuss methods for finding the distribution of the sum
of a finite number of independent discrete random variables. Let us start
by considering two such variables X and Y.

We assume, then, that X and Y are independent discrete random
variables. Let x,, x,, ... denote the distinct possible values of X. For any
z, the event {X + Y = z} is the same as the event

U X =x,Y=2z-x}
7

Since the events {X = x;, Y = z — x;} are disjoint for distinct values of i,
it follows that

PX+Y=z2)=YPX=x,Y=2z-x)
1

=Y PX =x)P(Y =z — x)
i

= Z Ix(x)fr(z — x).
In other words

24 Sxir(2) = X fx(X)f(z = x).

If X and Y are integer-valued random variables, then X + Y is also
integer-valued. In this case we can interpret (24) as being valid when z is
an integer and the variable x in the right-hand side of (24) ranges over the
integers. One further specialization is useful. Suppose that X and Y
assume only nonnegative integer values. Then X + Y also assumes only
nonnegative integer values. If z is a nonnegative integer, then
fx(X)fy(z — x) = 0 unless x is one of the values 0, 1, ..., z. Thus under
these assumptions (24) can be written as

25) feor@ = 3 KOSz = ).

Although Equation (25) is useful for computing the density of X' + Y,
it is usually simpler to use probability generating functions. We will next
describe such functions and then give several important applications of
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their use in computing the density of the sum of independent random
variables.

Definition 6 Let X be a nonnegative integer-valued random
variable. The probability generating function ®y of X is defined as

Dy(t) = xio P(X = x)f = xz:io fx(;c)t’, ~1<t< 1.

We will now calculate ®,(#) in three specific cases.

Example 16. Binomial distribution. Let X have a binomial distri-
bution with parameters n and p. Then

PX = x) = (z) (1 — py

and hence
ox) = 3 Px =9 = % () oot - oy

From the binomial expansion formula

@+br= 3% (:) b,

we conclude that

(26) Ox(t) = (pt + 1 — p)".

Example 17. Negative binomial distribution. Let X have a negative
binomial distribution with parameters « and p. Then

POt =9 = 7 () (-1 -
and hence

o = 3 7 () (v - o

X
=p° xio (_x“) (-1 — p)~.

From the Taylor series expansion

1+5s)°*= i (_x)s",

x=0
with s = —#(1 — p), it follows that
27 Dyt =( P )
27) 0 = (==
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Example 18. Poisson distribution. Let X have a Poisson distribution

with parameter . Then

x, —4
T T P

and hence

(I)X(t) — —A Z ()'t)x.

x=0 X!

By setting s = Af in the Taylor series expansion

Xl‘ﬂ

we see that
(28) Du(t) = ete™* = ™Y,

Let X and Y be independent, nonnegative integer-valued random
variables. Then

(29) Dy 1 y(1) = Dx()Dy(1).
To see this, note that by (25)

\
N
-’
~

N

Dy y(t) =
2 S fz = %)

x(x)t Z fe(z — )&~

Il
8 TlMs "Ms 'ﬁMs

= Z Sx(x)e* Z Hr(»)P

= Dx()Dy(1),

which is the desired result.
It follows easily from (29) by induction that if X, ..., X, are indepen-
dent, nonnegative integer-valued random variables, then

(30) q)x1+ ee +X,(t) = (Dxl(t) Ak q)X,.(t)~

The conclusions of the next theorem can be proven most easily by the
“generating function technique,” which is based upon the fact that if

[c o} o0

Y at*= Y bt -l1<t<l],

x=0 x=0
then we may equate the coefficients of #* in the two power series and
conclude that a, = b,, x =0,1,2,.... This shows that if two non-

negative integer-valued random variables have the same probability
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generating function, they must have the same distribution. In other words,
the probability generating function of a nonnegative integer-valued
random variable uniquely determines the distribution of that random
variable.

Theorem 1 Let X,,..., X, be independent random variables.

(1) If X, has the binomial distribution with parameters n; and p,
then X, + -+ X, has the binomial distribution with
parameters n, + - + n, and p.

(ii) If X, has the negative binomial distribution with parameters o,
and p, then X, + - + X, has the negative binomial distribu-
tion with parameters o, + *** + o, and p.

(iii) If X; has the Poisson distribution with parameter A, then
X, + -+ X, has the Poisson distribution with parameter
Ay + 0+ A

Proof of (i). If the X;’s are as in (i), then by Example 16
(Dx1+ +x,(t) = (Dx,(t) SR (I)x,.(t)

=(pt+1—p/---(pt+1-—p™
=(pt+1—pm*t*m

Thus the probability generating function of X, + - -+ + X, is the same as
that of a random variable having a binomial distribution with parameters
n, + -+ n, and p. This implies that X, + --- + X, must have that
binomial distribution. For let

ng+--+n\ Beduce S =l
ax=(‘ X )p(l—p)‘+ e

denote the corresponding binomial probabilities. Then

20 PX; + -+ X, = x)t" = Qg 4....x,(1)
X =
= (pt+ 1= pnrm
=¥t
x=0
Thus by equating coefficients we see that
PX,+ -+ X, =Xx)=a,
and hence that X; + --- + X, is binomially distributed as stated in (i).
Proof of (ii). If the X;’s are as in (ii), then by Example 17
Dy, 4... +x,(t) = Ox,(t) - Dx,(2)
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- (1 - t(Ii - p))al'“ (1 - t(I; - p))a'

o x p))

Thus the probability generating function of X; + --+ + X, is the same as
that of a random variable having a negative binomial distribution with
parameters o; + -+ + o, and p. It now follows by the same argument
used in proving (i) that X, + ---+ X, has that negative binomial
distribution.

The proof of (iii) is similar to that of (i) and (ii) and is left as an exercise

for the reader. i
Suppose o, =-+-=a, = 1 in statement (ii) of Theorem 1. Then
X,,..., X, are each geometrically distributed with parameter p, and (ii)

states that X, + --- + X, has a negative binomial distribution with
parameters r and p. This provides an alternative proof to the result
obtained in Section 3.5.

The next example illustrates the use of conditional probabilities.

Example 19 Let X,, X,,... be independent nonnegative integer-
valued random variables having a common density. Set S, = 0 and
S, =X, +--+ X,,n=>1. Let N be a nonnegative integer-valued
random variable and suppose that N, X;, X,, ... are independent. Then
Sy = X; + -+ + Xy is the sum of a random number of random variables.
For an interpretation of Sy suppose that at time 0 a random number N
of bacteria enters a system and that by time 1 the colony started by the
ith bacterium contains X; members. Then Sy is the total number of
bacteria present at time 1. Show that the probability generating function
of Sy is given by

(31) (I)SN(t) = q)N(q)Xl(t))s -1<:< L

To verify (31) we observe first that

8

P(Sy = x) = P(Sy = x, N = n)

n=0

8

= PSS, =x,N =n)

n=0

[
8

P(N = n)P(S, = x| N = n).

n=0

Since N is independent of X, X,,..., X,, it is independent of S,, and
hence P(S, = x| N = n) = P(S, = x). Thus

(32) B(Sy = X) = io P(N = n)P(S, = x).



Exercises

77

Consequently for —1 <t < 1

D (1) = "P(Sy = Xx)

Ms ips

t* "Oz::o P(N = n)P(S, = x)

x=0

|
Na

P(N = n) i_oj P(S, =

Ms ipas

P(N = n) ®5,(t)

3
Il
o

I
YL

P(N = n)(@x,(1))" = On(Dy,(2)).

n=0

Exercises

1 Any point in the interval [0, 1) can be represented by its decimal
expansion .x;X,.... Suppose a point is chosen at random from the
interval [0, 1). Let X be the first digit in the decimal expansion
representing the point. Compute the density of X.

2 Let X have the negative binomial density with parameters « = r
(r an integer) and p. Compute the density of X + r.

3 Suppose a box has 6 red balls and 4 black balls. A random sample of
size n is selected. Let X denote the number of red balls selected.
Compute the density of X if the sampling is (a) without replacement,
(b) with replacement.

4 Let N be a positive integer and let
c2*, X =2 . 0 Ny
1) = |

0, elsewhere.
Find the value of ¢ such that fis a probability density.
5 Suppose X is a random variable having density f given by
x“—3|—1|0|1|2|3|5|8
eyl ot 2 boas o F 2w [ as Ty o5 |0k

Compute the following probabilities :

(a) X is negative;

(b) X is even;

(c) X takes a value between 1 and 8 inclusive;
dPX=-3|X<0),;

e PX=3|X>0).

6 Suppose X has a geometric distribution with p = .8. Compute the
probabilities of the following events:
@) X > 3;
b4d<X<TorX>9;
©3<X<Sor7< X<0.
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Let X be uniformly distributed on 0, 1,..., 99. Calculate

(a) P(X > 25);

(b) P2.6 < X < 12.2);

(c) P < X <100r30 < X < 32),;

d) P25 < X < 30).

Suppose a box has 12 balls labeled 1, 2,..., 12. Two independent
repetitions are made of the experiment of selecting a ball at random
from the box. Let X denote the larger of the two numbers on the balls
selected. Compute the density of X.

Suppose the situation is as in Exercise 8, except now the two balls are
selected without replacement. Compute the density of X.

Let X be a geometrically distributed random variable having parameter
p. Let Y=Xif X< Mandlet Y= Mif X > M, that is, Y =
Min (X, M). Compute the density of Y.

Let X be geometrically distributed with parameter p. Compute the
density of

(a) X?;

(b) X + 3.

Suppose a box has r balls numbered 1, 2,..., r. A random sample of
size n is selected without replacement. Let Y denote the largest of the
numbers drawn and let Z denote the smallest.

(a) Compute the probability P(Y < y).

(b) Compute the probability P(Z > 2).

Let X and Y be two random variables having the joint density given
by the following table.
Y
X -1 0 2 6

—2 |19 | 127 | 127 | 19

1 | 29 0 19 | 1/9

3 10 0 19 | 4/27

Compute the probability of the following events:
(a) Y is even;

(b) XY is odd;

©) X>0and Y > 0.

Let X and Y be independent random variables each having the uniform
density on {0, 1,..., N}. Find

(@) P(X 2 Y);

(b) PX = Y).

Let X and Y be as in Exercise 14. Find the densities of
(a) min (X, Y);

(b) max (X, Y);

(©) 1Y — X]|.
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Let X and Y be independent random variables having geometric
densities with parameters p; and p, respectively. Find

(a) P(X 2 Y);

(b) PX = Y).

Let X and Y be as in Exercise 16. Find the density of
(a) min (X, Y);

b X+ Y.

Let X and Y be discrete random variables and let g and 4 be functions
such that the following identity holds:

P(X = x, Y = y) = g(x)h(y).

(a) Express P(X = x) in terms of g and A.
(b) Express P(Y = y) in terms of g and A.

(c) Show that (%, g(x))(X, A(¥)) = 1.
(d) Show that X and Y are independent.

Let X and Y be independent random variables each having a geometric
density with parameter p. Set Z = Y — X and M = min (X, Y).
(a) Show that for integers zand m > 0

PX = m — 2)P(Y = m), z <0,

P(]\l:m,Z=Z) ={P(X=M)P(Y=m+z)’ z>0.

(b) Conclude from (a) that for integers z and m > 0
P(M =m,Z = z) = p*(1 — p)*™"(1 — p)"*l.

(c) Use (b) and Exercise 18 to show that M and Z are independent.

Suppose a circular target is divided into three zones bounded by con-
centric circles of radius 1/3, 1/2, and 1, as illustrated in the following

diagram.
2

3

Figure 4

If three shots are fired at random at the target, what is the probability
that exactly one shot lands in each zone?

Suppose 2r balls are distributed at random into r boxes. Let X; denote
the number of balls in box i.

(a) Find the joint density of X,..., X,.

(b) Find the probability that each box contains exactly 2 balls.

22 Consider an experiment having three possible outcomes that occur with

probabilities p,, p,, and p,, respectively. Suppose n independent
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24

25

26

27

28

29

Discrete Random Variables

repetitions of the experiment are made and let X; denote the number of
times the ith outcome occurs.

(a) What is the density of X; + X,?

(b) Find P(X, = y| X, + X, =2),y=0,1,..., z

Use the Poisson approximation to calculate the probability that at
most 2 out of 50 given people will have invalid driver’s licenses if
normally 5% of the people do.

Use the Poisson approximation to calculate the probability that a box
of 100 fuses has at most 2 defective fuses if 3%, of the fuses made are
defective.

A die is rolled until a 6 appears.

(a) What is the probability that at most six rolls are needed?

(b) How many rolls are required so that the probability of getting 6 is
at least 1/2?

Exercises 26-30 are related problems concerning an infinite sequence
of Bernoulli trials as discussed in Section 3.5.

Let T; be the number of trials up to and including the ith success. Let
0 < x;, <--- < x, be integers. Compute the probability

P(T1=x1,T2=x2,...,T;.= ’).
Hint: Let W, =T, — T,_,, r > 2, and let W; = T;; then
P(Ty = x45..., T, = x,)
=PW,=x, W, =x, —x1,..., W, =X, — x,_,).
Now use the fact that the random variables W, — 1,..., W, — 1 are

mutually independent random variables, each having a geometric
distribution with parameter p.

Let N, be the number of successes in the first » trials. Show that

PT, =x|N,=0=21 x=12..n
n

More generally, show that
-1
P(Tl=x1,T2=x2,...,7.‘r=xr|Nn=r)=(r:') ,

0<x; <x,<:'*<x,<n.

This shows that given there are r successes during the first » trials, the
trials at which these successes occur constitute a random sample of size
r (without replacement) from the “population” of possible positions.

Let k be a positive integer, £k < r. From Exercise 28 we may readily
compute that

P(n=x|N,.=r)=(z:i)(::z).

()
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Indeed, if T, = x then the kth success is at position x. In the first
x — 1 positions there must be exactly &k — 1 successes, and in the last
n — x positions there must be exactly » — k successes. Since, given
N, = r, the positions of the r successes are a random sample of size r
from the ‘“‘population” of n positions, the result follows. Verify that
this is in fact so, by computing directly P(T, = x| N, = r).

Let 1 < i < j < r be nonnegative integers. Compute
P(T,=xTy=y|N, =r)

for0 < x<y<n

Suppose X and Y are independent random variables having the uniform
density on 1, 2,..., N. Compute the density of X + Y.

Let X be uniformly distributed on {0, 1, 2,..., N}. Find ®,(2).

Let X be a nonnegative integer-valued random variable whose
probability generating function is given by ®@,(t) = e***~1, where
A > 0. Find f.

Prove (iii) of Theorem 1.

Let X and Y be independent random variables having Poisson densities
with parameters A, and A, respectively. Find P(Y = y| X + Y = 2)
fory = 0,...,z. Hint: Use (iii) of Theorem 1.

Let X, Y, and Z be independent random variables having Poisson
densities with parameters 4, 4,, and 45 respectively. Find

PX=xY=y,Z=z|X+Y+Z=x+y+ 2)

for nonnegative integers x, y, and z. Hint: Use (iii) of Theorem 1.

In Example 19 suppose that X, takes on the values 1 and 0 with
respective probabilities p and 1 — p, where 0 < p < 1. Suppose also
that NV has a Poisson density with parameter A.

(a) Use Equation (31) to find the probability generating function of Sy.
(b) Use (a) to find the density of Sy.

For an interpretation of Sy suppose a random number N of cancer
cells is introduced at time 0 and that each cell, independently of the other
cells and independently of N, has probability p of surviving a treatment
of radiation. Let X; = 1 if the ith cell survives and let X; = 0 other-
wise. Then Sy is the number of cells that survive the treatment.

Solve (b) of Exercise 37 without using probability generating functions,
but using instead Equation (32) and the fact that X; + --- + X, has a
binomial density.



4 Expectation of

Discrete Random
Variables

Let us consider playing a certain game of chance. In order to play the game, we
must pay a fee of a dollars. As a result of playing the game we receive X dollars,
where X is a random variable having possible values x,, x,, ..., x,. The question
is, should we play the game? If the game is to be played only once, then this
question is quite difficult. However, suppose we play the game a large number of
times. After n plays we would pay na dollars and receive X, + --- + X, dollars.
If we assume that the successive plays of the game constitute independent repeti-
tions of the same experiment (observing a value of X), then we can take the random
variables X, X, ..., X, as mutually independent and having the common density
fof X. Let N,(x;) denote the number of games that yielded the value x,, i.e., the
number of X;’s that assume the value x;. Then we can write

Xl + 4+ Xn = Z x,-N,,(xi).
i=1

The average amount received is then

X1 40+ Xn — i x; I:N,,(xi)] '
n i=1 n

According to the relative frequency interpretation of probabilities, if » is large,
the numbers N,(x;)/n should be approximately equal to f(x;), and thus the sum on
the right should be approximately equal to u = Xi-; x,f(x;). Thus it seems rea-
sonable to anticipate a net gain in playing the game if u > a and to expect a net
loss if 4 < a. If u = a we would anticipate just about breaking even.

The quantity >;-; x,f(x;) is called the expectation of the random variable X.
More generally, let X be any discrete random variable that assumes a finite number
of values x,, ..., x,. Then the expected value of X, denoted by EX or p, is the
number

(1) EX = ¥ xf(s),

where f is the density of X.
Suppose X has the uniform distribution on the set {x,,..., x,}. Then f(x;) =
P(X = x;) = r~!, and from (1) we see that EX = (x, + -+ + x,)r "1, so in this

82
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case EX is just the arithmetic average of the possible values of X. In general,
(1) shows that EX is a weighted average of the possible values of X; the weight
attached to the ith value x; is its probability f(x;).

The expected value EX is also called the mean of X (or of the density f of X)
and is-customarily denoted by u. The mean is one way of trying to summarize a
probability distribution by a single number that is supposed to represent a “typical
value” of X. How good this is depends on how closely the values of X are clustered
about the value . We will examine this question in more detail when we discuss

the variance of X in Section 4.3.

Example 1. Binomial distribution. Let X have the binomial distribution with
parameters n and p. Find EX.

For n = 1, X assumes the two values 0 and 1 with probabilities (1 — p) and p
respectively. Hence

EX=0-P(X=0)+1-P(X =1) = p.

Since a random variable having a binomial density with parameters 1 and p is just
an indicator random variable, we see that we can find the probability of the event A4
that X = 1 by computing the expectation of its indicator.

We nowcompute EXforanyn > 1. In this case X assumes the valuesO, 1, 2, . . .,
n, and

To calculate this quantity we observe that

j(n) _ jn!
il jt(n = !

n(n — 1)!
G-Dn-1-G-D]J

(72 1)

EX =n ) (7 _ :) P’ — py .

Jj=1

Thus

Making the change of variable i = j — 1 we see that
Nl n—1 i ==
ex=m'y ("7) da - o
i=0
By the binomial theorem
5 (rn—1) n—i-1 n-1
Z\ g )fa-pri =+ -prt =1,

so we see that
EX = np.
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4.1. Definition of expectation

Suppose now that X is any discrete random variable having possible

values x,, x,,.... We would like to define the expectation of X as
) EX = -21 x;f(x)).
J=

If X has only a finite number of possible values x,, ..., x,, then (2) is
just our previous definition. In the general discrete case, this definition is
valid provided that the sum ¥ ; x;f(x;) is well defined. For this to be the
case we require that 3°; |x;| f(x;) < oo. This leads to the following.

Definition 1 Let X be a discrete random variable having density
[ If 2 |x;1f(x;) < oo, then we say that X has finite expectation and
we define its expectation by (2). On the other hand if ;-1 |x;|f(x;) =
00, then we say X does not have finite expectation and EX is undefined.

If X is a nonnegative random variable, the fact that X has finite
expectation is usually denoted by EX < 0.

Example 2. Poisson distribution. Let X be Poisson distributed with
parameter .. Then

A, o M -2

Il
18

EX i€ = - e
=1 j! =1 - 1!
© 1
=2 *Y '1— = le %t = A
j=o j!

Example 3. Geometric distribution. Let X have a geometric distrib-
ution with parameter p. Find EX.

Now
EX = _Zo jp(1 — py
J=

- - ) 3 0 - P

-p(1 - p) Y —(1 — py.
j=odp
Since a power series can be differentiated term by term, it follows that
d ;
EX=-pll —p)= ¥ (1 - p).
dp j=o

Using the formula for the sum of a geometric progression, we see that

EX = —pt - p) 2 (3) = -2t = (75).
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Consequently
Ex=1-7¢
p
We will next consider an example of a density that does not have finite
mean.

Example 4. Let f be the function defined on R by

1
f(x) = {x(x + 1’

0, elsewhere.

¥ 22505

The function f obviously satisfies properties (i) and (ii) in the definition of
density functions given in Chapter 3. To see that f satisfies property (iii)

we note that
1 1 1

x(x+1)=x x+1

o [1 1
x=1 xgl [x X + 1]

A =-1Y)+(12=1/3) +-=1.

Thus (iii) holds and fis a density. Now fdoes not have finite mean because

[+ o} o0 1
x§1 lef(x) B x;l x +1

and hence

s
=
&

[

and it is well known that the harmonic series 35—, x~! does not converge.

4.2. Properties of expectation

Often we want to compute the expectation of a random variable such as
Z =X, + X, or Z = X? that is itself a function ¢(X) of the random
vector X. Of course, if we know the density f; of Z, this can be done by
using (2). Quite frequently, however, the density of Z may not be known,
or the computation of EZ from a known density of Z may be quite
difficult. Our next result will give us a way of deciding if Z has finite ex-
pectation and, if it does, of computing EZ directly in terms of the density
Jx and the function ¢.

Before stating this result we introduce a notational convention. Let X
be a discrete r-dimensional random vector having possible values
X,, X5, . . . and density f, and let ¢ be any real-valued function defined on
R'. Then Y, o(x)f(x) is defined as
(3) Y ox)f(x) = Zj‘, P(x;)f(x).
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Theorem 1 Let X be a discrete random vector having density f,
and let ¢ be a real-valued function defined on R'. Then the random
variable Z = ¢(X) has finite expectation if and only if

) Y lo®)|f(x) < o
and, when (4) holds,

) EZ = ; @(x)f(x).

Proof. Let z,, z,,... denote the distinct possible values of Z and let
Xy, X,, ... denote the distinct possible values of X. For any z; there is at
least one x; such that z; = ¢(x;), but there may be more than one such x;.
Let 4; denote the collection of such x,’s, that is,

4; = {x;| o(x)) = z;}.
Then {X € 4;} and {Z = z;} denote exactly the same events. Thus

P(Z = Zj) = P(XGAJ) = Z fx(X).

xed;
Z |Zj|fz(zj) == Z Izij(Z = zj)
= ; lz;l Y &)

xe 4y

=; Z Izjle(x)'

xeA;

Consequently,

Since ¢(x) = z; for x in A4;, it follows that

Z_ |Zj|fz(zj) = Z 2;4 |(x)] fx(X).

xedy

By their definition, the sets 4; are disjoint for distinct values of j, and their
union is the set of all possible values of X. Therefore

Zj: |zl f2(z)) = ; lp(x)] fx(X).

This shows that Z has finite expectation if and only if (4) holds.
If Z does have finite expectation, then by repeating the above argument
with the absolute signs eliminated, we conclude that (5) holds. |

Let X be a random variable having density f and let ¢(x) = |x|. Then
by Theorem 1, |X| has finite expectation if and only if 3, |x|f(x) < oco.
Buit, according to our definition of expectation, X has finite expectation if
and only if the same series converges. We see therefore that X has finite
expectation if and only if E|X| < oo.

We shall now use Theorem 1 to establish the following important
properties of expectation.
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Theorem 2 Let X and Y be two random variables having finite
expectation.

(1) If cis a constant and P(X = c) = 1, then EX = c.

(ii) If c is a constant, then cX has finite expectation and E(cX) =
cEX.

(iii) X + Y has finite expectation and
EX + Y) = EX + EY.

(iv) Suppose P(X > Y) = 1. Then EX > EY; moreover, EX =
EY ifandonly if P(X = Y) = 1.

(v) |[EX| < E|X]|.

Proof. The proof of (i) is quite simple. If P(X = ¢) = 1, then X has
density fx(x) = 0 for x # ¢ and fx(c¢) = 1. Thus by (2)

EX =Y xf(x) = cfx(c) = c.
To prove (ii) let ¢(x) = cx and observe that
X lex| fe(x) = lel X [xIfx(x) < oo,
so cX has finite expectation. Thus by (5)
E(cX) = Y (ex) fx(x) = ¢ Y, xfx(x) = cEX.

To establish (iii) set ¢(x, ¥) = x + y and let f denote the joint density
of X and Y. Then

xZ: Ix + ylf(x, y) < ; x| f(x, y) + xZ IY1f(x, )
; IxI Y [, ) + X IN Y f(x, y)
=2 1% /x(x) + X IYIfx(y) < ©

and hence X' + Y has finite expectation. Applying (5) we see that
EX +Y)=Y (x + »fx )
X,y

=Y xf(x,y) + ¥ ¥(x, )

= EX + EY.
To prove (iv) observe that Z = X — Y = X + (—Y), and by (ii) and
(iii) we see that
EX — EY = EX — Y) = EZ = Y zf,(2).

L4
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Since P(Z >0)=PX>Y)=1, the values z; that Z=X - Y
assumes must all be nonnegative. Thus ), zf,(z) > 0 and hence
EX — EY > 0. This yields the first part of (iv). If EX = EY, then
EZ = 0. But then
0 = EZ =Y z;fi(z).
i

Now the sum of nonnegative terms can equal zero only if all the individual
terms equal zero. Since f;(z;) > 0 it must be that z; = 0. Thus the only
possible value of Z is 0 and consequently P(Z = 0) = 1.

Finally, (v) follows from (iv) and (ii) because —|X| < X < |X| and
hence — E|X| < EX < E|X|. This completes the proof of the theorem. [}

It easily follows from (ii) and (iii) that if X, ..., X, are any » random
variables having finite expectation, and c,, . . ., ¢, are any n constants, then
(6) E(c,X; + -+ ¢, X,) = ¢c,EX, + - + c,EX,.

It is useful to know that a bounded random variable always has finite
expectation. More precisely,

Theorem3 Let X be a random variable such that for some
constant M, P(|X| < M) = 1. Then X has finite expectation and
|EX| < M.

Proof. Let x4, X5, ... be the possible values of X. Then |x;| < M for
all i. Indeed, if |x;] > M for some possible value x;, then

P(IX| > M) = P(X| = |x]) > O,
which contradicts the fact that P(|JX| < M) = 1. Consequently
; | f(xp) < M;f(xi) < M,

so X has finite expectation. Moreover by (v) of Theorem 2,

|EX| < E|X| = Zi Ix;| f(x) < M.
This completes the proof. i

It follows easily from Theorem 3 and (iii) of Theorem 2 that if X and Y
are two random variables such that Y has finite expectation and for some
constant M, P(|X — Y| < M) = 1, then X also has finite expectation
and |[EX — EY| < M. We leave the proof of this fact for the reader.

Since the expectation of the sum of two random variables is the sum of
their expectations, one might suppose that the expectation of a product is
the product of the expectations. That this is not true in general can be
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seen by considering the random variable X taking values 1 and —1 each
with probability 1/2 and setting Y = X. Then EX = EY = 0 but
EXY = EX? = 1.

There is an important case when this product rule is valid, namely,
when X and Y are independent random variables. We state this more
formally as follows.

Theorem 4 Let X and Y be two independent random variables
having finite expectations. Then XY has finite expectation and

™ E(XY) = (EX)(EY).

Proof. Observe that since X and Y are independent, the joint density
of X and Y is fyx(x)fy(»). Thus

Y 1xylf(x, ») = X x| 115 f(y)

X,y X,y

= (S 1) (S 15150)) < o,
x y
so XY has finite expectation. Using Theorem 1, we conclude that

E(XY) = ; (xy)fx(x)fx(y)

X

- (2] [Z w100 = @xxED), i

The converse of this property does not hold; two random variables X
and Y may be such that E(XY) = (EX)(EY) even though X and Y are not

independent.

Example 5. Let (X, Y) assume the values (1, 0), (0, 1), (—1, 0), and
(0, —1) with equal probabilities. Then EX = EY = 0. Since XY = 0,
it follows that E(XY) = O and hence E(XY) = (EX)(EY). To see that
X and Y are not independent observe, for example, that P(X = 0) =
P(Y = 0) = 1/2 whereas P(X = 0, Y = 0) = 0. Thus

P(X =0, Y = 0) # P(X = 0)P(Y = 0).

It is often easier to compute expectations by using the properties given
in Theorem 2 than by using the definition directly. We now illustrate this
technique with several examples.

Example 6. Binomial distribution. We already know from Example
1 that the mean of the binomial distribution with parameters n» and p
is np. We can also derive this fact in a very simple manner by using the
property that the expectation of a sum is the sum of the expectations ((iii)
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of Theorem 2). To this end, let X,, ..., X, be n independent Bernoulli
random variables having parameter p and set S, = X; + --- + X,. Then
S, has the binomial distribution with parameters n and p. By the first part
of Example 1, EX; = p,1 < i < n, and hence

ES, = EX, +---+ X,) = ), EX, = np.
i=1

Example 7. Hypergeometric distribution. Suppose we have a pop-
ulation of r objects, r; of which are of type one and r — r, of type two.
A sample of size n is drawn without replacement from this population. Let
S, denote the number of objects of type one that are obtained. Compute
ES,.

We know that S, has the hypergeometric distribution, so we could
compute ES, by using (2). It is far simpler, however, to proceed by
introducing indicator random variables X,,..., X, as follows. The
random variable X; = 1 if and only if the ith element in the sample is of
type one. Then

EX,=PX, =1 =1
r

But S, = X, + -+ + X, so using (iii) of Theorem 2 we see that

LS|

ES,= Y EX,=n
i=1

Note that the random variables X;, 1 < i < n, are not independent.

Example 8. Suppose we have a population of r distinct objects labeled
1,2,...,r. Objects are drawn with replacement until exactly k < r
distinct objects have been obtained. Let S, denote the size of the sample
required. Compute ES;.

It is clear that S; = 1 and hence ES; = 1. Assume k > 2 and let
X;=8,,—-8S,i=12,...,k — 1. Thenclearly S, =1+ X, + -
+ X,-.. Now X, is the number of objects that must be drawn after the
ith new object enters the sample and until the (i + 1)st new object enters
the sample. A moment’s thought shows that the event {X; = n} occurs if
and only if the first » — 1 objects drawn after the ith ney object enters the
sample duplicate one of the previous i objects, and the nth object drawn
after the ith new object enters is different from the previous i objects.
Thus, as the trials are independent,

i\"~1 i
P(X; =n) = (- 1 --), n=12....
r r
This shows that the random variable X; — 1 is geometric with parameter

pi = 1 — (i/r). Hence by Example 3, E(X; — 1) = p; '(1 — p;), and

EX; = p;'(1 — p)+1=pl= A =iyt =r@r -0t



4.2. Properties of expectation 91

Consequently,

@®) Esk=1+ki1( 2 )

i=1 \r — i

% ()

=r(1+ 1 +...+__..__1__.._).
r r-—1 r—k+1

We point out for later use that it is clear from the construction of the X;
that they are mutually independent random variables.

In the previous chapter we have seen that nonnegative integer-valued
random variables X play a prominent role. For these random variables
the following theorem can frequently be applied both to decide if X has
finite expectation and to compute the expectation of X.

Theorem 5 Let X be a nonnegative integer-valued random
variable. Then X has finite expectation if and only if the series
Se=1 P(X > x) converges. If the series does converge, then

) EX jjl P(X > x).

Proof. We will show that

(oo} 0

(10) Y xP(X =x) = ) P(X > x),

x=1 x=1
from which the theorem follows immediately. To this end we first write
the left side of (10) as

YPX=x3 L
x=1 y=1

It is permissible to interchange the order of summation and rewrite this
expression as

yi ,,2, P(X = x) = yi P(X > y).

Replacing the dummy variable y by the dummy variable x in the right side
of this equality, we obtain the right side of (10). This shows that (10)
holds, as desired. |

For an elementary application of this theorem, suppose that X is a
geometrically distributed random variable having parameter p. Then
P(X = x) = (1 — p)* and thus by the theorem

EX=3 (-p=0-p+a-p=-=pl-p

This agrees with the result found in Example 3.
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4.3. Moments

Let X be a discrete random variable, and let » > O be an integer. We
say that X has a moment of order r if X" has finite expectation. In that
case we define the rth moment of X as EX”". If X has a moment of order r
then the rth moment of X — u, where u is the mean of X, is called the rth
central moment (or the rth moment about the mean) of X. By Theorem 1
we can compute the rth moment and the rth central moment of X directly
from the density / by the formulas

(11) EX" =Y x'f(x)
and )
(12) EX — p) =Y (x — wfx).

In view of (11) and (12), the rth moment and rth central moment are
determined by the density f, and it therefore makes perfectly good sense
to speak of them as the rth moment and rth central moment of this
density.

Suppose X has a moment of order r; then X has a moment of order k&
for all k < r. To see this, observe that if |[x] < 1, then

X = Ixl* <1
while for |x] > 1,
[ = 5l

Thus in either case it is always true that
Ix* < |x|]" + 1.

Thus, by the comparison theorem for the convergence of series, we see
that

; Il (x) < ¥ [IxI" + 11(x) = E(X|) + 1 < oo,

so X* has finite expectation.

On the other hand, as was shown in Example 4, a random variable X
may not have even a first moment. A simple modification of this example
shows that a random variable may have a moment of order r but possess
no higher order moment. (See Exercise 9.)

The first moment (r = 1) is just the mean of X. In general, the more
moments of X that we know the more information we have gained about
the distribution of X'; however, in applications it is the first two moments
that are usually of major interest.

By property (iii) of Theorem 2 we know that if X and Y both have a
finite first moment, then so does X + Y. We will now show that this
desirable property holds true for moments of order r as well.
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Theorem 6 If the random variables X and Y have moments of
order r, then X + Y also has a moment of order r.

Proof. This theorem rests on the following simple inequality. For
any nonnegative integer j < r,

(13) Iy~ < Ix" + I, x yeR

To see this, observe that if |x| < |y|, then |x[|y|"™/ < ||y =7 =
|yI" < |x|” + |yI"; while if |x| > ||, then |x/|yI"™ < |xI" < |xI” + |yI".
Thus (13) holds. Using (13) and the binomial theorem we now see that

lx + yI" < (x| + |y

> (;) x|yl

j=0

- r r r
<y () (1%l + 1y1.
i=o \J
But
() =7
i=o \J
because
s § ()= £ ()
ji=0 \J j=o0 \J
Consequently

Ix + " < 27(xI" + ¥
Let f be the joint density of X and Y. Then
2 lx + ylfCx, ) <27 (xI" + [yINf(x, )
X,y X,y
= ZE(XI + |YI"
= 2"(E|X|" + E|Y|") < oo.
Hence by Theorem 1, (X + Y)" has finite expectation. |
It follows easily by induction that if X, X,, ..., X, all have a moment
of order r, then so does X; + -+ + X,.

Let X be a random variable having a finite second moment. Then the
variance of X, denoted by Var X or V(X), is defined by

Var X = E[(X — EX)?].
By expanding the right-hand side we see that
Var X = E[X? — QXXEX) + (EX)?*]
= EX? — 2EX)?* + (EX).
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In other words
(14) Var X = EX? — (EX)~
One often denotes EX by u and Var X by 62. The nonnegative number

o = v/ Var X is called the standard deviation of X or of fx-

According to our previous discussion, the mean pu is the average value
of the random variable X. One use of the variance is as a measure of the
spread of the distribution of X about the mean. The more X tends to
deviate from its mean value y, the larger (X — p)? tends to be, and hence
the larger the variance becomes.

On the other hand, Var X = 0 if and only if X is a constant. To see
this, observe that if P(X = ¢) = 1 for some constant ¢, then EX = ¢ and
Var X = 0. Conversely, if Var X = 0, then E[(X — EX)*] = 0 and
hence P((X — EX)? = 0) = 1. Consequently P(X = EX) = 1.

An alternative use of the mean and variance is provided by the following
problem, which is of interest in statistics. Let X be a random variable
having a finite second moment, and suppose we want to choose the value
of a that minimizes E(X — a)2. Such a value would provide the best fit to
X by a constant if the error were measured by the mean square deviation.

One way of solving this problem is to use calculus. Note that

E(XX — a)> = EX? — 2aEX + a°.

If we differentiate with respect to a and set the derivative equal to zero,
we see that a = EX. Since the second derivative is positive (in fact, it
equals 2), the point corresponds to a minimum, and the minimum value is
Var X.

There is a second way of solving this problem that is also important to
understand. Note that

X-a?=[X-p+ @-a)
=X - w+2X —pp-a+ @ - a

Since E(X — p) = 0, it follows that the cross-product term has zero
expectation and hence

(15) E(X — a)* = EX — p)* + (p — a)?
= Var X + (u — a)>.
It is now clear from (15) that E(X — a)? is at a minimum when u = q,
and this minimum value is Var X.
We can often find the moments of a nonnegative integer-valued random

variable X most simply by differentiating its probability generating func-
tion ®,. Suppose for simplicity that

3 S5 < o0
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for some ¢, > 1. Then we can regard @y as being definedon —¢, < ¢ < ¢,
by

Dx(t) = 120 Sx(x)t%, —ty <t <t

We can differentiate ®,(z) any number of times by differentiating the
corresponding power series term by term. In particular

[+ o]

Dy(t) = Y, xfx(x)r, —1lp <t <t
x=1
and
Q1) = Y x(x — 1)fx(x)F73, —ty < t < 1.
x=2

By our assumptions on ¢,, we can let # = 1 in these formulas, obtaining

oy(1) = i xfx(x) = EX

and
[« o]

dx(1) = xZZ x(x — D)fx(x) = EX(X — 1).
Thus the mean and variance of X can be obtained from ®, by means of
the formulas
EX = ®x(1)
and
Var X = EX? — (EX)? = ®x(1) + Dy(1) — (®(1))>.

Similar formulas, in terms of the higher derivatives of ®,(¢) at ¢t = 1,
can be developed for the other moments of X.
We now illustrate the use of these formulas with the following examples.

Example 9. Negative binomial distribution. Let X be a random
variable having a negative binomial distribution with parameters o and p.
Find the mean and variance of X.

From Example 17 of Chapter 3, we know that the generating function of
X is given by ®x(¢) = p*[1 — ¢(1 — p)]™* Consequently,

Dy(t) = ap[l — 11 — P]~“* 11 - p)

and
Ox(t) = (@ + Dap[1 — (1 — p)]~“*2(1 - p)*
Thus
’ L e D).
dy(1) =
) = o : )
and

ou1) = (« + )a (1 = P)z.
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Hence, EX = ap~!(1 — p) and

s R R

1-p
P
In particular, if X has a geometric distribution with parameter p, then

EX = p~'(1 — p) (as we have already seen) and Var X = p~2(1 — p).

=«

Example 10. Poisson distribution. Let X have a Poisson distribution
with parameter 4. Find the mean and variance of X.

In Example 18 of Chapter 3 we found that ®(¢f) = €*“~ 1. Thus

D4(t) = A D
and
dut) = A2 D,

Consequently ®%(1) = A and ®%(1) = A2. It follows immediately that
EX = ),
which agrees with the answer found in Example 2, and
Var X = A2 + 1 — A2 = A.

This shows that if X has a Poisson distribution with parameter 4, then the
mean and variance of X both equal A.

4.4, Variance of a sum

Let X and Y be two random variables each having finite second moment.
Then X + Y has finite second moment and hence finite variance. Now

Var (X + Y) = E[(X + Y) — EX + Y)]?
= E[(X — EX) + (Y — ED)]?
= E(X — EX)? + E(Y — EY)?
+ 2E[(X — EX)(Y — EY)]
= Var X + Var Y + 2E[(X — EX)Y — EY)].

Thus, unlike the mean, the variance of a sum of two random variables
is, in general, not the sum of the variances. The quantity

E[(X — EX)Y — EY)]

is called the covariance of X and Y and written Cov (X, Y). Thus we have
the important formula

(16) Var (X + Y) = Var X + Var Y + 2 Cov (X, Y).
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Now
(X — EX)Y — EY) = XY — (YXEX) — X(EY) + (EX)(EY),
and hence taking expectations we see that
(17) Cov (X, Y) = E[(X — EX)XY — EY)] = E(XY) — (EX)(EY).

From this form, it is clear that Cov (X, Y) = 0 whenever X and Y are
independent. (Example 5 shows that the converse is false.) We see from
(16) that if X and Y are independent random variables having finite second
moments, then Var (X + Y) = Var X + Var Y.

In particular if P(Y = ¢) = 1 for some constant ¢, then X and Y are
independent and the variance of Y equals zero; consequently

(18) Var (X + ¢) = Var X + Var (c¢) = Var X.
More generally, if X,, X,,..., X, are n random variables each having a
finite second moment, then
n n n—1 n
(19) Var(z Xi) = Y VarX; + 2 Y. Cov (X;, X)),
i=1 i=1 i=1 j=i+1

and, in particular, if X, ..., X, are mutually independent, then

(20) Var (12 Xi) = ig Var X;.

=1

These formulas can be derived by a direct computation similar to (but

more complicated than) that used for the case n = 2, or they can be
established from the case n = 2 by induction on n.

In particular, if X, ..., X, are independent random variables having a

common variance a2 (for example, if they each had the same density), then

(1) Var (X; + ** + X,) = n Var X, = no?.

Another elementary but quite useful fact is that Var (aX) = a? Var X.
We leave the verification of this fact to the reader.

Example 11. Binomial distribution. Let X, ..., X, be n independent
Bernoulli random variables each having the same probability p of as-
suming the value 1. Then (see Example 6) the sum S, = X; + --* + X,
is binomially distributed with parameters » and p. We have previously
shown that ES, = np. Using (21) we find at once that

Var S, = n Var X;.

Now X? = X, because X, is either 0 or 1. Thus EX? = EX, = p and
hence
Var X, = EX] — (EXy)* = p — p* = p(1 — p).

Consequently Var S, = np(1 — p).
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In summary then, the mean of a binomially distributed variable is np
and its variance is np(1 — p).

Example 12. Hypergeometric distribution. Consider the situation in
Example 7. We now want to compute Var S,, so as to obtain the variance
of a hypergeometric distribution. To this end we will use Equation (19).

For the dependent indicators, X, ..., X,, we previously found that
PX,=1)=EX,=1.
r

Since X? = X, we see that

2
Var X, = EX? - X = (%) - (1)
r

7
)=
r r]’
Next we must compute the covariances. Assume that 1 < i < j < n.
Now X;X; = 0 unless both X; and X; are 1, so

EXX; = P(X;=1,X;=1) = (ﬁ) (’—1—"—1) .

r r—1
Thus
Cov (X;, X)) = E(X,X;) — (EX,EX))
_n(ry =1 _ (r)?
B r(r — 1) (r)
— (T} (rr=1 _n
B (r) (r -1 r)
- (r_;) R Kot 4
r) rir—1)°
and hence
o _nn=1)(r\ 1 =1
1;1 j=;;-1 COV (Xb X]) - 2 (r) r(r = 1) .

It now follows from (19) that

Var S. = rl(r - rl) _ -1 rl(r —_rl_)
"= r? i ) r’(r — 1)

-+(2)(-2) (-5

It is interesting to compare the mean and variance for the hyper-
geometric distribution with those of the binomial distribution having the
same success probability p = (r,/r). Suppose we have a population of
objects of which 7, are of type one and r — r, are of type two. A random
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sample of size n is drawn from the population. Let Y denote the number
of objects of type one in the sample.

If the sampling is done with replacement then Y is binomially distributed
with parameters n and p = (r,/r), and hence

EY=n(r—1) and VarY=n(r—1) (l—ﬁ).
r r r

On the other hand, if the sampling is done without replacement, then Y
has a hypergeometric distribution,

EY=n(ﬂ) and VarY=n(ﬁ)(1—ﬁ)(1-”—"—l).
r r r r —1

The mean is the same in the two cases, but in sampling without replace-
ment the variance is smaller. Intuitively, the closer »n is to r the more
deterministic Y becomes when we sample without replacement. Indeed, if
n = r then the variance is zero and P(Y = r;) = 1. But if r is large
compared to n, so that (n/r) is close to zero, the ratio of the variances
obtained in sampling with and without replacements is close to one. This
is as it should be, since for fixed » and large r there is little difference
between sampling with replacement and sampling without replacement.

4.5. Correlation coefficient

Let X and Y be two random variables having finite nonzero variances.
One measure of the degree of dependence between the two random
variables is the correlation coefficient p(X, Y) defined by

Cov (X, Y)
V(Var X) (Var Y)

(22) p=pX,Y)=

These random variables are said to be uncorrelated if p = 0. Since
Cov (X, Y) = 0if X and Y are independent, we see at once that indepen-
dent random variables are uncorrelated. It is also possible for dependent
random variables to be uncorrelated, as can be seen from Example 5.

It is important for applications in statistics to know that the correlation
coefficient p is always between —1 and 1, and that |p| = 1 if and only if
P(X = aY) = 1 for some constant a. These facts are easy consequences
of the following basic inequality called the Schwarz inequality.

Theorem 7 The Schwarz Inequality. Let X and Y have finite
second moments. Then

(23) [E(XY)]? < (EX?)(EY?).

Furthermore, equality holds in (23) if and only if either P(Y = 0) = 1
or P(X = aY) = 1 for some constant a.
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Proof. If P(Y =0)=1, then P(XY =0)=1, EXY =0, and
EY? = 0; thus in this case (23) holds with equality. Also, if P(X = aY) =
1, then a simple computation will show that both sides of (23) are equal
to (a*EY?)2.

We now show that (23) always holds. From the above discussion we can
assume that P(Y = 0) < 1 and hence EY? > 0. The proof is based on a
simple but clever trick. Observe that for any real number 4

0 < E(X — 1Y)? = A’EY? — 2AEXY + EX2

This is a quadratic function of 1. Since the coefficient EY? of A2 is positive,
the minimum is achieved for some value of 4, say A = q, that can be found
by the usual calculus method of setting the derivative equal to zero and
solving. The answer is @ = [E(XY)][EY?]~!. Since the corresponding
function value is

24) 0 < E(X — a¥)? = Ex? — EXV]

EY?

it follows that (23) holds. If equality holds in the Schwarz inequality
(23), then from (24) we see that E(X — aY)? = 0, so that

P[(X — aY) =0] = 1.
This completes the proof. |
Applying the Schwarz inequality to the random variables (X — EX)
and (Y — EY) we see that
(E[(X — EXXY — EY)))* < [E(X — EX)*][E(Y — EY)?];

that is,
[Cov (X, Y)]* < (Var X)(Var Y).

Thus by the definition of p
lp(X, Y)| < 1.

We also see from Theorem 7 that |p| = 1 if and only if P(X = aY) =1
for some constant a.

The correlation coefficient is of limited use in probability theory. It
arises mainly in statistics and further discussion of it will be postponed to
Volume II.

4.6. Chebyshev’s inequality

Let X be a nonnegative random variable having finite expectation, and
let ¢ be a positive real number. Define the random variable Y by setting
Y=0if X <tand Y = ¢tif X > ¢t. Then Y is a discrete random variable
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having the two possible values 0 and ¢ which it assumes with probabilities
P(Y=0) = P(X < t)and P(Y = t) = P(X = t) respectively. Thus

EY=tP(Y=t)+0-P(Y =0)=tP(Y=1t) =tP(X > 1).
Now clearly X > Y and hence EX > EY. Thus

EX > EY = tP(X > 1)

or

(25) PX >1t) < —E—;{

Quite a variety of useful inequalities can be deduced from (25). The
most important of these is the Chebyshev inequality.

Chebyshev's Inequality. Let X be a random variable with mean
p and finite variance ¢2. Then for any real number ¢ > 0

2
(26) PIX — p| > 1) < ‘t’—z

To prove (26), we apply (25) to the nonnegative random variable
(X — p)? and the number ¢2. We conclude that

— 2 2
P((X—u)Zth)sE(_X;z—“)=%.

Since (X — p)? > t?if and only if |X — p| > ¢ we see that (26) holds.

Chebyshev’s inequality gives an upper bound in terms of Var X and ¢
for the probability that X deviates from its mean by more than ¢ units.
Its virtue lies in its great generality. No assumption on the distribution of
X is made other than that it has finite variance. This inequality is the
starting point for several theoretical developments. For most distributions
that arise in practice, there are far sharper bounds for P(|JX — u| > ¢) than
that given by Chebyshev’s inequality; however, examples show that in
general the bound given by Chebyshev’s inequality cannot be improved
upon (see Exercise 26).

Let X,,..., X, be n independent random variables having the same
distribution. These random variables may be thought of as n independent
measurements of some quantity that is distributed according to their
common distribution. In this sense we sometimes speak of the random
variables X, ..., X, as constituting a random sample of size n from this
distribution.

Suppose that the common distribution of these random variables has
finite mean u. Then for n sufficiently large we would expect that their
arithmetic mean S,/n = (X; + -+ + X,)/n should be close to u. If the
X, also have finite variance, then
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Var (i'

2

n n n

) _ne* _g?

and thus Var (S,/n) > 0asn — co. As discussed in Section 4.3, this
implies that as n gets large the distribution of S,/n becomes more con-
centrated about its mean u. More precisely, by applying Chebyshev’s

inequality to S,/n we obtain the inequality

2
> 5) < Var (S,/n) _ G .
52 né?

(27) P (|§ —u
n
In particular, it follows from (27) that for any 6 > 0

(28) lim P (

n—» o0

5'—ulzé)=0.
n

We may interpret (28) in the following way. The number é can be
thought of as the desired accuracy in the approximation of u by S,/n.
Equation (28) assures us that no matter how small 6 may be chosen the
probability that S,/n approximates u to within this accuracy, that is,
P(|(S,/n) — ul < J), converges to 1 as the number of observations gets
large. This fact is called the Weak Law of Large Numbers. We have proven
the weak law only under the assumption that the common variance of the
X, is finite. Actually this is not necessary; all that is needed is that the X;
have a finite mean. We state this more general result in the following
theorem. The proof will be given in Chapter 8.

Theorem 8 Weak Law of Large Numbers. Let X, X,,..., X,
be independent random variables having a common distribution with
finite mean p and set S, = X; + -+ + X,. Then for any 6 > 0
lim P (

n— o

5'—u|2<5)=0.

n

Whenever the X; have finite mean, the weak law holds. However, when
they also have finite variance, then (27) holds. This is a more precise

. S .
statement since it gives us an upper bound for P (’—:’ - pl 2 5) in terms

of n. We now illustrate the use of (27) by applying it to binomially distri-
buted random variables.

Let X,, X,,..., X, be n independent Bernoulli random variables as-
suming the value 1 with common probability p. Then p = p and ¢ =
p(1 — p). Thus (27) shows that

S p(1 — p)
Se _ 26) a2 = P)
n pl né?

(29) P (
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Since p(1 — p) < 1/4if0 < p < 1 (because by the usual calculus methods
it can easily be shown that p(1 — p) has its maximum value at p = 1/2),
it follows that regardless of what p may be,

S 1
2 — >0 < ——.
n pl ) 4no?

Equation (29) is useful when we know the value of p, while (30) gives us a

(30) P (

S
bound on P (i—n—" -p

1/2, (29) and (30) do not differ by much, but if p is far from 1/2 the estimate
given by (29) may be much better. (Actually even the bounds given by
(29) are quite poor. We shall discuss another method in Chapter 7 that
yields much better estimates.)

Suppose 6 and ¢ > 0 are given. We may use (29) or (30) to find a lower
bound on the number of trials needed to assure us that

P
Indeed, from (29) we see that this will be the case if p(1 — p)/nd? < e.
Solving for n we find that n > p(1 — p)/ed%. If we use (30), then
n > (4e6*)~! trials will do. We state again that these bounds on n given
by Chebyshev’s inequality are poor and that in fact a much srnaller
number of trials may be sufficient.

As an illustration of the difference between these two estimates for n,
choose 8 = .1and e = .01. Then é%¢ = 10~ * and from (30) we see that to
guarantee that

d

we would need n = 10*/4 = 2500 observations. Suppose, however, we
knew that p = .1. Then since p(1 — p) = .09 we see from (29) that
n > .09 x 10* = 900 observations will suffice. For p = 1/2, (29) gives
the same estimate as (30), namely 2500.

To illustrate that the Chebyshev bounds are really poor in the case of
the binomial distribution, suppose n = 100 and p = 1/2. From (29) we
then obtain

P

This should be compared with the exact value for this probability which
is .038.

> 5) that is valid for any value of p. If p is near

i'—plzé)s.e.
n

i'—p’Z.l)s.Ol

n

e .5’ > .1) £ 29,

n
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Exercises

Let NV be a positive integer and let f be the function defined by

2x
f&x)={NN +1)°
0, elsewhere.
Show that f'is a discrete density and find its mean. Hint:

N N
L _NN+D § 2 - NIV + DN + 1)

xf:l 2 x=1 6

Let X have a binomial density with parameters » = 4 and p. Find
E sin (nX/2).

3 Let X be Poisson with parameter . Compute the mean of (1 + X)~1.
4 If X has mean 1 and Y has mean 3, what is the mean of 2X + 5Y?
5 Suppose X and Y are two random variables such that

10

1
12

13

PlX - Y <M)=1
for some constant M. Show that if Y has finite expectation, then X has
finite expectation and |[EX — EY| < M.

Let X be a geometrically distributed random variable and let M > 0
be an integer. Set Z = min (X, M). Compute the mean of Z.
Hint: Use Theorem 5.

Let X be a geometrically distributed random variable and let M > 0
be an integer. Set Y = max (X, M). Compute the mean of Y.
Hint: Compute P(Y < y) and then use Theorem 5.

Let X be uniformly distributed on {0, 1,..., N}. Find the mean and
variance of X by using the hint to Exercise 1.

Construct an example of a density that has a finite moment of order
r but has no higher finite moment. Hint: Consider the series
3® , x~¢*2 and make this into a density.

Suppose X and Y are two independent random variables such that
EX* = 2, EY? = 1, EX? = 1, and EY = 0. Compute Var (X?Y).

Show that Var (aX) = a® Var X.

Let X be binomially distributed with parameters » and p. Use the
probability generating function of X to compute its mean and variance.

Let X be a nonnegative integer-valued random variable.
(a) Show that

Ox(t) = Et*, —-1<t<1,
®%(t) = EXt* 1, -l<t<,

and
®5(t) = EX(X — 1)t*¥~2, -l1<t<.
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(b) Use Theorem 4 to rederive the result that if X and Y are indepen-
dent nonnegative integer-valued random variables, then

Dy, y(2) = Ox(2)Dy(2), -1<t<1.

Let X and Y be two independent random variables having finite
second moments. Compute the mean and variance of 2X + 3Y in
terms of those of X and Y.

Let X,,..., X, be independent random variables having a common
density with mean u and variance 6. Set X = (X; + - + X,)/n.
(@) By writing X, — X = (X, — p) — (X — p), show that

T - X7 = F (K- w2 - 0¥ - w2

k=1

(b) Conclude from (a) that
E (i (X, — X)z) = (n — 1)o?.

Suppose 7 balls are distributed at random into r boxes. Let X; =1 if

box i is empty and let X; = O otherwise.

(a) Compute EX;.

(b) For i # j, compute E(X;X)).

(c) Let S, denote the number of empty boxes. Write S, = X, + - --
+ X,, and use the result of (a) to compute ES,.

(d) Use the result of (a) and (b) to compute Var S,.

Suppose we have two decks of n cards, each numbered 1,...,n. The
two decks are shuffled and the cards are matched against each other.
We say a match occurs at position i if the ith card from each deck has
the same number. Let S, denote the number of matches.

(a) Compute ES,.

(b) Compute Var S,,.

Hint: Let X; = 1 if there is a match at position i and let X; = 0
otherwise. Then S, = X; + -+ + X,. From the results in Chapter
2 we know that P(X; = 1) = 1/n and that if i # j,

_1
nn—1)

Consider the random variable S; introduced in Example 8. Compute
Var §,.

Establish the following properties of covariance:
(@) Cov (X, Y) = Cov (Y, X);

(b) Cov (izl aX, ¥ ij,.) = T ¥ ab; Covx, ).

= j= = =
Let X,, X,, and X; be independent random variables having finite
positive variances 62, 62, and 62 respectively. Find the correlation

between X; — X, and X, + Xj.

PX,=1,X;=1) =
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Suppose X and Y are two random variables such that p(X, Y) = 1/2,
Var X = 1, and Var Y = 2. Compute Var (X — 2Y).

A box has 3 red balls and 2 black balls. A random sample of size 2 is
drawn without replacement. Let U be the number of red balls selected
and let ¥ be the number of black balls selected. Compute p(U, V).

Suppose a box has 3 balls labeled 1, 2, and 3. Two balls are selected
without replacement from the box. Let X be the number on the first
ball and let Y be the number on the second ball. Compute Cov (X, Y)
and p(X, Y).

Suppose an experiment having r possible outcomes 1, 2,..., r that
occur with probabilities p,, ..., p, is repeated n times. Let X be the
number of times the first outcome occurs, and let Y be the number of
times the second outcome occurs. Show that

p(X’ Y) 4 P1P;
(1 — p)(1 — py)

by carrying out the following steps. Let I, = 1 if the ith trial yields
outcome 1, and let I; = 0 otherwise. Similarly, let J; = 1 if the ith
trial yields outcome 2, and let J; = O elsewhere. Then X = I, + -
+ I,and Y = J; + -+ + J,. Now show the following:
(a) EUdJ) = 0.
(b) Ifi # j, E(IiJj) = P1Da.
(c) E(XY)=E (21 I,Ji) + E(Z1 ; IiJ,)

i= i= j

= n(n — 1)p; p,.
(d) Cov (X, Y) = —np,p,.
(C) p(Xs Y) = = P1P2

a = p)d - py)
Suppose a population of r objects consists of r, objects of type 1, r,
objects of type 2, and r; objects of type 3, where r; + r, + r3 = r.
A random sample of size n < r is selected without replacement from
this population. Let X denote the number of objects of type 1 in the
sample and let Y denote the number of objects of type 2. Compute
p(X, Y) by doing the following. Let I; = 1 or 0 according as the ith
element in the sample is of type 1 or not and let J; = 1 or 0 according
as the ith element in the sample is of type 2 or not.
(a) Show that EI; = r,/r and EJ; = r,/r.
(b) Show that for i # j,
ryry

Hr— 1)

ERJ; =

c)SetX=I1,+---+I,and Y=J, + --- + J, and use (a) and (b)
to compute E(XY), Var X, and Var Y.
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(d) Use (¢) to compute p(X, Y). Compare with the corresponding
correlation coefficient in Exercise 24 withp, = r,/r and p, = r,/r.

26 Let X be a random variable having density f given by

(118,  x=1,3,
/) = {16/18, x =2

Show that there is a value of § such that P(|JX — pu| > 8) = Var X/é2,
so that in general the bound given by Chebyshev’s inequality cannot be

improved.

27 A bolt manufacturer knows that 5% of his production is defective.
He gives a guarantee on his shipment of 10,000 parts by promising to
refund the money if more than a bolts are defective. How small can
the manufacturer choose a and still be assured that he need not give a
refund more than 19, of the time?

28 Let X have a Poisson density with parameter 4. Use Chebyshev’s
inequality to verify the following inequalities:
(a)P(Xsé)sﬂ; (b)P(XzZ/l)sl.

2 A A

29 Let X be a nonnegative integer-valued random variable whose prob-
ability generating function ®,(f) = Et* is finite for all ¢ and let x,
be a positive number. By arguing as in the proof of Chebyshev’s
inequality, verify the following inequalities:

@ PX <x) < 2D 0<crcy;

txe

(b) P(X > xo)sqitxfoi), > 1.
30 Let X have a Poisson density with parameter A. Verify the following
inequalities:
A 2 e

@P(x<)) s () ®) X 22 s (4)

Hint: Use calculus to minimize the right sides of the inequalities in
Exercise 29. These inequalities are much sharper, especially for large
values of 4, than are those given in Exercise 28.

Exercises 31-36 develop and apply the notions of conditional
density and conditional expectation.
Let X and Y be discrete random variables. The conditional density

Snx(y | x) of Y given X = x is defined by

. _[P(Y = y| X = x), if P(X =x) >0,
Ty | x) = 0, elsewhere.
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31

32

33

35

36

Expectation of Discrete Random Variables

For any x such that P(X = x) > 0 it follows that fyx(y|x) is a
density in y. Example 14(d) of Chapter 3 can be interpreted as saying
that if X and Y are independent and geometrically distributed with
parameter p, then, for z > 0, the conditional density of Y given
X + Y = zis the uniform density on {0, 1,..., z}.

Let Y have finite expectation. The conditional expectation of Y given
X = x is defined as the mean of the conditional density of Y given
X = x,1e., as

E[Y|X = x] = ¥ yfyix(¥ | %).

y

Verify the following properties of the conditional density and con-
ditional expectation:

) fr(y) = ;fx(x)fnx(y |x);  (b) EY = ¥ fx(xE[Y | X = x].

Let X and Y be independent random variables each having a geometric
density with parameter p. Find E[Y| X + Y = z] where z is a non-
negative integer. Hint: Use Example 14(d) and Exercise 8.

Let X and Y be two independent Poisson distributed random variables
having parameters 4, and 1, respectively. Compute E[Y | X + Y = z]
where z is a nonnegative integer. Hint: Use the result of Exercise 35
of Chapter 3.

Let N be a nonnegative integer-valued random variable. Let {Y,},
n > 0, be random variables each of which has finite expectation and is
independent of N. Show that

E[Yy|N = n] = EY,.

Let {X,}, n > 1, be independent random variables having a common
finite mean p and variance ¢2. Set S, = 0and S, = X, + - + X,,
n > 1. Let N be a nonnegative integer-valued random variable having
finite mean and variance, and suppose that N is independent of all
random variables defined in terms of {X,}, n > 1. Then Sy has finite
mean and variance. Show that

ESy = uEN, ES? = ¢’EN + u’EN?,
Var Sy = ¢2EN + p? Var N.

Hint: Use Exercises 31(b) and 34.

Obtain the results of Exercise 35 by differentiating the probability
generating function of Sy, found in Example 19 of Chapter 3, and
setting ¢t = 1.

and



Continuous Random
5 Variables

In Chapter 3 we considered discrete random variables and their densities, e.g.,
binomial, hypergeometric, and Poisson. In applications, these random variables
typically denote the number of objects of a certain type, such as the number of red
balls drawn in a random sample of size n with or without replacement or the
number of calls into a telephone exchange in one minute.

There are many situations, both theoretical and applied, in which the natural
random variables to consider are ‘“‘continuous’ rather than discrete. Tentatively
we can define a continuous random variable X on a probability space Q as a
function X(w), w € Q, such that

Po| X(w) = x}) =0, -0 < X < 0,

that is, such that X takes on any specific value x with probability zero.

It is easy to think of examples of continuous random variables. As a first
illustration, consider a probabilistic model for the decay times of a finite number
of radioactive particles. Let T be the random variable denoting the time until the
first particle decays. Then T would be a continuous random variable, for the
probability is zero that the first decay occurs exactly at any specific time (e.g.,
T = 2.0000.... seconds). As a second illustration, consider the experiment of
choosing a point at random from a subset S of Euclidean n-space having finite
nonzero n-dimensional volume (recall the discussion of this in Chapter 1). Let X
be the random variable denoting the first coordinate of the point chosen. It is clear
that X will take on any specific value with probability zero. Suppose, for example,
that » = 2 and S is a disk in the plane centered at the origin and having unit
radius. Then the set of points in S having first coordinate zero is a line segment in
the plane. Any such line segment has area zero and hence probability zero.

Generally speaking, random variables denoting measurements of such physical
quantities as spatial coordinates, weight, time, temperature, and voltage are most
conveniently described as continuous random variables. Random variables which
count objects or events are clear examples of discrete random variables.

There are cases, however, in which either discrete or continuous formulations
could be appropriate. Thus, although we would normally consider measurement of

109
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length as a continuous random variable, we could consider the measurement as
being rounded off to a certain number of decimal places and therefore as being a
discrete random variable.

5.1. Random variables and their distribution functions

In applications, a random variable denotes a numerical quantity defined
in terms of the outcome of a random experiment. Mathematically,
however, a random variable X is a real-valued function defined on a
probability space. Naturally, we want P(X < x) to be well defined for
every real number x. In other words, if (Q, &, P) is the probability space
on which X is defined, we want

{0 | X(w) < x}
to be an event (i.e., a member of /). This leads to the following definitions.

Definition1 A random variable X on a probability space
(Q, o, P) is a real-valued function X(w), w € Q, such that for
—0 < x < 00, {w| X(w) < x} is an event.

Definition 2 The distribution function F of a random variable X
is the function

F(x) = P(X < x), -0 < x < 0.

The distribution function is useful in computing various probabilities
associated with the random variable X. An example of this is the formula

(1) Pla < X < b) = F(b) — F(a), a <b.

In order to verify (1), set A = {w | X(®) < a} and B = {w | X(w) < b}.
Then A = B and, by the definition of a random variable, both 4 and B
are events. Hence {w|a < X < b} = B A°is an event and (1) is a
special case of the fact proven in Section 1.3 that if 4 = B, then

P(B n A°) = P(B) — P(A).

Example 1. Consider the experiment of choosing a point at random
from the disk of radius R in the plane centered at the origin. To make the
experiment more interesting, we can think of it as the result of throwing a
dart at a disk-shaped target. Associated with this experiment is the
uniform probability space described in Section 1.2. Let X be the random
variable denoting the distance of the point chosen from the origin. The
distribution function of X is easily computed. If 0 < x < R, the event
{w | X(w) < x} is the disk in the plane, of radius x centered at the origin.
Its area is nx2. Thus by the definition of a uniform probability space,
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nx?  x?
PX <x)=— =—, 0<x<R.
( ) nR? R?
If x <0, then P(X < x) =0. If x > R, then P(X < x) = 1. Thus the
distribution function F of the random variable X is given by

0, x <0,
) F(x) = {x*}/R?>, O0<x<R,
1, x > R.

The graph of F is given in Figure 1. It follows from Formulas (1) and (2)
thatif 0 < a < b < R, then

b? — a?

P(a < X < b) = F(b) — F(a) = :

R2

e

Figure 1

Example 2. Consider a probability model for the decay times of a
finite number of radioactive particles. Let X denote the time to decay for
a specific particle. Find the distribution function of X.

As we saw in Section 1.1, for a suitable positive value for A,

Pa<X<b=e*—e® 0<a<b< w.

Since X takes on only positive values, P(X < x) = 0 for x < 0 and, in
particular, P(X < 0) = 0. For0 < x < oo,

PX<x)=PX<0)+PO0O< X<x
=P0< X <Xx)
=1—-e*,

Thus X has the distribution function F given by

0, x <0,
©) L b

e
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Of course, discrete random variables also have distribution functions,
two of which were computed in Examples 10 and 11 of Chapter 3.

Example 3. Let X have a binomial distribution with parameters
n=2 and p=1/2. Then f(0) = 1/4, f(1) = 1/2, and f(2) = 1/4.
Consequently
0, x <0,

1/4, 0<x<l1,
3/4, 1 <x<2,
1, 2 < x.

F(x) =

The graph of this distribution function is given in Figure 2.

1+ &
% | .
1A =
Y
0 1 2
Figure 2
5.1.1. Properties of distribution functions. Not all functions can

arise as distribution functions, for the latter must satisfy certain conditions.
Let X be a random variable and let F be its distribution function. Then

(1) 0 < F(x) < 1 for all x.
(ii) F is a nondecreasing function of x.

Property (i) follows immediately from the defining property F(x) =
P(X < x). To see that (ii) holds we need only note that if x < y, then

F() —F(x)=Px< X<y =0

A function f is said to have a right-hand (left-hand) limit L at x if l
f(x + h) > L as h - 0 when A is restricted to positive (negative) values.
The right-hand and left-hand limits, when they exist, are denoted respec-
tively by f(x+) and f(x—). It is not hard to show that if fis bounded and
either nondecreasing or nonincreasing, then f(x+) and f(x—) exist for
all x. Under the same conditions, f has limits f(— o) as x - — o0 and
f(+ ) as x - +o0.

From properties (i) and (ii) and the discussion in the preceding para-
graph, it follows that the distribution function F has limits F(x+) and
F(x—) for all x as well as the limits F(—c0) and F(+ o).
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(i) F(—o0) = 0 and F(+ ©0) = 1.

(iv) F(x+) = F(x) for all x.

In order to evaluate F(— o) and F(+ o0) we need only find the limits of
F(n)as n > —oo0 and n - +00. (This is because F is nondecreasing.)
Set

B, = {0 | X(w) < n}.
Then v O B__2 c B—l o Bo c Bl o B2 s AlSO
- 00 + o0
NB.=g ad |)B,=0Q
n=0 n=0
It now follows from the results of Theorem 1 of Chapter 1 that

lim PB)=P(Z) =0 and lim P(B,) = PQ) = 1.

n——o0 n— + oo
Since F(n) = P(X < n) = P(B,), we have that
F(—©) = lim F(n) = lim P(B,) =0

n—=> -0 n=>-—o0

and similarly that F(+ o) = 1.
Property (iv) states that F is a right-continuous function and

4) F(x+) = P(X < x), —0 < x < 0.
A closely related result is
&) F(x—) = P(X < x), —o0 < x < 00.

The proofs of (4) and (5) are similar to the proof of (iii). To prove (4),
for example, we need only show that F(x + 1/n) » P(X < x) as
n — +oo. This can be done by setting

B, = le(w)sx+1},
n

noting that (), B, = {® | X(w) < x} and repeating the argument of (iii).
From (4) and (5) we see immediately that

(6) F(x+) — F(x-) = P(X = x), —0 < X < 0.

This formula states that if P(X = x) > 0, then F has a jump at x of
magnitude P(X = x). If P(X = x) = 0, then F is continuous at x. We
recall from the introduction to this chapter the concept of a continuous
random variable.

Definition 3 A random variable X is called a continuous random

variable if
P(X =x) =0, —0 < x < 0.



114

Continuous Random Variables

We now see that X is a continuous random variable if and only if its
distribution function F is continuous at every x, that is, F is a continuous
function. If X is a continuous random variable, then in addition to (1)
we have that

©) Pa@a<X<b=Pa<X<b=Pa<X<bh)
= F(b) — F(a),

so that < and < can be used indiscriminately in this context. The
various properties of a distribution function are illustrated in Figure 3.
(Note that the random variable having this distribution function would be

neither discrete nor continuous.)

=1
X Flte)=1

I

F (x+)—F (x—)=P (X=x)

|

F(x-)

F (—)=0

y =0

Figure 3

Consider the random variable X defined in Example 1. From Formula
(2) or Figure 1 we see that its distribution function is continuous. Thus X
is a continuous random variable. Similarly it is clear from (3) that the
random variable from Example 2 is a continuous random variable.

Most random variables arising in practical applications are either dis-
crete or continuous. There are some exceptions. Consider Example 2.
In this example X represents the time to decay of a specific particle.
If the experiment lasts only a specified time, say until time ¢, > 0, and the
particle has not decayed by this time, then its true decay time X will not be
observed. One possible way out of this difficulty is to define a new random
variable Y as follows
X(w) if X(w) < to,

Y(w) =, if X(w) >t
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Thus Y is the decay time, if this time is observed (i.e., is less than or equal
to ¢,), and otherwise Y = ¢,. The distribution function F of Y is given by

0, y <0,
F(y) = {1 — e, 0<y<it,,
1, y =t

The distribution function has a jump at y = ¢, of magnitude e~#°. Thus it
is clear that the random variable Y we have constructed is neither discrete
nor continuous.

We have defined distribution functions in terms of random variables.
They can be defined directly.

Definition 4 A distribution function is any function F satisfying
properties (1)—(iv); that is,
() 0 < F(x) < 1 for all x,
(ii) F is a nondecreasing function of x,
(iii) F(—o0) = 0 and F(+ ) = 1,
(iv) F(x+) = F(x) for all x.
In more advanced books it is shown that if F is a distribution function,

there is necessarily a probability space and a random variable X defined on
that space such that F is the distribution function of X.

5.2. Densities of continuous random variables

In practice, continuous distribution functions are usually defined in
terms of density functions.

Definition 5 A density function (with respect to integration)
is a nonnegative function f such that

f:f(x) dc = 1.

Note that if fis a density function, then the function F defined by

®) Fo = [ o dy,  —e<x<w,

is a continuous function satisfying properties (i)-(iv) of Section 5.1.1.
Thus (8) defines a continuous distribution function. We say that this
distribution function has density f. It is possible but difficult to construct
examples of continuous distribution functions that do not have densities.
Those that do have densities are called absolutely continuous distribution
functions.
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If X is a continuous random variable having F as its distribution func-
tion, where F is given by (8), then f is also called the density of X. In the
sequel we will use “density function’ to refer to either discrete density
functions or density functions with respect to integration. It should be
clear from the context which type of density function is under considera-
tion. For example, the phrase “let X be a continuous random variable
having density f”’ necessarily implies that f is a density function with
respect to integration.

It follows from (1) and (8) that if X is a continuous random variable
having density f, then

b
9) Pla< X <b)= ff(x) dx, a<b,
or somewhat more generally, that

(10) P(X e A) = f f(x) dx
A

if A is a finite or countably infinite union of disjoint intervals. Thus
P(X € A) can be represented as the area under the curve f as x ranges
over the set A (see Figure 4).

Figure 4

In most applications, the easiest way to compute densities of continuous
random variables is to differentiate (8) and obtain

(11) f(x) = F'(x), —0 < X < 0.
Strictly speaking, (11) holds at all points x where f is continuous.

Example 4. Let X be the random variable from Example 1 having the
distribution function F given by (2). Then

0, x <0,
(12) F'(x) = {2x/R?, 0<x <R,
0 x > R.

-

At x = R the function F is not differentiable. If, however, we define f by
f(x) = F'(x), x # R. and f(R) = 0, then this f will be a density for F.



5.2. Densities of continuous random variables 117

We note that (8) does not define f uniquely since we can always change
the value of a function at a finite number of points without changing the
integral of the function over intervals. One typical way to define f is by
setting f(x) = F'(x) whenever F’(x) exists and f(x) = O otherwise. This
defines a density of F provided that F is everywhere continuous and that F’
exists and is continuous at all but a finite number of points.

There are other ways to derive or verify formulas for the density of a
continuous distribution function F. Given a density function f we can
show that f is a density function of F by verifying that (8) holds. Alter-
natively, we can reverse this process and show that F can be written in the
form (8) for some nonnegative function f. Then f is necessarily a density
function of F. These methods, essentially equivalent to each other, are
usually more complicated than is differentiation. However, they are
rigorous and avoid special consideration of points where F’'(x) fails to

exist.

We will illustrate these methods in our first example of the following
subsection.
5.21. Change of variable formulas. Let X be a continuous random

variable having density f. We will discuss methods for finding the density
of a random variable Y which is a function of X.

Example 5. Let X be a continuous random variable having density f.
Find the density of the random variable Y = X2

To solve this problem we first let F and G denote the respective distribu-
tion functions of X and Y. Then G(y) = Ofory < 0. Fory > 0

G(y) = P(Y < y) = P(X*> < y)
= P(—Vy < X <)
= F(Vy) — F(=V»)

and by differentiation we see that

G'(y) = = (F'(y) + F(=V)
\/y

Ly + £~V
N y

Thus Y = X2 has density g given by

L W) S~ for y >0
(13) 9(y) = {2/, TV y ¥
0 for y <0.
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Although (13) is valid in general, our derivation depended on differentia-
tion, which may not be valid at all points. To give an elementary but
completely rigorous proof of (13), we can define g by the right side of (13)
and write for x > 0

f' o(») dy = f (f(\/})+f( V) dv.

By making the change of variable z = \/; (so that dz = dy/2\/)—)), we
obtain

x Vx
[ oy = ["v@ + f-2p e

Vx

f (2) dz

- wx) — F(—v/x) = G(»),

so that g is indeed a density of G.

Hereafter we will freely use differentiation to establish formulas such
as (13), knowing that we could if necessary provide alternative derivations
via integration.

Let us now use (13) to find the density of X2, where X is the random
variable defined in Example 1. The density of X was found in Example 4
to be f(x) = 2x/R?> for 0 < x < R and f(x) = 0 elsewhere. Thus by
(13), X2 has density g given by

g(y) = —=—F = — 0<y<R?

and g(y) = O elsewhere. This density is a uniform density on (0, R?)
according to the following.

Definition 6 Let a and b be constants with a < b. The uniform
density on the interval (a, b) is the density f defined by

(b a)! for a<x<b,
elsewhere.

(14) f(x) =

The distribution function corresponding to (14) is given by

0, x < a,
(15) F(x) = ((x — a)/(b — a), a<x<b,
1, x > b.

It is not difficult to find other examples of uniformly distributed random
variables. If a well-balanced dial is spun around and comes to rest after a
large number of revolutions, it is reasonable to assume that the angle of
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the dial after it stops moving (suitably defined in radians) is uniformly
distributed on (—=, m) or, equivalently, on (0, 2z). In applications of
probability theory to numerical analysis, it is often assumed that the
rounding error caused by dropping all digits more than »n places beyond
the decimal point is uniformly distributed on (0, 10~").

Example 6. Let X be uniformly distributed on (0, 1). Find the density
of Y=—1"1log(1 — X)for A > 0.

Let G denote the distribution function of Y. We observe first that Y is a
positive random variable and consequently G(y) = 0 for y < 0. For
y > 0 we have

G(y) =P(Y<y)=P(-i""'log(1 — X) <)
= Plog(1 — X) > —4y)
=Pl —-X2=e)
=PX<1-e?

=1—-e%,

Hence G'(y) = Ae"# for y > 0and G'(y) = Ofor y < 0. The density of

Y is therefore given by .

le™ %, y > 0,
(16) g(y) = 0, ) <0,

This density is called the exponential density with parameter A and will be
discussed further in the next section.

The above example is a special case of problems that can be solved by
means of the following theorem.

Theorem 1 Let ¢ be adifferentiable strictly increasing or strictly
decreasing function on an interval I, and let ¢(I) denote the range of ¢
and @~ the inverse function to ¢. Let X be a continuous random
variable having density f such that f(x) = Oforx ¢ I. Then Y = ¢(X)
has density g given by g(y) = 0 for y ¢ ¢o(I) and

,  yeol).

. d _
(17 g(y) = fle™'(») I;}-} o~ '(¥)
It is somewhat more suggestive to write (17) in the equivalent form

(18)  g(y) = f(x) , yeo) and x=9 Xy

dx
dy

(or alternatively g( y)|dy| = f(x)|dx|).
In order to derive (17), let F and G denote the respective distribution
functions of X and Y. Suppose first that ¢ is strictly increasing (i.e.,
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o(xy) < o(x;) if x; < x,, x,€I and x, €I). Then ¢~! is strictly

increasing on ¢(/) and for y € ¢(7),
G(»y) = P(Y <)
= P(p(X) <)
= PX < ¢7'(»)
= F(e™'(»)).

Thus by the chain rule for differentiation,
d R
G'(y) = — Fle™'(»)
dy

= F'(p~'(») d—dy o~ ()

= f(o™'(») di 0~ 1().
y

Now
d

—1 -1
dy y) = ’ (y)‘

because ¢ ! is strictly increasing so that (17) holds. Suppose next that ¢
is strictly decreasing on I. Then ¢! is strictly decreasing on ¢(I), and
for y € o(I)

G(y) = (Y <)

= P(p(X) <)
= PX = ¢~ '(»))
= 1 - Flo™ ')
Thus
G'(y) = ~F(o~'(») diy 0™ '(%)
= fle™'(») ( iqo l(y))
dy
Now

dy =il ] (y)‘

because ¢! is strictly decreasing. Therefore in either case we see that G
has the density g given by (17). |

Example 7. Let X be a random variable having an exponential density
with parameter A. Find the density of ¥ = X!/, where B # 0.
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According to the definition given in the previous example, X has the
density f given by f(x) = Ae™** for x > 0 and f(x) = 0 for x < 0. The
above theorem is applicable with ¢(x) = x!/’, x > 0. The equation
y = x1¢ has solution x = y# which yields dx/dy = By*~1. Thus by (18),
Y has density g given by

_ [IBIAyET e My >0,

Example 8. Let X be a continuous random variable having density f
and let a and b be constants such that b # 0. Then by Theorem 1, the
random variable Y = a + bX has density given by

M Ak _
(19) g(y) = Iblf 3 ) © <y < .
As an illustration of this formula, let X be the random variable defined in
Example 1. In Example 4 we found its density function f to be given by
f(x) = 2x/R? for 0 < x < R and f(x) = O elsewhere. Consider the
random variable Y = X/R and let g denote its density. Then by Formula
(19) witha = 0 and b = 1/R,

9g») =RfRy) =2, O<y<l],
and g(y) = 0 elsewhere.

The reader may prefer to derive formulas such as those of Examples 7
and 8 by using the direct method of Example 6 instead of Theorem: 1.
As we have seen in the above examples, we can construct density func-
tions by considering functions of random variables. There is another
simple way of constructing density functions. Let g be any nonnegative
function such that
[>¢]
0< f g(x)dx < oo.
-
Then g can always be normalized to yield a density function f = ¢™ g,
where c is the constant

c = f:o g(x) dx.

The following examples illustrate this method.

Example 9. Let g(x) = x(1 — x), 0 < x <1, and g(x) = 0 else-

where. Then
1 2 3
c=f x(1 — x)dx = (i—x—)
0 2 3

1

_1
o 6
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and f = ¢"!g is given by f(x) = 6x(1 — x), 0 < x < 1, and f(x) = 0
elsewhere. The corresponding distribution function is given by F(x) = 0
forx <0, F(x) = 3x* — 2x3for0 < x < 1, and F(x) = 1 for x > 1.

Example 10. Let g(x) = 1/(1 + x?), —0 < x < o0. From calculus
we know that the indefinite integral of 1/(1 + x2) is arctan x. Thus

(7
=-—={—) =7
) 2 2r

® dx
c = 2=arctanx
-0l + x

Consequently f = ¢~ !g is given by

1

fx) = m

’ —00 < X < 00.

This density is known as the Cauchy density. The corresponding distribu-
tion function is given by

F(x)=%+1arctanx, —0 < x < 0.
T

For an illustration of a Cauchy distributed random variable we have the
following:

Example 11. Let X denote the tangent of an angle (measured in radians)
chosen at random from (—=/2, n/2). Find the distribution of X.

In solving this problem we will let ® be the random variable denoting
the angle chosen measured in radians. Now X = tan ©® and hence (see
Figure 5) for —o0 < x < oo,

P(X < x) = P(tan ® < Xx)

=P(—1—2t<®sarctanx)

o (-3)

= 1 + 1arctan X4
T

Thus X has the Cauchy distribution.

arc tan x

/

Figure 5

1
N|a
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5.2.2. Symmetric densities. We will close this section by discussing
symmetric densities and symmetric random variables. A density function
f is called symmetric if f(—x) = f(x) for all x. The Cauchy density and
the uniform density on (—a, a) are both symmetric. A random variable X
is said to be symmetric if X and — X have the same distribution function.
The next result shows that these two concepts of symmetry are very closely
related.

Theorem 2 Let X be a random variable that has a density.
Then f has a symmetric density if and only if X is a symmetric random
variable.

Proof. We will prove this result for continuous random variables.
The proof for discrete random variables is similar. In our proof we will
use the fact that for any integrable function f

[ seva=[ rnan -w<x<w

Suppose first that X has a symmetric density . Then
P(-X <x)=PX > —Xx)

=fiﬂw@

J-

X

= f(=y) dy

v

(*x

2k oof()’)dy

= P(X < x),

so that X and — X have the same distribution function.

Suppose conversely that X and — X have a common density g. Define f
by f(x) = (g(x) + g(—x))/2. Then f is clearly a symmetric density
function. Also

X

J:Of(J’) dy = 1/2 fx g(y)dy + 1/2f g(—y) dy

< ¢] bl ¢]

[ o]

= 1/2 Jx g(y) dy + 1/2J xg(Y) dy

- o

= 12[P(X < x)] + 1)2[P(-X = —x)]
= P(X < x).
Thus X has the symmetric density f, as desired. |
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If a continuous distribution function F has a symmetric density f, then
F(0) = 1/2. The values of F for negative x’s can be calculated from the
values of F for positive x’s. For

F-x) = [~ sy

- f:of(—y) dy

= f " (») dy

- [T roa- [ e
and hence
(20) F(—x) =1 — F(x), -0 < x < 0.

For this reason, when tables of such a distribution function are con-
structed, usually only nonnegative values of x are presented.

5.3. Normal, exponential, and gamma densities

In this section we will discuss three of the most important families of
density functions in probability theory and statistics.

5.3.1. Normal densities. Let g(x) = e *?, —0 <x< . In
order to normalize g to make it a density we need to evaluate the constant

a0
c = f e~ *2 dx.

-

There is no simple formula for the indefinite integral of e ~**/2. The easiest
way to evaluate c is by a very special trick in which we write ¢ as a two-
dimensional integral and introduce polar coordinates. To be specific

@ 2 @ 2
c2=f e""zdxf e 712 dy

(¢ o] bl « o]
(¢ 0] [¢ 0}
= f f e~ (202 a4y dy
il o] -
[+ o] k9

_ f ( j e-"/zrdo) dr
0 -

o 2
= 2% f re~"% dr
0

)
-r2/2
0

= —27ne

=25
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Thus ¢ = v/ 27 and the normalized form of g is given by

f(x) = Q)" Y2 2,  _w < x < .
We also record the formula
(21) f e~*2 dx = \/2n.

The density just derived is called the standard normal density and is
usually denoted by ¢, so that

-x2/2

(22) o(x) = L_e , —0 < X < 0.
\/27r

The standard normal density is clearly symmetric. The distribution
function of ¢ is denoted by ®. There is no simple formula for ® so it must
be evaluated numerically. Computer routines and tables such as Table I
at the back of this book are available for computing ®. Since ¢ is sym-
metric, (20) is applicable and

(23) OP(—x) =1 — O(x), -0 < X < 0.

Let X be a random variable having the standard normal density ¢ and
let Y = u + oX, where 0 > 0. Then by Formula (19), Y has the density
g given by

9(y) = L “ommR2el <y < 0.
N
This density is called the normal density with mean y and variance o2 and
is denoted by n(u, 62) or n(y; u, 6?), —00 < y < . Thus

12 e~ w200 — 5¢,(___y : "‘), — o <y< .
ag s

(24) n(y; p, o®) =

Since we have not yet defined moments of continuous random variables,
we should temporarily think of y and 62 as the two parameters of the
family of normal densities. The corresponding distribution function can be
calculated in terms of ®, for

P(Y <y)=Pu+ 06X <Yy

P(Xsy'”)
g

===t

It follows that if Y is distributed as n(u, ) and @ < b, then

(25) P(asYsb)=q>(b“")-q>(“‘”).

g g



126

Continuous Random Variables

For example, let Y be distributed as n(1,4) and leta = O and b = 3. We
find from Table I that

PO <Y <3) =a() —D(—1/2) = &) — (1 — &1/2))
= .8413 — .3085
— .5328.

If a random variable Y is distributed as n(u, 62), then the random variable
a + bY, b # 0, is distributed as n(a + by, b*>0?). This is a direct applica-
tion of (19). Alternatively, we can write Y = u + oX, where X has the
standard normal distribution. Then

a+ bY=a+ bu + cX) = (a + bu) + boX,

which is distributed as n(a + by, b%s?).

Normally distributed random variables occur very often in practical
applications. Maxwell’s Law in physics asserts that under appropriate
conditions the components of the velocity of a molecule of gas will be
randomly distributed according to a normal density n(0, 62), where o?
depends on certain physical quantities. In most applications, however, the
random variables of interest will have a distribution function that is only
approximately normal. For example, measurement errors in physical
experiments, variability of outputs from industrial production lines, and
biological variability (e.g., those of height and weight) have been found
empirically to have approximately normal distributions. It has also been
found, both empirically and theoretically, that random fluctuations which
result from a combination of many unrelated causes, each individually
insignificant, tend to be approximately normally distributed. Theoretical
results in this direction are known as ‘“‘central limit theorems’ and have
developed into one of the major research topics in probability theory.
One such central limit theorem will be discussed in Chapter 7 and proved
in Chapter 8. The importance of normal distributions arises also from
their nice theoretical properties. An example is the property that the sum
of independent normally distributed random variables is itself normally
distributed. This will be proved in Chapter 6. In Volume II we will see
that normal distributions also play a fundamental role in theoretical and
applied statistics.

5.3.2. Exponential densities. The exponential density with parameter
A was defined in Section 5.2. It is given by

26) ) = {5
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The corresponding distribution function is

1—-—¢e* x>0,

(27) F(x) = 0, x <O0.

From the discussion in Chapter 1 and in Example 2 of this chapter we see
that exponentially distributed random variables are useful in studying
decay times of radioactive particles. They are also useful in developing
models involving many other waiting times, such as the time until a piece
of equipment fails, the time it takes to complete a job, or the time it
takes to get a new customer. Exponentially distributed random variables
are also of theoretical importance, as can be seen by studying Poisson
processes (see Chapter 9) or continuous time Markov chains (see Volume
III).

An important property of exponentially distributed random variables is
that if X is such a variable, then

(28) PX>a+b)=PX>a)P(X>b), a>0 and b > 0.

(This formula is similar to the one obtained in Chapter 3 for geometrically
distributed random variables.) In order to see that (28) holds, let 4 denote
the parameter of the exponential distribution of X. Then by (27)

P(X > a)P(X > b) = e 2%~

= e—l(a+b)

= P(X > a + b).
A more suggestive but equivalent form of (28) is
29) PX>a+ b|X >a)=PX > D), a>0 and b > 0.

Think of X as the time it takes a piece of equipment to fail after it is
installed. Then (29) states that, conditioned on there having been no
failure by time aq, the probability of no failure in the next b units of time is
equal to the unconditioned probability of no failure during the first b
units of time. This implies that the aging of the piece of equipment neither
increases nor decreases its probability of failing in a given length of time.

That (28) or (29) characterizes the family of exponential distributions is
shown by the following result.

Theorem 3 Let X be a random variable such that (28) holds.
Then either P(X > 0) = 0 or X is exponentially distributed.

Proof. If P(X > 0) = 0, then (28) holds trivially. Suppose (28)
holds and P(X > 0) # 0. Then by (28) with a = b = 0 we see that
P(X >0) =1, so that X is a positive random variable. ILet F
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denote the distribution function of X and define G by G(x) = 1 — F(x) =
P(X > x). Then G is a right-continuous, nonincreasing function,
G(00) = 1, G(+ o) = 0, and by (28)

G(a + b) = G(a)G(b), a>0 and b > 0.
It follows that if ¢ > 0 and m and n are positive integers, then
(30) G(nc) = (G(0))" and  G(c) = (G(c/m)™

We claim next that 0 < G(1) < 1. For if G(1) = 1, then G(n) =
(G(1))* = 1, which contradicts G(+ o0) = 0. If G(1) = 0, then G(1/m) =0
and by right-continuity, G(0) = 0, another contradiction.

Since 0 < G(1) < 1, we can write G(1) = e™* where 0 < 4 < 0. It
follows from (30) that if m is a positive integer, then G(1/m) = e~ *™. A
second application of (30) yields that if m and » are positive integers, then
G(n/m) = e~*/™ In other words G(y) = e~ % holds for all positive
rational numbers y. By right-continuity it follows that G(y) = e~ * for:

all y > 0. This implies that F = 1 — G is the exponential distribution
function with parameter 4. |

5.3.3. Gamma densities. Before defining gamma densities in general
we will first consider an example in which they arise naturally.

Example 12. Let X be a random variable having the normal density
n(0, 62). Find the density of the random variable Y = X2,

In solving this problem we note first that the density of X is

f(x) = L T -0 < X < 0.
a\/ 2n
By Formula (13), Y has density g given by g(y) = 0 for y < 0 and
1
g(y) = —=
2Vy
This implies that

@31) 9(y) = —— e 50,
a\/27ty

In order to define gamma densities in general, we first consider functions
g of the form

(W) +f(=Vy), y>o.

(x) = xEmhgmix x> 0,
gix} = 0, x < 0.

Here we require « > 0 and 4 > 0 in order that g be integrable. The
density in (31) corresponds to the special case « = 1/2 and 1 = 1/262. In
normalizing g to make it a density we must evaluate
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[« o]
c = f e G
0

Make the change of variable y = Ax. Then
c = la f y*~le77 dy.
A% Jo

There is no simple formula for the last integral. Instead it is used to define
a function called the gamma function and denoted by I'. Thus

1
= — I'(a),
e = . TE
where
(32) INa) = f x*"le™* dx, a > 0.
0

The normalized function is called the gamma density with parameters «
and 4 and is denoted by I'(a, 4) or I'(x; a, A). We see that

{% x*"le™®> x>0,
33 Ix;a, ) =|*
(33) ( ) 0, x < 0.
We also record the following formula, which will prove to be useful:
(34) f e temax gy = 1@
0 A

The exponential densities are special cases of gamma densities. Speci-
fically, the exponential density with parameter A is the same as the gamma
density I'(1, ). The density given by (31) was also seen to be a gamma
density with parameters « = 1/2 and 1 = 1/2¢6%. In other words, if X
has the normal density n(0, ?), then X ? has the gamma density I'(1/2, 1/2063).
By equating (31) and (33) witha = 1/2and A = 1/262 we obtain the useful

fact that
(35) 12 = v

An important property of the gamma function is
(36) I'le + 1) = al'(a), a > 0.

This formula follows from (32) by a simple application of integration by
parts. To be specific

I'a +1) = f x*e™* dx
0

xX,—X

= —Xé€

= al ().
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Since I'(1) = 1 it follows easily from (36) that if n is a positive integer,
(37 I'n) = (n — 1)\

It also follows from (35), (36) and some simplifications that if n is an odd
positive integer, then

-t
2

There are no simple formulas for the distribution function corresponding
to I'(a, A) except when a = m is a positive integer. In this case we can
integrate by parts to obtain for x > 0

x 1m. m—1_—2y el m—1_-—4y|x X 1m—1_.m—2 _-—2y
J‘,ly s (Ay)" e +J’/1ye Ay
o (m—1)! (m—-1! Jo o (m—-2)!
x 1m—1.,m—2 -2y m—1_-—Ax
=J’/1 y" e dy_(lx) e
o (m-—2)! (m — 1)!
provided that m > 2. If we integrate by parts m — 1 times in this manner
and observe that

f le™¥dy =1 — e,
0

we obtain the formula

x 1m. m—1_—2y m—1 k_—Ax
(39) f Amym~le dy = 1 — (Ax)*e
o (m—1)! k=0 k!

This formula provides an interesting connection between a random
variable X having the gamma density I'(m, A) and a random variable Y
having a Poisson distribution with parameter Ax. Specifically, (39) states
that

(40) P(X < x) = P(Y > m).

This connection is relevant to the theory of Poisson processes, as we will
see in Chapter 9.
The qualitative behavior of the gamma density, illustrated in Figure 6,

" x > 0.

Figure 6. The Gamma Density

is easily obtained by methods of calculus. One important property of
gamma densities is that if X and Y are independent random variables
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having respective densities I'(x,, ) and I'(x,, ), then X + Y has the
gamma density I'(x; + a,, 4). This result will be proven in Chapter 6.
This and other properties of gamma densities make them very convenient
to work with. There are many applied situations when the density of a
random variable X is not known. It may be known that X is a positive
random variable whose density can reasonably well be approximated by a
gamma density with appropriate parameters. In such cases, solving a
problem involving X under the assumption that X has a gamma density
will provide an approximation or at least an insight into the true but
unknown situation.

5.4. Inverse distribution functions*

Important applications of the change of variable formulas of Section
5.2.1. can be obtained by letting the function ¢ be related to a distribution
function F.

Let X be a continuous random variable having distribution function F
and density function f. We will apply the change of variable formula to
the function ¢ = F. If y = F(x), then dy/dx = F'(x) = f(x) and hence
dx/dy = 1/ f(x). Thus according to (18), the random variable Y = F(X)
has density g where

g(y)=f(—x)= , O0<y<l,

f(x)

and g(y) = 0 otherwise. In other words, the random variable Y = F(X)
is uniformly distributed on (0, 1). This result is valid even if the function
@ = F does not satisfy all the assumptions of Theorem 1. By using a
direct argument, one can show that if X is a continuous random variable
having distribution function F, then F(X) is uniformly distributed on (0, 1).
(If F is discontinuous at some point x,, then P(X = x,) > 0, so that
P(F(X) = F(xp)) > 0 and F(X) could not possibly be uniformly
distributed on (0, 1).)

One can also proceed in the other direction. Let F be a continuous
distribution function that is strictly increasing on some interval / and
such that F = 0 to the left of 7 if 7 is bounded from below and F = 1 to the
right of I if I is bounded from above. Then for 0 < y < 1, by the inter-
mediate value theorem of calculus, there is a unique value of x such that
y = F(x). Thus F~1(y), 0 < y <1, is well defined. Under these
assumptions, if Y is a uniformly distributed random variable on (0, 1), then
the random variable F~'(Y) has F as its distribution function.

Two of the examples from Section 5.2.1 can be used to illustrate the
above result. In Example 6 we obtained exponentially distributed random
variables as transforms of a uniformly distributed random variable. The
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reader should check to see that these transformations can be obtained by
the method of the above paragraph. In Example 11 we showed that if ®
is uniformly distributed on (—mx/2, n/2), then tan ® has the Cauchy
distribution. Let Y be uniformly distributed on (0, 1). Then ® = nY — =n/2
is uniformly distributed on (—mx/2, n/2), so that

X=tan®=tan(nY—g)

has the Cauchy distribution. This is exactly what we would get by using
the result of the previous paragraph. According to Example 10, the
Cauchy distribution function is given by

F(x)=1+1arctanx, -0 < x < 0,

and the equation y = F(x), or

y = 1 *+ 1arctan X,
n

has solution

x = F7(y) = tan (ny - g)

For some purposes it is desirable to generate a random variable X having
a prescribed distribution function F. One way of doing this is to first
generate a uniformly distributed random variable Y and then set
X = F~Y(Y). This method is especially useful on a digital computer
since there are very satisfactory methods for generating (what act like)
uniformly distributed random variables on such computers. Suppose for
example we want a routine for generating a random variable X having the
standard normal density n(0, 1). We would use a subroutine for generating
a random variable Y uniformly distributed on (0, 1) and a subroutine for
computing the numerical function ®~!, and then compute X = ®~!(Y).
To generate a random variable X having the normal density n(y, o%) we
would set X = p + o®~1(Y).

Inverse distribution functions are useful for other purposes. To see this
let X have the normal density n(u, 6%) and recall from Section 5.3.1 that

P(Xsb)=q>(b;").

Suppose we want to choose b such that P(X < b) = .9. We need to solve
for b in the equation
’ b
@ ( = ") = 9.
o
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The solution is given by
b—n_ ®~1(.9)
c

or
b=p+ad1(9).

Froi Table I we see that ®~1(.9) = 1.28. Thusb = u + 1.28¢ and
P(X < p + 1.285) = 9.

In applied statistics the number b = pu + 1.280 is called the upper decile
for the n(u, o?) distribution.

Let F be any distribution function that satisfies the requirements for
F~1(y), 0 <y <1, to be well defined, as discussed above. Then
m = F~1(1/2) is called the median of F, F ~'(3/4) and F ~1(1/4) are called
the upper and lower quartiles of F, F~1(.9) is called the upper decile and
F~1(k/100) is called the upper k-percentile. These definitions can be
modified to apply to arbitrary and, in particular, discrete distribution
functions.

If X has a symmetric density then X clearly has median m = 0. For a
more interesting example, let X be exponentially distributed with parameter
A. Then its median m is given by 1 — e~*™ = 1/2, which has the solution
m = A~ ! log 2. Suppose X represents the time for a radioactive particle
to decay. Then if we have a very large number of such particles we would
expect that by time m one half of the particles would have decayed. In
physics this time is called the half-life of the particle. If we observe the
half-life m we can use # to compute the rate of decay 4, since A = m~!log?2.

For a final application of inverse distribution functions, let X have the
normal density n(u, %) and suppose we want to find @ > 0 such that
Plu—a< X<pu+a =.9 Then by (25) we have to solve for a in

the equation
q)(f.) —Q(—ﬁ) = 9.
o o
Since ®(—x) = 1 — O(x) for all x, we have

2@(9)—1=.9
(1)

and hence a = o®~1(.95). From Table I we see that ®~1(.95) = 1.645.
In other words,

P(u — 1.645¢ < X < p + 1.6450) = 9.
By using the same technique we obtain

P(u — 6756 < X < p + .6756) = .5
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or equivalently,

P(X — y < .6750) = .5.

This says that if X has the normal density n(u, 62), then X will differ from
i by less than .675¢ with probability one-half and by more than .675¢ with
probability one-half. If we think of u as a true physical quantity and X asa
measurement of u, then |X — pu| represents the measurement error. For
this reason .675¢ is known as the probable error.

10

Exercises

Let X be a random variable such that P(|X — 1| = 2) = 0. Express
P(|X — 1] > 2) in terms of the distribution function Fy.

Let a point be chosen randomly from the interior of a disk of radius R
in the plane. Let X denote the square of the distance of the point
chosen from the center of the disk. Find the distribution function of X.

Let a point be chosen uniformly from a solid ball in three-dimensional
space of radius R. Let X denote the distance of the point chosen from
the center of the ball. Find the distribution function of X.

Let a point be chosen uniformly over the interval [0, a]. Let X denote
the distance of the point chosen from the origin. Find the distribution
function of X.

Let a point be chosen uniformly from the interior of a triangle having
a base of length / and height /4 from the base. Let X be defined as the
distance from the point chosen to the base. Find the distribution
function of X.

Consider an equilateral triangle whose sides each have length s. Let a
point be chosen uniformly from one side of the triangle. Let X denote
the distance of the point chosen from the opposite vertex. Find the
distribution function of X.

Let the point (u, v) be chosen uniformly from the square 0 < v < 1,
0 < v < 1. Let X be the random variable that assigns to the point
(u, v) the number u + v. Find the distribution function of X.

Let F be the distribution function given by Formula (3). Find a
number m such that F(m) = 1/2.

Let ) denote the decay time of some radioactive particle and assume
that the distribution function of X is given by Formula (3). Suppose 4
is such that P(X > .01) = 1/2. Find a number ¢ such that P(X > ¢) =
9.

Let X be the random variable in Exercise 4. Find the distribution
function of Y = Min(X, a/2).
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Let X be a random variable whose distribution function Fis given by

(0, x <0,

X, 0s<x<l,
F(x)=<'i l<x<?2

1 ;

\1L, x =2

Find:

(@) P(1/2 < X < 3/2);

(b) P12 < X < 1);

(© P12 < X < 1);

d) P(1 < X < 3/2);

(e) Pl < X < 2).

If the distribution function of X was defined in one of the following
ways, describe how properties (i)-(iv) of Section 5.1.1 would have to
be modified in each case:

@) F(x) = P(X < x);

(b) F(x) = P(X > x);

(c) F(x) = P(X = x).

A point is chosen uniformly from (—10, 10). Let X be the random
variable defined so that X denotes the coordinate of the point if the
point is in [ -5, 5], X = -5 if the point is in (—10, —5), and X = 5
if the point is in (5, 10). Find the distribution function of X.
Let X be a continuous random variable having density f given by
f(x) = (1/2)e~ 1=, —00 < X < 0.

Find P(1 < |X]| < 2).
Let F be the distribution function defined by

F) = >+ o,

2 2(x| +1)

Find a density function ffor F. At what points x will F'(x) = f(x)?
Find a density function for the random variable in Exercise 3.

—00 < X < 00.

Find a density function for the random variable in Exercise 7.

Let X be a continuous random variable having density f. Find a
formula for the density of Y = |X]|.

Let X and Y = X2 be positive continuous random variables having
densities f and g respectively. Find fin terms of g and find g in terms
of f.

Let X be uniformly distributed on (0, 1). Find the density of ¥ = X!/8
where f # 0.
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Let X be a positive continuous random variable having density f.
Find a formula for the density of Y = 1/(X + 1).

Let X be a random variable, g a density function with respect to
integration, and ¢ a differentiable strictly increasing function on
(— o0, ). Suppose that

?(x)
P(XSx)=f g(2) dz, —0 < x < 0.

Show that the random variable Y = ¢(X) has density g.

Let X be a random variable that is uniformly distributed on (a, b).
Find a linear function ¢ such that ¥ = ¢(X) is uniformly distributed
on (0, 1).

Let X have an exponential density with parameter A. Find the density
of Y = cX, wherec > 0.

Let g(x) = x(1 — x)%2, 0 < x < 1, and g(x) = O elsewhere. How
should g be normalized to make it a density?

Let X have the Cauchy density. Find the density of ¥ = a + bX,
b # 0.

Let X denote the sine of an angle chosen at random from (—n/2, n/2).
Find the density and distribution function of X.

Let X be a continuous random variable having symmetric density f
and such that X2 has an exponential density with parameter 1. Find f.
Let X be a continuous random variable having distribution function F
and density function f. Then f is said to be symmetric about a if
f(@ + x) = f(@a — x), —o0 < x < 0. Find equivalent conditions
in terms of the random variable X and in terms of the distribution
function F.

The error function is defined by

erf(x) = i_f e ¥dy, —o <x< .
Jr Jo

Express ®@ in terms of the error function.

Let X have the normal density n(0, 62). Find the density of ¥ = |X]|.

Let X have the normal density n(u, 62). Find the density of ¥ = €*.
This density is called a lognormal density.

Let X be normally distributed with parameters u and o2. Find
P(X — y| < o).

Let X be normally distributed with parameters p and 62. Find numbers
a and b such that a + bX has the standard normal distribution.

Let X be normally distributed with parameters 4 = 0 and ¢? = 4.
Let Y be the integer-valued random variable defined in terms of X by
Y=mifm - 1/2 < X < m + 1/2, where m is an integer such that
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—-5<m<5Y=-6if X< —=55,and Y=61if X > 5.5. Find
fy and graph this density.

Suppose that the weight of a person selected at random from some
population is normally distributed with parameters x4 and o. Suppose
also that P(X’ < 160) = 1/2 and P(X < 140) = 1/4. Find p and o
and find P(X > 200). Of all the people in the population weighing at
least 200 pounds, what percentage will weigh over 220 pounds?

Let ¢, be the number such that ®(z,) = p, 0 < p < 1. Let X have the
normal density n(u, 6%). Show that for0 < p; < p, < 1,

P(p+ t,o < X < p+1t,0)=p, — p;

Suppose a very large number of identical radioactive particles have
decay times which are exponentially distributed with some parameter A.
If one half of the particles decay during the first second, how long will it
take for 75% of the particles to decay?

Let X be exponentially distributed with parameter A. Let Y be the
integer-valued random variable defined in terms of X by Y = m if
m< X <m + 1, where m is a nonnegative integer. How is Y
distributed ?

Let T be a positive continuous random variable denoting the failure
time of some system, let F' denote the distribution function of T, and
suppose that F(¢) < 1 for 0 < ¢ < oco. Then we can write F(t) =
1 —e”9M, ¢t > 0. Suppose G'(t) = g(t) exists for ¢ > 0.

(a) Show that T has a density f given by

Q)
1 — F(t)

The function g is known as the “failure rate,” for heuristically,

= g(t), 0<t< co.

P(tsTsr+dt|T>t)=%=g(t)dt.

(b) Show that fors > Oand ¢ > 0,
P(T>t+s|T>t)=¢e o

(c) Show that the system improves with age (i.e., for fixed s the expres-
sions in (b) increase with ¢) if g is a decreasing function, and
the system deteriorates with age if g is an increasing function.

(d) Show that

[« o]
f g(u) du = oo.
0

(¢) How does g behave if T is exponentially distributed ?

(f) If G(t) = At®, t > 0, for which values of a does the system
improve, deteriorate, and stay the same with age?
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41 Let X have the gamma density I'(a, 4). Find the density of Y = cX,
where ¢ > 0.

42 Show that if o > 1, the gamma density has a maximum at (a - 1)/A.
43 Let X have the gamma density I'(e, A). Find the density of ¥ = JX.

44 Let Y be uniformly distributed on (0, 1). Find a function ¢ such that
X = ¢(Y) has the density f given by f(x) = 2x, 0 < x < 1, and
f(x) = 0 elsewhere.

45 Let Y be uniformly distributed on (0, 1). Find a function ¢ such that
¢(Y) has the gamma density I'(1/2, 1/2). Hint: Use Example 12.

46 Find ®~!(¢)fort = .1, .2,..., .9, and use these values to graph ®~*.
47 Let X have the normal density n(u, o). Find the upper quartile for X
48 Let X have the Cauchy density. Find the upper quartile for X.

49 Let X have the normal density with parameters y and 62 = .25. Find
a constant ¢ such that

P(X — py <c¢)=.9.

50 Let X be an integer-valued random variable having distribution
function F, and let Y be uniformly distributed on (0, 1). Define the
integer-valued random variable Z in terms of Y by

Z=m if Fim — 1) < Y < F(m),

for any integer m. Show that Z has the same density as X.
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In the first three sections of this chapter we will consider a pair of continuous
random variables X and Y and some of their properties. In the remaining four
sections we will consider extensions from two to n random variables X, X,, ...,
X,. The discussion of order statistics in Section 6.5 is optional and will not be
needed later on in the book. Section 6.6 is mainly a summary of results on sampling
distributions that are useful in statistics and are needed in Volume II. The material
covered in Section 6.7 will be used only in proving Theorem 1 of Chapter 9 and
Theorem 1 of Chapter 5 of Volume II.

6.1. Properties of bivariate distributions

Let X and Y be two random variables defined on the same probability
space. Their joint distribution function F is defined by
F(x,)) =P(X < x,Y <), —0 < X,y < 0.

To see that Fis well defined, note that since X and Y are random variables,
both {®w | X(w) < x} and {w | Y(w) < y} are events. Their intersection
{o| X(w) < xand Y(w) < y} is also an event, and its probability is
therefore well defined.

The joint distribution function can be used to calculate the probability
that the pair (X, Y) lies in a rectangle in the plane. Consider the rectangle

R={xy)])a<x<bc<y<d}
wherea < b and ¢ < d. Then
1) P(X,Y)eR)=Pla< X<b,c< Y <d)
= F(b,d) — F(a,d) — F(b, c) + F(a, c).
To verify that (1) holds observe that
Pa<X<bY<d)=PX<bY<d)-PX<aY<d
= F(b,d) — F(a, d).

139
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Similarly
Pa< X<bY<c)=F(@b,c) — F(ac).
Thus

Pa@a<X<bc<Y<d)
=Pa<X<bY<d)—-Pa<X<bY<o
= (F(b,d) — F(a, d)) — (F(b, c) — F(a, ¢))

and (1) holds as claimed.
The one-dimensional distribution functions Fy and Fy defined by

Fx(x) = P(X < x) and Fy(y) = P(Y <)

are called the marginal distribution functions of X and Y. They are related
to the joint distribution function F by
Fy(x) = F(x, ©) = lim F(x, y)
y— o
and
Fy(y) = F(o0, y) = lim F(x, y).

x> 00

If there is a nonnegative function f such that

2) F(x,y) = J:o (fjwf(u, v) dv) du, -0 <X,y < 00,

then fis called a joint density function (with respect to integration) for the
distribution function F or the pair of random variables X, Y. Unless
otherwise specified, throughout this chapter by density functions we shall
mean density functions with respect to integration rather than discrete
density functions.

If F has density f, then Equation (1) can be rewritten in terms of f, to
give

3) P(a<Xsb,c<st)=f(£df(x,y)dy)dx.

By using the properties of integration and the definition of a probability
space, it can be shown that the relation

@ P(X, Y) e 4) = ﬂf(x, y) dx dy
A

holds for subsets 4 in the plane of the type considered in calculus. By
letting A be the entire plane we obtain from (4) that

) f:o f: FG, ) dxidy = 1.
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We also obtain from (4) that
@ = Px <0 = [ ([ sy ay) a

and hence Fy has marginal density fy given by

e = [~ s ay

which satisfies
Fy(x) = f fi(w) du.

Similarly Fy has marginal density f, given by

£ = [ s nyax

As in the one-dimensional case, f is not uniquely defined by (2). We
can change f at a finite number of points or even over a finite number of
smooth curves in the plane without affecting integrals of f over sets in the
plane. Again as in the one-dimensional case, F' determines f at the con-
tinuity points of f. This fact can be obtained from (3).

By differentiating (2) and applying the rules of calculus we obtain

a%)F(x, y) = J:O (% fjwf(u, v) dv) du

= f;f(u, y) du

and

(6)

2

5% 0y F(x, y) = f(x, y).

Under some further mild conditions we can justify these operations and
show that (6) holds at the continuity points of f. In specific cases instead
of checking that the steps leading to (6) are valid, it is usually simpler to
show that the function f obtained from (6) satisfies (2).

Example1. Let us illustrate the above definitions and formulas by
reconsidering Example 1 of Chapter 5. We recall that in that example, we
chose a point uniformly from a disk of radius R. Let points in the plane be
determined by their Cartesian coordinates (x, y). Then the disk can be
written as

{(x,») | x* + y* < R*}}.

Let X and Y be random variables denoting the random coordinates of the
point chosen. Corresponding to the assumption of uniformity, we suppose
that X and Y have a joint density f given by
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1 2 2 2
a9 x° + < R ’
(7) f(x, ) = {nR2 4
0, elsewhere.

Then for any subset 4 of the disk (say of the type considered in calculus),

P(X,Y)e A) = J f(x, y) dx dy
A
_areaof 4
nR?

which agrees with our assumption of uniformity. The marginal density fy
is given by

© VR2-x2 2 2

' 1 2VR* — x
fx(x)=f f(x,y)dy=f ——dy & ———
=% —VvR2—x2 nR R

for —R < x < R and fx(x) = 0 elsewhere. The marginal density fy(y)
is given by the same formula with x replaced by y.

The variables X and Y are called independent random variables if
whenever a < b and ¢ < d, then

@B Pa<X<bc<Y<d)=Pa<X<bPc<Y<d).

By lettinga = ¢ = — 00, b = x, and d = y, it follows that if X and Y are
independent, then

(9) F(x’ y) — FX(x)FY(y)’ —0 <X,y < .

Conversely (9) implies that X and Y are independent. For if (9) holds,
then by (1) the left side of (8) is

F(b,d) — F(a,d) — F(b, c) + F(a, c)
= Fy(b)Fy(d) — Fy(a)Fy(d) — Fx(b)Fy(c) + Fx(a)Fy(c)
= (Fx(b) — Fx(@)(Fy(d) — Fy(c))
=Pa< X<bPlc<Y<d).

More generally, it can be shown that if X and Y are independent and A
and B are unions of a finite or countably infinite number of intervals, then

P(Xe A, Ye B) = P(Xe A)P(Y € B)
or, in other words, the events
{0 | X(w) € A} and {o | X(w) € B}

are independent events.
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Let X and Y be random variables having marginal densities fy and fy.
Then X and Y are independent if and only if the function f defined by

f(x, ) = fx(x) fr(y), —0 <xy< o0,

is a joint density for X and Y. This follows from the definition of indepen-
dence and the formula

R = [ ([[ s o) au

As an illustration of dependent random variables, let X and Y be as in
Example 1. Thenfor —R < x < Rand —R < y < R,

4\/R2 — 52 \/Rz _ y2
n?R*

(10) Sx(fy(y) =

’

which does not agree with the joint density of these variables at x = 0,
y = 0. Since (0, 0) is a continuity point of the functions defined by (7) and
(10), it follows that X and Y are dependent random variables. This agrees
with our intuitive notion of dependence since when X is close to R, Y must
be close to zero, so information about X gives us information about Y.

Density functions can also be defined directly, as we have seen in other
contexts. A two-dimensional (or bivariate) density function f is a non-
negative function on R? such that

f: f:,f(x’ y)dxdy = 1.

Corresponding to any bivariate density function f, there is a probability
space and a pair of random variables X and Y defined on that space and
having joint density f.

The easiest way to construct two-dimensional density functions is to
start with two one-dimensional densities f, and f, and define the function

fby

(11) fx, ) = fi(x)f2(y), —0 <x,y< 0.

Then f is a two-dimensional density function since it is clearly nonnegative
and

O rwwaxay= " peax [* snay =1

If random variables X and Y have this f as their joint density, then X' and Y
are independent and have marginal densities fy = f, and fy = f,.

As an illustration of (11), let f, and f, both be the standard normal
density n(0, 1). Then f is given by
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f(x, y) = L gz L -ra
V2n V2n
or

(12) f(x, y) = %e'("“’zm, -0 < X,y < .
n

The density given by (12) is called the standard bivariate normal density.
In our next example we will modify the right side of (12) slightly to obtain a
joint density function that corresponds to the case where the two random
variables having normal marginal densities are dependent.

Example 2. Let X and Y have the joint density function f given by
f(x,y) = ce” &N —0 < x,y <,

where c is a positive constant that will be determined in the course of our
discussion. We first “complete the square” in the terms involving y and
rewrite f as

f(x, y) = ce Lo—x/2)2+3x%/412 —0 < X,y < o0,

and then note that

fx(x) = f f(x, y)dy = ce” 3**/8 f e~ 0—x/12)%2 dy.

— a0

Making the change of variable ¥ = y — x/2, we see that
fw e~ O~X22 gy — fw e 2 gy = /2n.

Consequently B
fu(x) = cv/2ne 38,

It is now clear that fy is the normal density n(0, 6?) with 6> = 4/3 and
hence

am = L _ V3

a\/2_7t B 2\/51;

orc =+ 5/47:. Consequently

(13) f(x,y) = \4£ e~ (- Hyhiz -0 < X,y < 0.

n
The above calculations now show that fy is the normal density »(0, 4/3).
In a similar fashion, we can show that f, is also n(0, 4/3). Since f(x, y) #
fx(X) fy(»), it is clear that X and Y are dependent.
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6.2. Distribution of sums and quotients

Let X and Y be random variables having joint density f. In many
contexts we have a random variable Z defined in terms of X and Y and
we wish to calculate the density of Z. Let Z be given by Z = ¢(X, Y),
where ¢ is a real-valued function whose domain contains the range of X' and
Y. For fixed z the event {Z < z} is equivalent to the event {(X, Y) € A4,},
where A, is the subset of R? defined by

4, = {(x,») | o(x, y) < z}.
Thus
Fy2) = P(Z < 2)

= P(X, Y) e 4,)

= [ » ax

If we can find a nonnegative function g such that

z

f f(x,y)dx dy = f g(v) dv, -0 < z < 00,

-
Az

then g is necessarily a density of Z. We will use this method to calculate
densities of X + Y and Y/X.

6.2.1. Distribution of sums. SetZ =X + Y. Then
A ={x|x+y <z

is just the half-plane to the lower left of the line x + y = z as shown in
Figure 1. Thus

Fio) = [[roan asay = [7 ([ st ) ax
Az

Make the change of variable y = v — x in the inner integral. Then
F;(2) = j (f f(x, v — x) dv) dx

= me (Jiof(x, v — X) dx) dv,

where we have interchanged the order of integration. Thus the density of
Z = X + Y is given by

(14) Sx+v(2) = f_:f(x, z — x) dx, —00 <z < o0,
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Figure 1

In the main applications of (14), X and Y are independent and (14) can be
rewritten as

(A5 frod2) = f:, LAz = Ddx, —o <2<

If X and Y are nonnegative independent random variables, then
fx+v(2) = Ofor z < 0 and

19 S = [ /e - 0dx 0<z<w.

The right side of (15) suggests a method of obtaining densities. Given
two one-dimensional densities f and g, the function 4 defined by

h(z) = fj f(x)g(z — x) dx, - < z < o,

is a one-dimensional density function, which is called the convolution of f
and g. Thus the density of the sum of two independent random variables
is the convolution of the individual densities.

Example 3. Let X and Y be independent random variables each having
an exponential distribution with parameter A. Find the distribution of
X+Y

The density of X is given by fy(x) = Ae~**for x > 0 and fy(x) = 0 for
x < 0. The density of Yis the same. Thus fy,y(z) = 0 forz < 0 and,
by (16), forz > 0

Jx+v¥(2) = f e~ ** e~ =" gx
0

Z
= A2¢=%2 J' dx = A2ze %2,
0
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We see that X + Y has the gamma density I'(2, A).

Example 4. Let X and Y be independent and uniformly distributed
over (0, 1). Find the density of X + Y.

The density of X is given by fy(x) = 1 for 0 < x < 1 and fy(x) = 0
elsewhere. The density of Y is the same. Thus fy,,(z) = 0 for z < 0.
For z > 0 we apply (16). The integrand fy(x)fy(z — x) takes on only the
values 0 and 1. It takes on the value 1 if x and z are such that 0 < x < 1
and 0 <z — x < 1. If 0 < z < 1, the integrand has value 1 on the set
0 < x < z and zero otherwise. Therefore we obtain from (16) that

fx+v(2) = 2, 0<z< 1.

If 1 < z < 2 the integrand has value 1 on the set z — 1 < x < 1 and
zero otherwise. Thus by (16)

fx+v(2) = 2 — 2, l<z<?2
If 2 < z < oo the integrand in (16) is identically zero and hence

fx+y(2) = 0, 2 <z < o0.

In summary
z, 0<z< 1,
fx+v(2) = (2 — 2, 1l <z<2,
0, elsewhere.

fX+Y

Figure 2

The graph of fis given in Figure 2. One can also find the densityof X + Y
by computing the area of the set

A, ={x»|0<x<1,0<y<1 and x+ y <z}

(see Figure 3) and differentiating the answer with respect to z.

0<z<«1 1<z< 2

Figure 3
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Example 3 has an important generalization, which may be stated as
follows.

Theorem1 Let X and Y be independent random variables
such that X has the gamma density I'(ay, A) and Y has the gamma
density I'(a,, A). Then X + Y has the gamma density

I(ay + ay, ).
Proof. We note that X and Y are positive random variables and that

A"x“‘ = le—lx
e S N W
Jx(x) T@y)
and
Aazyaz—le—ly
I'(x,)

Thus fy,y(z) = 0for z < 0 and, by (16), forz > 0

f (z) ” A’a1+aze—lz zxax—l(z - x)az-l dx
o (oI (23) Jo .

fY(y)= ’ y > 0.

In the preceding integral we make the change of variable x = zu (with
dx = z du) to obtain

(17) Fray(z) = cAmtargatar=1 =iz 2> 0,
where

(18)

_JoutT'(1 — w2 ldu
I (a;)
The constant ¢ can be determined from the fact that f,, , integrates out

to 1. From (17) and the definition of gamma densities, it is clear that fy .y
must be the gamma density I'(a; + «,, A) as claimed. |

From (17) and the definition of the gamma density we also see that
¢ = 1/T'(a; + a,). This together with (18) allows us to evaluate the
definite integral appearing in (18) in terms of the gamma function:

(oM (ety)

1
a;—1 = az2—1 - .
(19) fo w11 — =t du S n

This formula permits us to define a new two parameter family of densities
called Beta densities. The Beta density with parameters a, and a, is given
by

Moy + o)x* 11 — x)=2~!
(200 f(x) = { I'(2,)I(a,) ’

0, elsewhere.

0<x<l,
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The reason for this terminology is that the function of a, and a, defined by

B, a,) = TET@)

, 0<oy,a, < oo,
I'(ey + ay)

is called the Beta function.
Our final application of the convolution formula is to normally distri-

buted random variables.

Theorem 2 Let X and Y be independent random variables
having the respective normal densities n(u,, 6%) and n(u,, 62). Then
X + Y has the normal density

n(uy, + p,, O'f + 0'%)-

Proof. We assume first that u; = u, = 0. Then

Sx(x) = \}2— e P2 _ o < x < o,
and e

Hly) = \1/2_ e _ <y < 0.
Thus by (15) e

1 = 1(x* (z- x)z)]
- exp | —= (£ + E= )| gy,
Sx+(2) 20,0, f-oo P [ 2 (af o2 *

Unfortunately an evaluation of this integral requires some messy computa-
tions (which are not important enough to master). One way of proceeding
is to first make the change of variable

2 2
y Yot +ai
010,
After some simple algebra we find that

fr+v(2) = N on exp [—1 (uz - Z_MU—I g 2—2)] du.

/ 2
2n/0? + 62 J-w 2 Vol + 0 02

We next complete the square in # and observe that

3 2uzo, - Zty 5 Z*
oo + o2 0F oo + o2 o1 + 03

Then by making a second change of variable
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we see that
e~ 7200i4ed)  po ,-v22 @
\/Zn\/af + 6% J-=» V2

e-z’/2(c§+c§)
= i a9
V2n/o? + o2

which is just the normal density n(0, 62 + ¢2).

In general, X — u, and Y — u, are independent and have the respective
normal densities n(0, 62) and n(0, 62). Thus by the above special case,
X —-—puw)+ (Y —u)=X+Y — (u; + n,) has the normal density
n(0, 62 + 03), and hence X + Y has the normal density

fx+x(2) =

n(py + pa, 05 + 03)
as claimed. |

The preceding proof is elementary but messy. A less computational
proof involving more advanced techniques will be given in Section 8.3.
Another proof is indicated in Exercise 36 at the end of this chapter.

Example 5. Let X and Y be independent random variables each having
the normal density n(0, 62). Find the density of X + Y and X2 + Y2,

From Theorem 2 we see immediately that X + Y has the normal density
n(0, 20%). By Example 12 of Chapter 5, X2 and Y2 each have the gamma
density I'(1/2, 1/262). It is easily seen that X2 and Y? are independent.
Thus by Theorem 1, X2 + Y2 has the gamma density I'(1, 1/26), which
is the same as the exponential density with parameter 1/202.

6.2.2. Distribution of quotients®, As before, let X and Y denote
random variables having joint density f. We will now derive a formula for
the density of the random variable Z = Y/X. The set

A, = {(x, ») | y/x < 2}
is shown in Figure 4. If x < O, then y/x < zif and only if y > xz. Thus
A, = {(x,y)|x<0and y > xz} U {(x,»)| x > 0 and y < xz}.
Consequently

Fypl2) = "ff(x, y) dx dy

o

= U: ( L °:f(x, ) dy) dx + J:o ( f_w £(x, y) dy) .
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Figure 4

In the inner integrals, we make the change of variable y = xv (with
dy = x dbv) to obtain

Fy;x(z) = fo (f—w xf(x, xv) dv) dx

* f: ( fw xf (x, x0) d,,) dx
= fw ( fw (—x)f(x, xv) dv) dx

* f: ( f _,w xf (x, x) d,,) x
- fww ( fw %17 (x, xv) d,,) .

By interchanging the order of integration we see that

Q1) Fyx(z) = f ) ( f " Ix1f(x, xv) dx) do, —o0 <z < .

It follows from (21) that Y/X has the density fy,x given by

o0

|x| f(x, x2) dx, -0 < z < o0.

@) S = f

In the special case when X and Y are independent positive random
variables, (22) reduces to fy/x(z) = 0 for z < 0 and

23) Fol2) = f: SFlDfx2) dx, 0 <z < oo.

Our next theorem is a direct application of (23).
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Theorem 3 Let X and Y be independent random variables
having the respective gamma densities I'(a,, A) and I'(a,, X). Then
Y/X has the density given by fy;x(z) = 0 for z < 0 and

F(OCI =+ az) Zaz—1

24 Z) = , 0 <z < oo.
GO S = G M) @ + e
Proof. Recall that
P 1 R
I'(ay)
and
lazyaz-le—ly
) =——F, y>0o.
! I(x,)

Formula (23) is applicable, so for 0 < z < oo,

,111 +az 0
()T (23) Jo
A,al +az Z%2~ 1 00
 Te)T() Jo
By Equation (34) of Chapter 5

foo a+az=1,=3A(z+1) gy — Iy + a3)

xxal— le—-).x(xz)az— le—lxz dx

Jyix(2) =

xal+az— le—xl(z+ 1) dx.

X e .
0 Az + 1))yn*=

Consequently (24) holds as claimed. |

Since (24) defines a density function we see that for a;, a, > 0

f z“"'l(z e 1)—(a1+a2) o (o) (ex5) '
0 r(al -+ az)

Example 6. Let X and Y be independent random variables each having
the normal density n(0, 6%). Find the density of Y?2/X?2.

The random variables are the same as those of Example 5. Thus again
X2 and Y? are independent, and each has the gamma density I'(1/2, 1/2462).
Theorem 3 is now applicable and Y?/X? has the density fyzx2 given by
Syyxx(z) = 0 for z < 0 and

-1/2
fY2/x2(Z) = it s
ra2ra/2)z +1)

=———~—1——— 0<z< oo

n(z + DV z
(Here we recall from Equation (35) of Chapter 5 that I'(1/2) = N ;t) We
leave it to the reader to show as an exercise that under the same conditions
both Y/X and Y/|X| have the Cauchy density.
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6.3. Conditional densities

In order to motivate the definition of conditional densities of con-
tinuous random variables, we will first discuss discrete random variables.
Let X and Y be discrete random variables having joint density f. If x is
a possible value of X, then

P(Y =y|X = x) o P(X =X Y= y) =f(xsy).
P(X = x) Jx(x)

The function fy|x defined by
f(x, y)

; x) # 0,
25) fxr 12 = i > P
0, Sx(x) =0,
is called the conditional density of Y given X. For any possible value x of

X,

]

_ S0 _ A _
Zhny 1 = S =

so that for any such x, fy;x(y | x) defines a discrete density function of y
known as the conditional density of Y given X = x. In the discrete case
conditional densities involve no really new concepts.

If X is a continuous random variable, however, then P(X = x) = O for
all x so that P(Y = y | X = x) is always undefined. In this case any
definition of conditional densities necessarily involves a new concept.
The simplest way to define conditional densities of continuous random
variables is by analogy with Formula (25) in the discrete case.

Definition1 Let X and Y be continuous random variables
having joint density f. The conditional density fy x is defined by

f(x, y)
@) fx(y]%) = { Amc
0, elsewhere.

It follows immediately from this definition that, as a function of y,
Srx(¥ | x) is a density whenever 0 < fy(x) < o (again called the
conditional density of Y given X = x). Conditional densities can be used
to define conditional probabilities. Thus we define

b
@) PasY<biX=x=[fuind, asb

Alternatively, we could attempt to define the conditional probability
appearing in (27) by means of the following limit:

8) Pa<Y<bh|X=x

=limPl@a<Y <b|x—h<X<x+ h).
hlO
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The right-hand side of (28) can be rewritten in terms of f as

o [ (S, ) dy)du _ L (12h) 32 (S, y) dy) du
mo [314 (120 f(u, y) dy) du e (12h) [2%8 fi(u) du

If
b
f., s, ) dy

is continuous in u at ¥ = Xx, the numerator of the last limit converges to

) " fer y) dy

as h | 0. If fy is continuous at x the denominator converges to fy(x) as
h | 0. Under the additional condition that fy(x) # 0, we are led from (28)
to
b
Pa<Y<b|X= Lfl"_’&‘f_}i
fx(x)

which agrees with (27). In summary, we have defined conditional densities
and conditional probabilities in the continuous case by analogy with the
discrete case. We have also noted that, under further restrictions, a
limiting process would yield the same definition of conditional prob-
abilities. It turns out that such limiting processes are difficult to work with
and will not be used further.

It follows immediately from the definition of conditional density func-
tions that

(29) f(x, ) = fr(x) fryx(¥ | %), —© < Xx,)y < 0.
If X and Y are independent and

(30) fx, ) = LX), —o <Xx,y <o,
then

G frux(¥x) =fr(y)y, 0 < fx(x) < o0 and —00 <y < c0.

Conversely if (31) holds, then it follows from (29) that (30) holds and X
and Y are independent. Thus (31) is a necessary and sufficient condition
for two random variables X and Y having a joint density to be independent.

Example 7. Let X and Y have the bivariate density f given by Formula
(13), namely

f(x, y) = ;/—3 e~ FTIIMIZ _p < X,y < 0.
n

Then as we saw in Example 2, X has the normal density #(0, 4/3). Thus for
—0<XxXy< o
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ﬁ e~ (*¥2—xy+y?)/2

4
fY|x(.VIx)= L
\/3 e—3x2/8

2\/ En

= 1_ e~ O0—*x/2)%2

\/ 2n
In other words, the conditional density of Y given X = x is the normal
density n(x/2, 1).

We have been starting with joint densities and using them to construct
marginal densities and conditional densities. In some situations we may
reverse this by starting with marginal densities and conditional densities
and using them to construct joint densities.

Example 8. Let X be a uniformly distributed random variable over
(0, 1), and let Y be a uniformly distributed random variable over (0, X).
Find the joint density of X and Y and the marginal density of Y.

From the statement of the problem, we see that the marginal density of
X is given by
for 0<x<l,
elsewhere.

A = {g

The density of Y given X = x is uniform on (0, x), so that

1/x for O<y<x<l,
0, elsewhere.

Fay %) = |

Thus the joint density of X and Y is given by

1/x for O<y<x<l,
0, elsewhere.

e =1

The marginal density of Y is

¢ 1
A = [ seands= [ lax— —ogy 0<y<,

y X

and fy(y) = O elsewhere.

6.3.1. Bayes’ rule. Of course, we can reverse the roles of X and Y and
define the conditional density of X given Y = y by means of the formula

f(xy) y)
)

S, y) = (%) frx(y | )

(32) Sar(x|y) = 0 < f¥(y) < .

Since
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and

A = |7 s s = [ ety 19 dx
we can rewrite (32) as
_ Sx(x) fy YLX(y | x)
33 ¥ — !
L T ) = e ) ey 1 2) d

This formula is the continuous analog to the famous Bayes’ rule discussed
in Chapter 1.

In Chapters 3 and 4 we considered random variables X and Y which
were both discrete. So far in Chapter 6 we have mainly considered random
variables X and Y which are both continuous. There are cases when one is
interested simultaneously in both discrete and continuous random vari-
ables. It should be clear to the reader how we could modify our discussion
to include this possibility. Some of the most interesting applications of
Formula (33) are of this type.

Example 9. Suppose the number of automobile accidents a driver will
be involved in during a one-year period is a random variable Y having a
Poisson distribution with parameter A, where A depends on the driver.
If we choose a driver at random from some population, we can let A vary
and define a continuous random variable A having density f,. The
conditional density of Y given A = A is the Poisson density with parameter
A given by

pet e 0,1,2
— or =012,...,
AMHM={y! 4
0, elsewhere.
Thus the joint density of A and Y is
Sa(W)e™*
ol il for =0,12...,
f,y) = { y! Y
0, elsewhere.

In general we cannot find a nice formula for the marginal density of Y or
the conditional density of A given Y = y, since we cannot evaluate the
required integrals. We can find simple formulas, however, in the special
case when fis a gamma density I'(a, B), so that

Ba /1“— 1 e~ Ap
e fo A >0,
Aw={ (@) '
0, elsewhere.

In this case,

) = [ sy an
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0 pale—=1_—4f 1y,—4
_ BeA*~re= " e i
o TI@ !

— ﬁa on )’a+y—1e—).(ﬂ+1) dl
yIT() Jo
__Te+ps

y!'T@)(B + 1)**?

The value of the last integral was obtained by using Formula (34) of
Chapter 5. We leave it as an exercise for the reader to show that f; is the
negative binomial density with parameters « and p = /(1 + B). We also
have that for A > 0 and y a nonnegative integer,

wa('1 | y) = M

S (y)
_ B“).“’_le—"mﬂ)y!l"(a)(ﬂ ot 1)a+y
- T(@)y!T(x + y)f°
(ﬂ + 1)a+yla+y—le—l(p+l)
I'a + y)

which says that the conditional density of A given Y = y is the gamma
density I'( + y, f + 1). If someone in the insurance industry wanted to
solve problems of this type he would quite possibly try to approximate the
true density f, by a gamma density I'(«, ), where « and B are chosen to
make the approximation as good as possible.

6.4. Properties of multivariate distributions

The concepts discussed so far in this chapter for two random variables X
and Y are readily extended to » random variables. In this section we
indicate briefly how this is done.

Let X, ..., X, be nrandom variables defined on a common probability
space. Their joint distribution function F is defined by

F(xy,...,x,) = PX, <x4,...,X, <x,), —00 < Xgy..., X, < OO.

The marginal distribution functions Fx_, m = 1,..., n, are defined by

Fy (x,,) = P(X,, < x,,), - < X, < 00.
The value of Fy (x,) can be obtained from F by letting xy,..., Xp—1,
Xm4+1s - -+ Xy all approach + oo.

A nonnegative function f is called a joint density function (with respect
to integration) for the joint distribution function F, or for the random
variables X, ..., X,, if
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X1

G Flxg,..., %) = f_ f;f(u,,...,u,,) s ity

— 00 <x1,...,x‘"< Q0.

[ o]

Under some further mild conditions the equation
f(x X,) = T F(x X,)
199 Ap axlo--axn 19209 Ap

is valid at the continuity points of F. If (34) holds and A is any subset of
R" of the type considered in calculus, then

P((Xl,...,X,,)eA)=f-;-ff(xl,...,x,)dxl--~dx,.

In particular
(35) f "'f f(xl,...,x,,)dxl"'dx,,=1

and ifa,, < b, form = 1,...,n, then

P(al S)(1 Sbl"'-sansxnsbn)

by bn
=f e f(xl,...,x,,)dxl"‘dxn.

31

The random variable X,, has the marginal density fy_ obtained by integrat-
ing f over the remaining n — 1 variables. For example,

fia) = f:o f:f(xl,...,x,,) dx, dx; -+ dx,.
In general, the random variables X|, ..., X, are called independent if
whenever a,, < b, form = 1, ..., n, then
Pla, < X, < b,,...,a,< X, < b,)
= Pla, < X; < b)) --P@a, < X, <b,).
A necessary and sufficient condition for independence is that
F(xy4,...,x,) = Fx,(xy) " Fy(x,), —00 < Xy..., X, < 0O.

The necessity is obvious, but the sufficiency part for » > 2 is tricky and
will not be proved here. If Fhas a density f, then X, ..., X, are indepen-
dent if and only if f can be chosen so that

Jxgs..05%,) = fX;(xl) i 'fX..(xn)’ —0 < Xpy..05 Xy < OO0

One can also define an n-dimensional density directly as a nonnegative
function on R" such that (35) holds. The simplest way to construct »-
dimensional densities is to start with #» one-dimensional densities f, ..., f,
and define f by

(B6) f(x1,..., %) = filx) - falxa)y  —0 < Xy5..., X, < O,
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If X,,..., X, are random variables whose joint density f is given by (36),
then X, ..., X, are independent and X,, has the marginal density f,,.

Example 10. Let X, ..., X, be independent random variables, each
having an exponential density with parameter 4. Find the joint density of
Xiyooih X,

The density of X, is given by

le~*m  for 0 < x, < 00,
0, elsewhere.

fX,.,. xm) = {
Thus f'is given by
A= Axttx) o for  xi,...,%x, > 0,

JXgs e Xp) = {O, elsewhere.

In order to compute the density of the sum of » independent random
variables, and for several other purposes, we need the following fact.

Theorem 4 Let X,,..., X, be independent random variables.
Let Y be a random variable defined in terms of X,, ..., X,,, and let Z
be a random variable defined in terms of X,i1,---, X, (Where
1 < m < n). Then Y and Z are independent.

The proof of this theorem will not be given since it involves arguments
from measure theory.

Using this theorem and an argument involving mathematical induction,
we can extend Theorems 1 and 2 to sums of independent random variables,
as follows.

Theorem5 Let X,,..., X, be independent random variables
such that X,, has the gamma density I'(a,, A) for m =1,...,n.
Then X, + - -+ + X, has the gamma density I'(a, 1), where

o=y +vr 4t

Recall that the exponential density with parameter A is the same as the
gamma density I'(1, ). Thus as a special case of this theorem we have the
following corollary: If X, ..., X, are independent random variables, each
having an exponential density with parameter A, then X, + - -+ + X, has
the gamma density I'(n, ).

Theorem 6 Let X,,..., X, be independent random variables
such that X, has the normal density n(upy, 62), m = 1,...,n. Then
X, + *++ + X, has the normal density n(n, 6?), where

p=p +++pu, and o*>=0}+"- -+ ol

If X;,..., X, has a joint density f, then any subcollection of these
random variables has a joint density which can be found by integrating
over the remaining variables. For example, if 1 < m < n,
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le,...,Xm(xh s zeliely xm) = fjo f_ww f(xl’ R xn) dxm+1 = dxn'

e 00
(<o}

The conditional density of a subcollection of Xj,..., X, given the
remaining variables can also be defined in an obvious manner. Thus the
conditional density of X,,,, ..., X, given X, ..., X,, is defined by

S(Xgs .00y X,)

le,...,Xm(xla s oXolly xm)

’

fxm+l,...,x11|x1,...,Xm(xm+ 19 * o' xn I xl’ sEorle Y xm) =

where f is the joint density of X, ..., X,.
Often conditional densities are expressed in terms of a somewhat different
notation. For example, let » + 1 random variables X}, ..., X,, Y have
joint density f. Then the conditional density of Y given X,,..., X, is
defined by

FlGen -0 %0d)
fX1 ..... Xn(xl’ LN ) xu)

fy|x1,...,x,.(y | X1y .05 Xy) =

6.5. Order statistics*

Let U,,..., U, be independent continuous random variables, each
having distribution function F and density function f. Let X,,..., X,
be random variables obtained by letting X,(w), ..., X,(w) be the set
U,(w), ..., Uf(w) permuted so as to be in increasing order. In particular,
X, and X, are defined to be the functions

Xl(w) = min (Ul(w)9 0 010.6) U,,((D))
and
X, ,,((D) = max (Ul(w)s siee2ls U,,((D))

The random variable X is called the kth order statistic. Another related
variable of interest is the range R, defined by

R(@) = X,(0) — X ()
= max (Ul(w)’ Melle o) U,,((D)) — min (Ul(w), seey Un(w))

It follows from the assumptions on Uj, ..., U, that, with probability one,
the U,’s are distinct and hence X; < X, < - < X,.

To illustrate these definitions numerically, suppose U;(w) = 4.8,
U,(w) = 3.5, and Us(w) = 43. Then X,(w) = 3.5, X,(w) = 4.3,
X;(w) = 4.8, and R(w) = 1.3.

Example 11. Consider a machine having » parts whose failure times
U, ..., U, satisfy the assumptions of this section. Then X is the time it
takes for k of the parts to fail. If the entire machine fails as soon as a
single part fails, then X; = min (U, ..., U,) is the failure time of the
machine. If the machine does not fail until all its parts have failed, then
X, = max (U, ..., U,) is the failure time of the machine.
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Example 12. Let n hopefully identical parts be manufactured in a
single run of an assembly line and let U,, ..., U, denote the lengths of the
n parts. An inspector might be interested in the minimum length X, and
maximum length X, to check if they are within certain tolerance limits.
If the parts are to be interchangeable the amount of variation in the
lengths may have to be kept small. One possible measure of this variation
is the range R of the lengths.

We will now compute the distribution function of the kth order statistic
X,. Let —o0 < x < 0. The probability that exactly j of the U;’s lie in
(—o00, x] and (n — j) lie in (x, ©) is

(7) Preaxt - Py,

because the binomial distribution with parameters n and p = F(x) is
applicable. The event {X, < x} occurs if and only if £ or more of the
U;’s lie in (— 0o, x]. Thus

=Y (;’) Fi(x)(1 — Fx)*J, -0 < x < oo.
j=k
In particular the distribution functions of X, and X, can be written very
simply as
Fx (x) = (F(x))", —0 < X < 00,
and
Fx,x) =1 - (1 = F(x))", -0 < X < 0.

In order to find the corresponding density functions, we must differentiate
these quantities. We easily find that

fx.(x) = nf)F""!(x), —© <x < oo,
and
fx(%) = nf(x)(1 — F(x)"™', —o0 <x < oo0.

The corresponding derivation for X in general is slightly more com-
plicated. From (37),

— n! Jj—1 _ n—j
Jx(%) = j;k G- Dl = JX)F 7 (x)(1 — F(x))
5 n! j _ n—j-1
j;kj!(n - FSX)F/(x)(1 — F(x))
_ ¥ n! j-1 _ n—j
= j;k G =Dl —J)! SEF 7 (x)(1 = F(x))
- 3 " fFITR — FY

=1 (J — D@m= !



162

Jointly Distributed Random Variables

and by cancellation

- n! k-1 _ n—k
(38  fu(x) = Ty m— SEF* ()1 = Fx))"™,

—00 < X < 00.

In order to find the density of the range R we will first find the joint
density of X; and X,. We assume thatn > 2 (since R = 0if n = 1). Let
x < y. Then

PX,>x,X,<y)=Px<U <y....,x<U, <y

= (F(y) — F(x)),
and of course
P(X, < y) = F(»).

Consequently
Fy x.(%,¥y) = P(X; < x, X, <)
=PX,<y)— PX; > x,X, <)
= F*(y) — (F(y) — F(x))".
The joint density is given by

2
0x Oy
= n(n — DfX)SONF(y) — F"™?,  x

It is obvious and easily shown that

Srox (%, Y) = Fy, x.(% ¥)

IA

Y.

Jx, x.(%, ) = 0, x>y

By slightly modifying the argument used in Section 6.2.1 to find the density
of a sum, we find that the density of R = X, — X, is given by

70 = [ S+ 0 dx

In other words

nn—-1) J‘_w F)f(r + xXF(r + x) — F(x))"~2 dx, r>0

fr(r) = {
0, r<o.

These formulas can all be evaluated simply when U,, ..., U, are indepen-
dent and uniformly distributed in (0, 1). This is left as an exercise.
There is a “heuristic” way for deriving these formulas which is quite
helpful. We will illustrate it by rederiving the formula for fy,. Let dx
denote a small positive number. Then we have the approximation

H(x¥)dx ~ P(x < X, < x + dx).
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The most likely way for the event {x < X, < x + dx} to occur is that
k — 1 of the U;’s should lie in (— o0, x], one of the U;’s should lie in
(x, x + dx], and n — k of the U;’s should lie in (x + dx, oo) (see Figure
5). The derivation of the multinomial distribution given in Chapter 3 is
applicable and the probability that the indicated number of the U,;’s will
lie in the appropriate intervals is

n!
k —D!'1!'(n — k)!

X (f:of(u) du)k-1 J‘fo(u) du ( ” f(w) du)n-k

fx (%) dx =~

x x+dx
n!
Tk = D!'(n — k)!
from which we get (38). We shall not attempt to make this method
rigorous.

f(x) dxF*71(x)(1 — Fe))"™",

k-1 I 1 ] n-k
\ J
X x+dx

Figure 5

6.6. Sampling distributions*

Let X,,..., X, be independent random variables, each having the
normal density n(0, 62). In this section we will find the distribution
functions of several random variables defined in terms of the X’s. Besides
providing applications of the preceding material, these distribution
functions are of fundamental importance in statistical inference, and will
be needed in Volume II

The constant ¢ is convenient but unessential since X,/a, ..., X,/o are
independent and each has the standard normal density »#(0, 1). Thus we
could always take 2 = 1 with no loss of generality.

By Theorem 6 the random variable X; + :-- + X, has the normal
density with parameters 0 and no?. If we divide this sum by various
constants we can get alternative forms of this result. Thus

X+ + X,
n

is normally distributed with parameters 0 and ¢2/n, and
X, + -+ X,
avn

has the standard normal density n(0, 1).
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Since X, /o has the standard normal density, it follows from Example 12
of Chapter 5 that X?/0% has the gamma density I'(1/2, 1/2). Thus by
Theorem 5

Xi+-+ X2

0.2

has the gamma density I'(n/2, 1/2). This particular gamma density is very
important in statistics. There the corresponding random variable is said
to have a chi-square (x?) distribution with n degrees of freedom, denoted
by x?(n). By applying Theorem 5 we will obtain the following result about
x? distributions.

Theorem 7 Let Y,,...,Y, be independent random variables
such that Y,, has the y*(k,,) distribution. Then Y, + --- + Y, has the
x2(k) distribution, where k = k, + - -+ + k,.

Proof. By assumption, Y,, has the gamma distribution I'(k,/2, 1/2).
Thus by Theorem 5, Y; + --- + Y, has the gamma distribution I'(k/2, 1/2)
where k = k; + -+ + k,. But this distribution is y2(k) by definition. |

We can also apply Theorem 3 to find the distribution of the ratio of two
independent random variables Y, and Y, having distributions y*(k,) and
x2(k,) respectively. It is traditional in statistics to express the results in
terms of the normalized variables Y, /k, and Y,/k,. The distribution of

Yi/ky

Y,/k,
is known as the F distribution with k, and k, degrees of freedom, denoted
by F(ky, k).

Theorem 8 Let Y, and Y, be independent random variables
having distributions y*(k,) and y*(k,). Then the random variable
Y,/k,
Y,/k,
which has the distribution F(k,, k), has the density f givenby f(x) = 0
for x < 0 and
(ky/k) TL(ky + ky)[2] (kyx[kp)® /P!
T(ky/2) T(k/2) [1 + (kyx/ky)]®* 2
Proof. By Theorem 3, the random variable Y;/Y, has density g, where
g is given by (24) with «, = k,/2 and a, = k,/2. Thus the density f of

k,Y,/kY, is given by
k, (klx)
X) = —=*g(|—
f(x) b g i
and (39) now follows from (24). |

x > 0.

(39) f(x) =
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We can apply this result to the random variables X, ..., X, defined at
the beginning of this section. Let 1 < m < n. By Theorem 4, the random
variables

X%+"'+X,2n and X,%,+1+"'+X:

o? a2

are independent. Since they have the respective distributions y?(m) and
x*(n — m) we see that the random variable

X2+ + X2)/m
Xm+1 + 2+ XD/(n — m)
has the F(m, n — m) distribution and the density given by (39), where
k, = mand k, = n — m. Tables of F distributions are given in Volume

IL
The case m = 1 is especially important. The random variable

X1
X3+ + XD -1

has the F(1, n — 1) distribution. We can use this fact to find the distribu-
tion of

_ X,
VX3 + o+ XD~ 1)
Since X; has a symmetric density function and is independent of the

random variable (X2 + -+ + X2)/(n — 1), it follows easily from
Theorem 2 of Chapter 5 that Y has a symmetric density function f,. By
Example 5 of Chapter 5 the density fy. is related to f; by

1
2z
By using the symmetry of f, and letting z = y? we see that

f(») = Y1 fr(?).
Since Y? has the F(1,n — 1) density given by (39) with k, = 1 and
k, = k = n — 1, we now find that
Y A/ Tk + D21 (y* k)~
TC/2)T(k/2) [1 + (y*[k)]*+ DI
Since I'(1/2) = S ;, this expression reduces to
L[k + 1)/2][1 + (y*/R]~** D72
Vi T(k/2)

A random variable whose density is given by (40) is said to have a ¢
distribution with k degrees of freedom. We observe that the ¢ distribution

Y

@) = —=(f(=V2) + £&J2)), z>0.

fr(y) =

40)  fr(y) =

; —0 <y < .
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with 1 degree of freedom is the same as the Cauchy distribution discussed
in Chapter 4. Tables of ¢ distributions are given in Volume II.
The distribution of the random variable

JXE ¥+ X)n-1)

which is a ¢ distribution with n — 1 degrees of freedom, depends only on
the fact that

Y

- . 2
X1 and il 2+X"
g c

are independent and distributed respectively as n(0, 1) and y*(n — 1).
Thus we have the following result.

Theorem 9 Let X and Y be independent variables with the
respective distributions n(0, 1) and y*(k). Then

X
JY/k
has a t distribution with k degrees of freedom.

6.7. Multidimensional changes of variables*

Let X, ..., X, be continuous random variables having joint density f.
Let Y,,..., Y, be random variables defined in terms of the X’s. In this
section we will discuss a method for finding the joint density of the Y’s
in terms of f. We will consider mainly the case when the Y’s are defined
as linear functions of the X’s.

Suppose then that

n
}’i= Zainj, i=1,...,n.
j=1

The constant coefficients a;; determine an n x »n matrix

a.ll o o o a.ln
A=lay] =] : - ]
anl e o @ a”n

Associated with such a matrix is its determinant

ay; " 4y
det A = :
Qa1 R

If det A # O there is a unique inverse matrix B = [b;;] such that B4 = [
or equivalently

@ I Y
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The constants b;; can be obtained by solving for each i the system (41) of n
equations in the n unknowns by, ..., b, Alternatively, the constants b;;
are uniquely defined by requiring that the equations

n
Vi = Za;jxj, i=1,...,n,
j=1

have solutions

(42) X; = Z bij’ i = 1,..., n.
Jj=1

Theorem 10 Let X,,..., X, be continuous random variables
having joint density f and let random variables Y,, . . ., Y, be defined by

J? i=1,...,n,

Y, = Z a; X
j=1

where the matrix A = [a;;] has nonzero determinant det A. Then
Yy, ..., Y, have joint density fy,, ..y, given by

1

@) Qo) =

Sy ey X),

where the X’s are defined in terms of the y’s by (42) or as the unique
solution to the equations y; = Y-, a;;x;.

This theorem, which we will not prove here, is equivalent to a theorem
proved in advanced calculus courses in a more general setting involving
“Jacobians.” From the general result proved in advanced calculus, we can
extend the above theorem to nonlinear changes of variables. We will
describe this extension briefly, although it will not be needed later.

Let the Y’s be defined in terms of the X’s by

Y, = g9(Xy, ..., Xp), i=1,...,n.
Consider the corresponding equations
(44 Vi = gxXys o005 X)), F= 1, 0 gttt

Suppose that these equations define the x’s uniquely in terms of the y’s,
that the partial derivatives dy,/0x; exist and are continuous, and that the

Jacobian
oy ...
0x, 0x,
JXg5-o0s X)) =1 ¢ :
s ... O
0x, 0x,

is everywhere nonzero. Then the random variables Y;, ..., Y, are con-
tinuous and have a joint density given by
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1
45 s oo sy P = Xiseoos Xg)s
(45) Jri va(V1 Yn) T f(xy )
where the x’s are defined implicitly in terms of the y’s by (44). This change
of variable formula can be extended still further by requiring that the

functions g; be defined only on some open subset S of R" such that

P(Xy,...,X)eS) = 1.

In the special case when y; = >'j_, a;;x;, we see that dy,/0x; = a;; and
J(xy,...,x,) is just the constant det 4 = det [a;;]. So it is clear that
(45) reduces to (43) in the linear case.

Example13. Let X,,..., X, be independent random variables each
having an exponential density with parameter 4. Define Y,,..., Y, by
Y, =X, + -+ X;,1 <i < n Find the joint density of Y;,..., ¥,.

The matrix [a;;] is

1 0 0
110 :

0
11 1]

Its determinant is clearly 1. The equations
Yi=X3 + "+ X i=1,...,n,
have the solution
X1 = Y1
X; =Y — Vi-1, i=2,...,n
The joint density of X, ..., X, is given by
Pl e 2 S Xgseeey Xy > 0,

(46) f(xl, ceey xn) = {0, elsewhere.

Thus the joint density fy,,. . y, is given by

Me™Mn, 0 <y < r< Y
(47) .le,...,Y,,(yb ) yn) e {0’ elsewhere.

Of course, one can apply the theorem in the reverse direction. Thusif
Y,,..., Y, have the joint density given by (47), and random variables
X...,X,aredefined by X; = Yand X; =Y, — Y;,_,for2 < i < n,
then the X’s have the joint density f given by (46). In other words,
Xy, ..., X, are independent and each has an exponential distribution with
parameter A. This result will be used in Chapter 9 in connection with
Poisson processes.
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Exercises

Let X and Y be continuous random variables having joint density
function f. Find the joint distribution function and the joint density
function of the random variables W = a + bX and Z = ¢ + dY,
where b > 0 and 4 > 0. Show that if X and Y are independent, then
W and Z are independent.

Let X and Y be continuous random variables having joint distribution
function F and joint density function f. Find the joint distribution
function and joint density function of the random variables W = X2
and Z = Y2. Show thatif X and Y are independent, then W and Z are
independent.

Let X and Y be independent random variables each uniformly distri-
buted on (0, 1). Find

X
(b) P(‘; — 1l_<_ .5),
© P(Y=X|Y > 12

Let X and Y be independent random variables each having the normal
density n(0, 6%). Find P(X? + Y2 < 1). Hint: Use polar coordinates.

Let X and Y have a joint density f that is uniform over the interior of
the triangle with vertices at (0, 0), (2, 0), and (1, 2). Find P(X < 1 and
Yy <1.

Suppose the times it takes two students to solve a problem are indepen-
dently and exponentially distributed with parameter A. Find the
probability that the first student will take at least twice as long as the
second student to solve the problem.

Let X and Y be continuous random variables having joint density f
given by f(x,y) = A%¢e™®, 0 < x < y, and f(x, y) = O elsewhere.
Find the marginal densities of X and Y. Find the joint distribution
function of X and Y.

Let f(x,y) = c¢(y — x),,0 < x < y < 1, and f(x, y) = 0 elsewhere.
(a) For what values of a can ¢ be chosen to make f a density function?
(b) How should ¢ be chosen (when possible) to make f a density?

(c) Find the marginal densities of f.

Let f(x, y) = ce”®*~+4)/12 _ o < x, y < 0. How should ¢ be
chosen to make f a density? Find the marginal densities of f.

Let X and Y be independent continuous random variables having joint
density f. Derive a formula for the density of Z = Y — X.

Let X and Y be independent continuous random variables having the
indicated marginal densities. Find the density of Z = X + Y.
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20
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Jointly Distributed Random Variables

(@) X and Y are exponentially distributed with parameters 4, and 4,,
where 4; # A,.

(b) X is uniform on (0, 1), and Y is exponentially distributed with
parameter A.

Let X anq Y have a joint density f given in Exercise 8. Find the
densityof Z = X + Y.

Let X and Y be independent and uniformly distributed on (a, b).
Find the density of Z = |Y — X]|.

Let X and Y be continuous random variables having joint density f.
Derive a formula for the density of Z = aX + bY, where b # 0.

Let f be a Beta density with parameters a; > 1 and o, > 1. Where
does f take on its maximum value?

Let X and Y be independent random variables having respective
normal densities n(u, 6¥) and n(u,, 62). Find the density of
Z=Y - X

Let a point be chosen randomly in the plane in such a manner that its
x and y coordinates are independently distributed according to the
normal density n(0, 62). Find the density function for the random
variable R denoting the distance from the point to the origin. (This
density occurs in electrical engineering and is known there as a Rayleigh
density.)

Let X and Y be continuous random variables having joint density f.
Derive a formula for the density of Z = XY.

Let X and Y be independent random variables each having the normal
density n(0, 0?). Show that Y/X and Y/|X| both have the Cauchy
density.

Let X and Y be as in Exercise 19. Find the density of Z = |Y|/|X|.

Let X and Y be independent random variables each having an ex-
ponential distribution with parameter A. Find the density of Z = Y/X.

Let X and Y be independent random variables having respective gamma
densities I'(a;, 4) and I'(a,, 4). Find the density of Z = X/(X + Y).
Hint: Express Z in terms of Y/X.

Let X and Y have joint density f as indicated below. Find the condi-
tional density fy x in each case:

(a) f as in Exercise 7,

(b) f as in Exercise 8,

(c) fas in Exercise 9.

Let X and Y be distributed as in Example 7. Find P(Y < 2| X = 1).

Show that the marginal density f, in Example 9 is negative binomial
with parameters a and p = B/( + 1). Hint: Use Formula (36) of
Chapter 5.

Let Y be a discrete random variable having a binomial distribution
with parameters n and p. Suppose now that p varies as random variable
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33

35
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37
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39

1m”m

IT having a Beta density with parameters o, and «,. Find the condi-
tional density of IT given Y = y.

Let Y be exponentially distributed with parameter .. Let A vary as a
random variable A having the gamma density I'(a, ). Find the
marginal density of Y and the conditional density of A given Y == y.
Let X,, X,, X; denote the three components of the velocity of a
molecule of gas. Suppose that X,, X,, X; are independent and each
has the normal density n(0, ¢2). In physics the magnitude of the
velocity Y = (X2 + X2 + X2)'/2 is said to have a Maxwell distribu-
tion. Find fy.

Let X,,..., X, be independent random variables having a common
normal density. Show that there are constants 4, and B, such that

X1+.”+Xn_An
B

n
has the same density as X.

Let X;, X,, X; be independent random variables each uniformly
distributed on (0, 1). Find the density of the random variable
Y=X,+ X, + X;. Find P(X, + X, + X; < 2).
Let X, be chosen uniformly on (0, 1), let X, be chosen uniformly on
(0, X;), and let X; be chosen uniformly on (0, X,). Find the joint
density of X, X,, X5 and the marginal density of X;.

Let U,,..., U, be independent random variables each uniformly
distributed over (0, 1). Let X;,k = 1,..., n,and R be as in Section 6.5.
(a) Find the joint density of X, and X,

(b) Find the density of R.

(c) Find the density of X,.

Let U,,..., U, be independent random variables each having an
exponential density with parameter A. Find the density of X; =
min (U,, ..., U,).

Find a formula for the y(n) density.

Let X and Y be independent random variables distributed respectively
as x%(m) and x*(n). Find the density of Z = X/(X + Y). Hint: Use
the answer to Exercise 22.

Let X and Y be independent random variables each having the standard
normal density. Find the joint density of aX + bY and bX — aY,
where a?> + b? > 0. Use this to give another derivation of Theorem 2.

Let X and Y be independent random variables each having density f.
Find the joint density of Xand Z = X + Y.

Let X and Y be independent random variables each having an ex-
ponential density with parameter 4. Find the conditional density of X
given Z = X + Y = z. Hint: Use the result of Exercise 37.

Solve Exercise 38 if X and Y are uniformly distributed on (0, c).
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Let U and V be independent random variables each having the standard

normal density. Set Z = pU + v/1 — p? V¥, where —1 < p < 1.

(a) Find the density of Z.

(b) Find the joint density of U and Z.

(c) Find the joint density of X = yu; + o,U and Y = yu, + 0,7,
where g, > 0 and ¢, > 0. This joint density is known as a bivar-
iate normal density.

(d) Find the conditional density of Y given X = x.

Let X and Y be positive continuous random variables having joint
density f. Set W = Y/X and Z = X + Y. Find the joint density of
W and Z in terms of f. Hint: Use Equation (45).

Let X and Y be independent random variables having the respective
gamma densities I'(«,, A) and I'(«,, 4). Use Exercise 41 to show that
Y/X and X + Y are independent random variables.

Let R and © be independent random variables such that R has the
Rayleigh density

G~ 2r e~ "29% r>0,
0 = g 2

and O is uniformly distributed on (—n, 7). Show that X = R cos ®
and Y = R sin O are independent random variables and that each has
the normal density n(0, 6®). Hint: Use Equation (45).



7 Expectations and the

Central Limit
Theorem

In the first four sections of this chapter we extend the definition and properties
of expectations to random variables which are not necessarily discrete. In Section
7.5 we discuss the Central Limit Theorem. This theorem, one of the most important
in probability theory, justifies the approximation of many distribution functions by
the appropriate normal distribution function.

7.1. Expectations of continuous random variables

Let us recall from Chapter 4 our definition of the expectation of a
discrete random variable X having density . We say that X has finite
expectation if X, |x]|f(x) < oo, and in that case we define its expectation
EX as

EX = ) xf(x).

X

The easiest way to define expectations of continuous random variables
having densities is by analogy with the discrete case.

Definition 1 Let X be a continuous random variable having
density f. We say that X has finite expectation if

f " fG) dx < oo,

and in that case we define its expectation by

EX = Jm xf(x) dx.

Using this definition we can easily calculate expectations of continuous
random variables having the various densities discussed in Chapters 5
and 6.

Example 1. Let X be uniformly distributed on (a, b). Then

b 2
EX=fx( ! )dx=( 1 )i‘_
b b—al 2

173

® a+b

a 2
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Example 2. Let X have the gamma density I'(«, A). Then

EX=f X e x* " le4* dx
o I(a)

4 f x%e™** dx

(o) Jo

_ A T+ 1) ‘
F(a) la+1

>R

where we have used Formulas (34) and (36) of Chapter 5. By setting
o« = 1 we see that if X has an exponential density with parameter A, then
EX =171

Example 3. Let X have the Cauchy density f given by

1

s 5 — < X < 0.
n(l + x*%)

Jfx) =

Then X does not have finite expectation. For

f lxl*l_.__._dx=gf X zdx
-0 (1l + x?) nJo 1 4+ x

2 . ¢ x
= = lim
T c—+® 01+x2

dx

=2 [ log (1 + x3)

T c—»

0

= 00.

7.2. A general definition of expectation

The definition of expectation given in Section 7.1 is certainly appropriate
from a computational point of view for the case of continuous random
variables having densities. In order to define expectation in general,
however, it is better to extend the notion of expectation directly from the
discrete case to the general case. We will present only the basic ideas that
motivate the general definition of expectation. The precise details require
further background in the theory of measure and integration. We will
assume in our discussion that all random variables under consideration
are defined on a fixed probability space (Q, &/, P).

Let X and Y be discrete random variables such that, for some ¢ > 0,
P(X — Y| < ¢) = 1. It follows from Theorems 2(iii) and 3 of Chapter 4
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that if Y has finite expectation, then X has finite expectation and
|EX — EY| < e It also follows that if Y does not have finite expectation,
then neither does X. When expectation is defined in general these proper-
ties should continue to hold.

Let us assume this to be the case and let X be any random variable.
Suppose we want to calculate EX with an error of at most ¢, for some
¢ > 0. All we need to do is find a discrete random variable Y such that
P(X — Y| < ¢ =1 and calculate EY according to the methods of
Chapter 4.

It is easy to find such approximations to X. Let X, be the discrete
random variable defined by

(1) X,=¢ if ek < X <ek+ 1) for the integer k.

This random variable can also be defined in terms of the greatest integer
function [ ] as X, = ¢[X/e]. If ¢ = 107" for some nonnegative integer
n, then X, (w) can be obtained from X (w) by writing X'(w) in decimal form
and dropping all digits n or more places beyond the decimal point. It
follows immediately from (1) that

X(w) — ¢ < X,(0) < X(w), w € Q,
and hence P(|X — X,| < ¢) = 1. The density function of X, is given by

Fo(x) = Plek < X < ¢k + 1)) if x = ¢k for the integer k,
X170 elsewhere.

The random variable X, has finite expectation if and only if

Y Ixlfx (%) = Y lek|P(ek < X < e(k + 1)) < oo,

x k

in which case
EX, = ) ¢kP(ck < X < ek + 1)).

k

These expressions can be written in terms of Fy. For
Pk < X <elk+ 1) =PX <éek + 1) — P(X < ¢&k)

and by Equation (5) of Chapter 5, P(X < x) = F(x—) holds for all x.
The following theorem, which we state without proof, will be used to give a
general definition of expectation.

Theorem 1 Let X be a random variable and let X,, ¢ > 0, be
defined by (1). If X, has finite expectation for some ¢ > 0, then X,
has finite expectation for all ¢ > 0 and

lim EX,

-+

exists and is finite.
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This theorem and our preceding discussion suggest the following general
definition of expectation.

Definition 2 Let X be a random variable and let X,, ¢ > 0, be
defined by (1). If X, has finite expectation for some ¢ > 0, we say that
X has finite expectation and define its expectation EX by

EX = lim EX,.

e—0

Otherwise we say that X does not have finite expectation.

From the discussion preceding Theorem 1 it follows that the definition
of EX can be given in terms of the distribution function of X and that if
two random variables have the same distribution function, then their
expectations are equal (or both not finite). Using techniques from the
theory of measure and integration, we can show that Definition 2 gives
the same values as do our previous definitions for the special cases when
X is discrete or when X is a continuous random variable having a density.
There is an analog of Theorem 1 of Chapter 4 which we state without
proof. In this theorem, ¢ can be any function of the type considered in
calculus.

Theorem 2 Let X,,..., X, be continuous random variables
having joint density f and let Z be a random variable defined in terms of
X,.., X, by Z = 9o(X,,..., X,). Then Z has finite expectation
if and only if

J—oo”.f—w I(p(xls-“sxn)lf(xls--'sxn) dxl.”dx'l < oo,

in which case

EZ =f f O(Xqs v X)f(X1y ..., X,) dxy* - dX,.

We can show that the basic properties of expectation proven in Chapter
4 for discrete random variables are valid in general. In particular Theorems
2, 3, and 4 of Chapter 4 are valid and will be freely used.

As in the discrete case we sometimes refer to EX as the mean of X. The
definition of moments, central moments, variance, standard deviation,
covariance, and correlation given in Chapter 4 for discrete random
variables depend only on the notion of expectation and extend immediately
to the general case.

In general, as in the discrete case, if X has a moment of order r, then X
has a moment of order k for all k < r. Theorems 6 and 7 of Chapter 4
are also true in general. The reader should review these definitions and
theorems in Chapter 4 before going on to the next section.
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7.3. Moments of continuous random variables

Let X be a continuous random variable having density / and mean pu.
If X has finite mth moment, then by Theorem 2

EX™ = foo x"f(x) dx

- 00

and

BC - = [ (x - e
In particular, if X has finite second moment, its variance o2 is given by

o? = f " = W) dx.

- 00

Note that 62 > 0. For if 62> = 0, then it follows by the argument of
Section 4.3 that P(X = u) = 1, which contradicts the assumption that X
is a continuous random variable.

Example 4. Let X have the gamma density I'(¢, A). Find the moments
and the variance of X.

The mth moment of X is given by
m & m Aa a=1,—ix
EX™ == f X" — x*"le™** dx
0 I'(x)
— Aa N
I'(ex) Jo
so by Formulas (34) and (36) of Chapter 5
xm = AT(m + o)
lm+ar(a)
_ afe + 1) (¢ + m—1)
Am '

xm+a— le—lx dx,

()

The variance of X is given by
1) a\? «
6> = EX? — EX2=§(L“_*_‘__(_) - &

() A? A A?
By setting « = 1, we see that if X has the exponential density with
parameter A, then EX™ = m! A™™ and X has variance 1~2. For a second
special case, let X have the y%(n) distribution which, according to Section
6.6, is the same as the I'(n/2, 1/2) distribution. Then

=ﬁ/—2=n and Var X = i
172 (1/2)?

EX
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We can often take advantage of symmetry in computing moments.
For example, if. X has a symmetric density, if EX™ exists, and if m is an
odd positive integer, then EX™ = 0. To see this, note that by Theorem 2
of Chapter 5, X and — X have the same distribution function. Thus X™
and (—X)™ = —X™ have the same distribution function and conse-
quently the same expectation. In other words EX™ = E(—X™) = —EX™,
which implies that EX™ = 0.

Example 5. Let X have the normal density n(y, 0?). Find the mean
and central moments of X.

The random variable X — p has the normal density n(0, 62), which is a
symmetric density. Thus E(X — u)™ = 0 for m an odd positive integer.
In particular E(X — u) = 0, so we see that the parameter y in the normal
density n(u, ?) is just the mean of the density. It now follows that all the
odd central moments of X equal zero. To compute the even central
moments we recall from Section 5.3.3 that Y = (X — pu)? has the gamma
density I'(1/2, 1/2¢%). Since for m even E(X — u)" = EY™?, it follows
from Example 4 that

- (m + 1)
2

BN
3

()
202

=0¢"-3---(m - 1.

EX — w" =

(8]

N =

By using Formulas (35) and (38) of Chapter 5, we obtain the alternative
formula

3) EX — gy = —™_om

=)

In particular o? denotes the variance of X and E(X — p)* = 30*.

Let X and Y be continuous random variables having joint density f,
means py and uy, and finite second moments. Then their covariance is
given by

@ B =¥ =) = [ [ =y = mfe ) dxdy,

Example 6. Let X and Y have the joint density f in Example 2 of
Chapter 6. Find the correlation between X and Y.
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According to Example 2 of Chapter 6

f(x, y) = \/3 o~ [(x2=xy+y2)/2]
4n

e _\/_3 e~ 3x%8,—L(y=x/2)2/2]
4

We saw in that example that X and Y each have the normal density
n(0, 4/3). Thus uy = uy = 0 and Var X = Var Y = 4/3. From Equa-
tion (4) and the second expression for f, we have

e [—x/2)?/2] dy.

EXY = ‘/3_ f xe~(322/8) gy
2\/27t

fo%

Now

R S (PP f N ( ) 1 -2 X
— € . dy = u + e du = = ’
f o’ Von AR V2n 2

and hence

EXY = 1 f x2e~(3x%8) gy
2 ( z ) N
& =
V3

1/2 er x2n(x; 0, 4/3) dx

- 0

= 1/2-4/3 = 2/3.
The correlation p between X and Y is given by
EXY 2/3 _1

P NarxNar ¥ Ja/3Ja3 2

Example?7. Let U,,..., U, be independent random variables each
uniformly distributed over (0, 1) and set

X =min (U,,..., U,)
and
Y = max (U, ..., U,).

Find the moments of X and Y and the correlation between X and Y.

These random variables were studied in Section 6.5 (where they were
denoted by X, and X,). Specializing the results of that section to U,’s
which are uniformly distributed, we find that X and Y have a joint density
f given by

4 _[n(n = 1)y —%""? 0<x<y<],
) f(x, y) {0, elsewhere.
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Those readers who have skipped Section 6.5 can think of the present
problem as that of finding the moments of, and the correlation between
two random variables X and Y whose joint density is given by (5).

The mth moment of X is given by

EX™ = n(n — l)fx"‘dxfl(y—x)"'zdy
0 x

= n(n — 1) J: X" dx(y__:_{}i'_‘

n—1

y=1

y=x
1

=n j x"(1 — x)*~! dx.
0

The definite integral appearing in this expression is a Beta integral and
was evaluated in Formula (19) of Chapter 6. From this formula we find
that

EX™ — nI'(m + NI'(n) _ m!n!
—F(m+ n + 1)_(m+n)!'

In particular, EX = 1/(n + 1) and EX? = 2/(n + 1)(n + 2). It follows
that

_ 2y _ - R n
Var X = (EX*) — (EX) Gk 26 D)

The mth moment of Y is given by
1 y
EY™ = n(n — l)f y" dyf (y — x)""%dx
0 0

= nn — 1) fo y"dy (y _nx)—u-l(—l)

xX=y

x=0

1
= nf ym+n—l dy

0

__n
m+n’
Thus EY = n/(n + 1) and
2
VarY = - —( e ) = i :
n+ 2 n+1 (n + D%(n + 2)

Alternatively, these quantities could be computed from the marginal
densities of X and Y.
To find the covariance of X and Y we start with

1
EXY = n(n — l)f ydy fyx(y— x)"~ 2 dx.
0 0
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Since

x(y =X =y —x" = (y — 2,
we find that

EXY =n(n — 1) fl y2 dy fy(y — xX)""2dx
0 0
1 y
—n(n—l)J;ydyJ;(y—x)""dx

= n(n — 1) J: y* dy (y —nx{-ll(—l) Y

x=0

xX=y

—nn — 1) J:ydy (y - 3:')"(—1)

x=0

1 1
nf yn+1dy_(n_ l)fo yn+1dy

0

Consequently
Cov (X, Y) = EXY — EXEY

1 n
n+2 (n+ 1)?
_ 1

(n + )%n +2)
Finally we obtain for the correlation between X and Y,
_ Cov(X,Y)
- \/ Var X Var Y

1 n
o+ DXn + 2)/ (n + 1*(n + 2)

7.4. Conditional expectation

Let X and Y be continuous random variables having joint density f and
suppose that Y has finite expectation. In Section 6.3 we defined the
conditional density of Y given X = x by

f(x, )
nx( 1 %) =1{ fyr(x) ’

0, elsewhere.

0 <fX(x) < o0,
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For each x such that 0 < fy(x) < oo the function fyx(y | x), —o0 <
y < o0, is a density function according to Definition 5 of Chapter 5. Thus
we can talk about the various moments of this density. Its mean is called
the conditional expectation of Y given X = x and is denoted by
E[Y| X =x]or E[Y| x]. Thus

© BLY1X =<1 = [ w104y

_ 20 ¥f(x, y) dy
Sx(x)

when 0 < fx(x) < 0. We define E[Y| X = x] = 0 elsewhere. In
statistics the function m defined by m(x) = E[Y | X = x] is called the
regression function of Y on X.

Conditional expectations arise in statistical problems involving predic-
tion and Bayesian estimation, as we will see in Volume II. They are also
important, from a more general viewpoint, in advanced probability theory.
We will confine ourselves to some elementary illustrations of conditional
expectations. The general theory is quite sophisticated and will not be
needed in this book.

Example 8. Let X and Y have the joint density f in Example 2 of
Chapter 6. Find the conditional expectation of Y given X = x.

In Example 7 of Chapter 6 we found that the conditional density of Y
given X = x is the normal density »n(x/2, 1) which we now know has
mean x/2. Thus

E[Y|X=x]=J—2c.

In this example the conditional variance of Y given X = x is the constant 1.

Example 9. Let X and Y be continuous random variables having joint
density f given by (5). In the previous section we computed various
moments involving X' and Y. Here we will compute the conditional density
and conditional expectation of Y given X = x.

The marginal density of X is given by

1
) = nn — 1) f (y — X' dy

=nl-x"1! 0<x<I1,
and fy(x) = 0 elsewhere. Thus for0 < x < 1,

(i~ 1Ky = X *
f(yx) = 1 - x)?

0, elsewhere.

, x<y<l,
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Consequently, for 0 < x < 1,

E[Y|X=x]=f

=m—4m—ww“fﬂy—w”w»

0

3} ¥(y|x)dy

=0w-m1—m“ﬂfKy—n"*+ny—n”ﬂw»

= (n — 1)1 — )" [(1 — X x(1 - x)"‘l]

n n—1
_(=D1-n
n
=n—l-l-x
S-ma

It is sometimes convenient to calculate the expectation of Y according to
the formula

@) EY = fw E[Y| X = x]fx(x) dx.

This formula follows immediately from (6). For

JiﬁDWX=ﬂmna=ﬁ:af:ﬂ@ﬁ@

- [ [ wenaa
= EY.
Applying this formula to Example 9, we get

EY = fl ("—'—Lif) n(1 — x)*~! dx

0 n

=n fol 1 - x""ldx — J: (1 — x)"dx

1 n

=1— —3 3
n+1 n+1

which agrees with the answer found in Example 7.
Naturally, conditional expectations can be defined similarly for discrete
random variables. Some exercises involving this were given in Chapter 4.

7.5. The Central Limit Theorem

Throughout this section X, X, ... will denote independent, identically
distributed random variables having mean u and finite nonzero variance
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o2. We will be interested in studying the distribution of S, = X; + - -
+ X,. First of all we note that S, has mean nu and variance no?.

Suppose next that X, has density f. Then, for all » > 1, S, will have a
density /5 . Now f5, = f, and the other densities can be calculated succes-
sively by using formulas obtained in Chapters 3 and 6 for the density of
the sum of two independent random variables. We have that

fsx) = X fso (Df(x = y)

or
509 = [ fouMx = 3y

according as X, is a discrete or a continuous random variable. For certain
choices of f (e.g., binomial, negative binomial, Poisson, normal, and
gamma), we can find simple formulas for f5,. In general, however, we have
to resort to numerical methods.

One of the most important and most remarkable results of probability
theory is that for large values of n the distribution of S, depends on the
distribution of X, essentially only through u and o2. Such a result is more
easily discussed in terms of the normalized random variable

=S,,—ES,,___S,,—n;1
\/Var S, a\/n ’

which has mean 0 and variance 1.

To get some idea of how the distribution function of S, behaves as
n - oo, let us first consider a special case in which this distribution
function can be found easily and exactly. Suppose, then, that X, is
normally distributed with mean u and variance ¢2. Then, by results in
Chapter 6, S,¥ is normally distributed with mean 0 and variance 1 or, in
other words, S,¥ has the standard normal distribution function ®.

Suppose next that X, takes values 1 and O with respective probabilities
pand 1 — p. Then as we saw in Chapter 3, S, has a binomial distribution
with parameters n and p; that is,

S*

PGS, = k) = () #0 = D

It was discovered by DeMoivre (1667-1754) and Laplace (1749-1827)
that in this case the distribution function of S,* approaches @, the standard
normal distribution function, as n — oo.

In more recent times there have been many extensions of the DeMoivre-
Laplace limit theorem, all known as “‘central limit theorems.”” The simplest
and best known of these results was proven by Lindeberg in 1922:



7.5. The Central Limit Theorem 185

Theorem 3 Central Limit Theorem. Let X, X,,... be inde-
pendent, identically distributed random variables having mean y and
finite nonzero variance ¢*. Set S, = X, + -+ + X,. Then

®) lim P

Ll

The generality of this theorem is remarkable. The random variable X,
can be discrete, continuous, or neither of these. Moreover, the conclusion
holds even if no moments of X, exist beyond the second. Another very
surprising part of the theorem is that the limiting distribution function of
S,! is independent of the specific distribution of X, (provided, of course,
that the hypotheses of the theorem are satisfied). We should not be
surprised, however, that @ is that limiting distribution. For we have seen
that this is true if X has either a normal or a binomial distribution.

The proof of the Central Limit Theorem will be postponed to Chapter 8,
since it requires advanced techniques yet to be discussed which involve
characteristic functions. It is possible to give an elementary but somewhat
laborious proof of the DeMoivre-Laplace limit theorem, the special case
of the Central Limit Theorem when X, is binomially distributed. There
are elementary ways to make the Central Limit Theorem plausible, but
they are not proofs. One such way is to show that, for any positive integer
m, if X, has finite mth moment, then

hmE(S —nu)

= @ o/n

exists and equals the mth moment of the standard normal distribution.
At this stage it is more profitable to understand what the Central Limit
Theorem means and how it can be used in typical applications.

”_<_x)=d>(x), —0 < x < 0.

Example 10. Let X,, X,,... be independent random variables each
having a Poisson distribution with parameter A. Then by results in
Chapter 4, u = 6> = 1 and S, has a Poisson distribution with parameter
ni. The Central Limit Theorem implies that

(S nl

\/nl

One can extend the result of this example and show that if X, is a
random variable having a Poisson distribution with parameter A = ¢, then

(X — EX,
\/ Var X,

lim P

n— o

Sx)=d>(x), -0 < x < 0.

)] lim P

t— o0

x)=d>(x), —0 < X < 00.
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Equation (9) also holds if X, is a random variable having the gamma
distribution I'(¢, 2) for fixed A, or the negative binomial distribution with
parameters a = ¢ and p fixed.

7.5.1. Normal approximations. The Central Limit Theorem strongly
suggests that for large » we should make the approximation

P(ugx)z(b(x), —0 < X < 00,
n
or equivalently
(10) PSS, <x)~ @ (" = _’“‘)
av/n
=®(x_—_l_?_§)’ -0 < x < 0.
\/Var S,

We will refer to (10) as a normal approximation formula. According to
this formula we approximate the distribution function of S, by the normal
distribution function having the same mean and variance. One difficulty
in applying the normal approximation formula is in deciding how large n
must be for (10) to be valid to some desired degree of accuracy. Various
numerical studies have indicated that in typical practical applications
n = 25 is sufficiently large for (10) to be useful.

As an example where normal approximation is applicable, let X,
X,,... be independent random variables each having an exponential
density with parameter A = 1. Then (10) becomes

X —n
Vn
Graphs showing the accuracy of this approximation are given in Figure 1

for n = 10.

(11) P(S,,sx)z(b( ), —o < x < o0.

1.0+ S
8+
6T
4+
/ = True Distribution Function
24 — — Normal Approximation
‘/ L L E.
o 5 10 15 20

Figure 1
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Example 11. Suppose the length of life of a certain kind of light bulb,
after it is installed, is exponentially distributed with a mean length of
10 days. As soon as one light bulb burns out, a similar one is installed in
its place. Find the probability that more than 50 bulbs will be required
during a one-year period.

In solving this problem we let X, denote the length of life of the nth
light bulb that is installed. We assume that X, X,, ... are independent
random variables each having an exponential distribution with mean 10 or
parameter A = 1/10. Then S, = X; + --- + X, denotes the time when
the nth bulb burns out. We want to find P(Ss, < 365). Now Ss, has
mean 50A~! = 500 and variance 5042 = 5000. Thus by the normal
approximation formula (10)

P(Sso < 365) ~ ® (M)
/5000
— ®(—1.91) = .028.

It is therefore very unlikely that more than 50 bulbs will be needed.

Suppose that S, is a continuous random variable having density f . If
we differentiate the terms in (10) we obtain

|1 x — nu)
12 X) & = 2t —00 < x < o0.
1 5 Mrp(a\/n , w
Though the derivation of (12) is far from a proof, (12) is actually a good
approximation for »n large (under the further mild restriction that, for some
n, fs, is a bounded function).

As an example of this approximation let X; be exponentially distributed
with parameter 4 = 1, so that (11) is applicable. Then (12) becomes

(13) f5,(x) = —1: [0 (x —_n) , —00 < n < o0.
JVn Jn

Graphs showing the accuracy of this approximation are given in Figure 2

for n = 10.

True Density Function

DOT L i Normal Approximation

Figure 2
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Forms of the Central Limit Theorem involving densities instead of
distribution functions are known as ‘“local” central limit theorems. They
are also important, especially in the advanced theory of probability.

There is an approximation similar to (12) for discrete random variables.
Naturally, a precise statement of such an approximation depends on the
nature of the possible values of S,, that is, those values of x such that
fs,(x) = P(S, = x) > 0. For simplicity we make the following two
assumptions:

(i) If x is a possible value of X, then x is an integer;

(i) if a is a possible value of X, then the greatest common divisor of
the set
{x — a| x is a possible value of X}
is one.

We exclude, for example, a random variable X, such that P(X; = 1) =
P(X, = 3) = 1/2, for then the greatest common divisor of the indicated
set is 2. Under assumptions (i) and (ii), the approximation

1 (x—ny

Al

(14) Is.(%) =

is valid for large n.

) A X an integer,

Example 12. Let X, be the binomial random variable taking on values
1 and 0 with probabilities p and 1 — p respectively. Then (i) and (ii)
hold and (14) is applicable with 4 = p and 62 = p(1 — p). Since S, has
the binomial distribution with parameters n and p, we have the approxima-
tion

a9 fld = () ra -y
o 1 X — np
Vnp(1 — p) Y (\/np(l - p)

This approximation is plotted in Figure 3 forn = 10 and p = .3.

) , X an integer.

From Figure 3 we are led to another method for approximating fs (x)
in the discrete case, that is, the integral of the right side of (14) over the set
[x — 1/2, x + 1/2]. By expressing this integral in terms of ® we obtain
as an alternative to (14)

x + (1/2)_— n;z)
ov/n
_® (x - (1/2_)_— nu

0’\/71

16)  fu() ~ @ (

) , X an integer.
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O T . f T
o 1 2 3 4 5 6 7 8 9 10

Figure 3

The area of the shaded region of Figure 3 is an approximation to
P(S, = 95).

Finally, if we sum (16) on the set {..., x — 2, x — 1, x} we are led to
the approximation
A7)  PS,<x) ~ @ (" + (1/2) — np

0'\/n

When S, is discrete and conditions (i) and (ii) hold, then (17) is usually
more accurate than is the original normal approximation Formula (10).
In Figure 4 we compare the approximations in Formulas (10) and (17)
when S, has the binomial distribution with parameters n = 10 and
p=.3.

) , X an integer.

From (17)

From (10)

Figure 4

Example 13. A certain basketball player knows that on the average he
will make 60 percent of his freethrow attempts. What is the probability
that in 25 attempts he will be successful more than one-half of the time?

We will interpret the problem as implying that the number S, of successes
in n attempts is binomially distributed with parameters n and p = .6.
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Since P(S, = x) =1 — P(S, < x — 1) we are led from (17) to the
approximation

18) PS,z0)~1-0 (x ~ (1/2) = np

0’\/71
In our case ny = 25(.6) = 15 and ov/n = /25(.6)(4) = 5v/.24. Thus
13 = 2 — 15)

) , X an integer.

5/.24
=1 — ®&(—1.02)
— @(1.02) = .846.

7.5.2. Applications to sampling. The Central Limit Theorem and the
corresponding normal approximation formulas can be regarded as refine-
ments of the Weak Law of Large Numbers discussed in Chapter 4. We
recall that this law states that for large n, S,/n should be close to u with
probability close to 1. The weak law itself, however, provides no infor-
mation on how accurate such an estimate should be. As we saw in Chapter
4, Chebyshev’s Inequality sheds some light on this question.

The normal approximation formula (10) is also useful in this context.
Forc > 0

4l

ﬁ—y'zc)=P(S,,5nu—nc)+P(S,,2nu+"C)

() -+(3)
-ofi-o()
In other words

(19) P ([% . u‘ > c) ~ 21 — O()),

where

Q

o

(20) g

Example 14. A sample of size n is to be taken to determine the per-
centage of the population planning to vote for the incumbent in an election.
Let X, = 1 if the kth person sampled plans to vote for the incumbent and
X; = Ootherwise. We assume that X, ..., X, are independent, identically
distributed random variables such that P(X; = 1) = pand P(X; = 0) =
1 — p. Then u = p and 6? = p(1 — p). We will also assume that p is

close enough to .5 so that ¢ = \/ p(1 — p) can be approximated satis-
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factorily by ¢ =~ 1/2 (note that ¢ has a maximum of 1/2 at p = .5, and
that, as p ranges over .3 < p < .7, o stays above .458 which is close to
1/2). The random variable S,/n denotes the fraction of people sampled
that plan to vote for the incumbent and can be used to estimate the true
but unknown probability p. We will use normal approximations to solve
the following three problems:

(1) Suppose n = 900. Find the probability that

Ot p‘ > .025.

n

(ii)) Suppose n = 900. Find c such that

P ( % _ p
(iii) Find n such that
7

n
Solution to (i). By (20) L
5 _ (.025)/900 _
S

> c) = .01.

<L pl > .025) = 0L

n

1.5,

so by (19)

S _ pl > .025) ~ 2(1 — ®(1.5))
n

d
= 2(.067) = .134.

Solution to (ii). We first choose 6 so that 2(1 — ®(5)) = .01 or
®(6) = .995. Inspection of Table I shows that 6 = 2.58. Solving (20) for

c we get

c=if:=(2'———5—g@=.043.

Jno /900

Solution to (iii). As in (ii) we have 6 = 2.58. Solving (20) for n we find
6262 (2.58)%(.25) _

n= 2663.
c? (825)°
It is worthwhile to compare the results of (ii) and (iii). In both cases
P(ﬁ—p Zc) ~ .0l.
n

In (ii), ¢ = .043 and n = 900, while in (iii), ¢ = .025 and n = 2663. In
going from (ii) to (iii), in order to decrease c by the factor 43/25 we are
forced to increase n by the square of that factor. This is true generally
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whenever we want to keep

rRlEY
— = fl 2 e
n

4

constant. For then ¢ is determined by (19) and, from (20), » is related to ¢
by n = 6%6?%/c?. In the same context, if we increase n by some factor, we
decrease ¢ only by the square root of that factor.

-

10

1"

12

13

14

Exercises

Let X have a Beta density with parameters a; and a,. Find EX.

Let X' and Y be independent random variables having respective gamma
densities I'(a;, 4) and I'(a,, 4). Set Z = Y/X. For which values of «,
and a, will Z have finite expectation? Find EZ when it exists. Hint:
See Theorem 3 of Chapter 6 and related discussion.

Let X have the normal density n(0, 6?). Find E|X|. Hint: Use the
result of Exercise 31 of Chapter 5.

Let X have an exponential density with parameter A and let X, be
defined in terms of X and ¢ > 0 by (1). What is the distribution of
X,/e? Find EX, and evaluate its limit as ¢ — 0.

Let XX have a Beta density with parameters «, and a,. Find the
moments and the variance of X.

Let X have a x? distribution with n degrees of freedom. Find the mean
of Y = \/ X.

Let X be the random variable as in Example 7. Find EX™ from the
marginal density fx.

Let Z'be as in Exercise 2. Find the variance of Z.

Let U, and U, be independent random variables each having an
exponential density with parameter 4, and set Y = max (U,, U,).
Find the mean and variance of Y (see Section 6.5).

Let X be the random variable from Example 1 of Chapter 5. Find the
mean and variance of X.

Let X be the random variable from Example 1 of Chapter 6. Find the
mean and variance of X. Hint: Reduce EX? to a Beta integral.

Find the mean and variance of the random variable Z from Exercise 17
of Chapter 6.

Find the mean and variance of the random variable Y from Exercise 28
of Chapter 6.

Let X be the sine of an angle in radians chosen uniformly from
(—=n/2, n/2). Find the mean and variance of X.
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Let X have the normal density n(0, 62). Find the mean and variance of
each of the following random variables:

(@) 1X|;

(b) X?;

(c) e'X.

Let X have the gamma density I'(, 1). For which real ¢ does e’* have
finite expectation? Find Ee'X for these values of ¢.

Let X have the gamma density I'(a, 1). For which real numbers r does
X" have finite expectation? Find EX" for these values of r.

Let X" be a nonnegative continuous random variable having density
fand distribution function . Show that X has finite expectation if and
only if

fw (1 — F(x))dx < o
0
and then
EX = f (1 — F(x)) dx.
0

Hint : See the proof of Theorem 5 of Chapter 4.

Let X, be the kth order statistic in a sample from random variables
U,,..., U, which are independent and uniformly distributed over
(0, 1). Find the mean and variance of X;.

Let X and Y be as in Example 7 and let R = Y — X. Find the mean
and variance of R. Hint: Use Equation (16) of Chapter 4.

Let X and Y have density f as in Exercise 9 of Chapter 6. Find the
correlation between X and Y.

Let X and Y be independent random variables such that X has the
normal density n(u, 62) and Y has the gamma density I'(¢, ). Find
the mean and variance of the random variable Z = XY.

Let X and Y be random variables having mean 0, variance 1, and
correlation p. Show that X — pY and Y are uncorrelated, and that
X — pY has mean 0 and variance 1 — p2.

Let X, Y, and Z be random variables having mean 0 and unit variance.
Let p, be the correlation between X and Y, p, the correlation between
Y and Z, and p, the correlation between X and Z. Show that

ps = pyp, — V1 — p? V1 - p3.
Hint : Write
XZ = [p,Y + (X — py V)][pY + (Z - p,Y)],
and use the previous problem and Schwarz’s inequality.

Let X, Y, and Z be as in the previous problem. Suppose p; = .9 and
p2 = .8. What can be said about p;?
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Let X and Y have a density f that is uniform over the interior of the
triangle with vertices at (0, 0), (2, 0), and (1, 2). Find the conditional
expectation of Y given X.

Let X and Y be independent random variables having respective gamma
densities I'(x,, 4) and I'(x,, 4), and set Z = X + Y. Find the con-
ditional expectation of X given Z.

Let IT and Y be random variables as in Exercise 26 of Chapter 6.
Find the conditional expectation of IT given Y.

Let X and Y be continuous random variables having a joint density.
Suppose that Y and ¢(X)Y have finite expectation. Show that

=]

_ PXE [Y]X = x]fx(x) dx.

Ep(X)Y = J

Let X and Y be continuous random variables having a joint density,
and let Var[Y| X = x] denote the variance of the conditional
density of Y given X = x. Show that if E[Y | X = x] = p indepen-
dently of X, then EY = p and

Var Y = on Var [Y | X = x]fx(x) dx.

Let X;, X,,... be independent, identically distributed random
variables having mean O and finite nonzero variance 6> and set
S, = X; + -+ X,. Show that if X, has finite third moment, then

ES3 = nEX} and
S 3
lim E ( "_) = 0,
Ak W
which is the third moment of the standard normal distribution.

Let X,,..., X,, and S, be as in Exercise 31. Show that if X, has finite
fourth moment, then

ES} = nEX% + 3n(n — 1)¢*

) =

which is the fourth moment of the standard normal distribution.
Hint: The term 3n(n — 1) comes from the expression

n\ 4!
2) 2121

Let X have the gamma density I'(a, 4). Find the normal approxirnation
for P(X < x).

Let X,, X,,... be independent, normally distributed random
variables having mean 0 and variance ¢2.

and
lim E (

n—> o
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(a) What is the mean and variance of the random variable X2?
(b) How should P(X? + --- + X2 < x) be approximated in terms of
D?

Let X;, X,, ... be independent normally distributed random variables

having mean 0 and variance 1 (see previous exercise).

(@) Find P(X? + -+ + X2, < 120).

(b) Find P80 < X? + -+ + X%, < 120).

(c) Find c such that P(X? + -+ + X2, < 100 + ¢) = .95.

(d) Find ¢ such that P(100 — ¢ < X2 + -+ + X250 < 100 + ¢) =
95.

A runner attempts to pace off 100 meters for an informal race. His
paces are independently distributed with mean g = .97 meters and
standard deviation ¢ = .1 meter. Find the probability that his 100
paces will differ from 100 meters by no more than 5 meters.

Twenty numbers are rounded off to the nearest integer and then
added. Assume the individual round-off errors are independent and
uniformly distributed over (—1/2, 1/2). Find the probability that the
given sum will differ from the sum of the original twenty numbers by
more than 3.

A fair coin is tossed until 100 heads appear. Find the probability that
at least 226 tosses will be necessary.

In the preceding problem find the probability that exactly 226 tosses
will be needed.

Let X have a Poisson distribution with parameter A.

(@) How should fx(x) be approximated in terms of the standard
normal density ¢?

(b) How should fy(x) be approximated in terms of the standard
normal distribution function ®?

Let S, have a binomial distribution with parameters #» and p = 1/2.
Howdoes P(S,, = n) behave forn large? Hint: Use approximation (15).

Players A and B make a series of $1 bets which each player has
probability 1/2 of winning. Let S, be the net amount won by player 4
after n games. How does P(S,, = 0) behave for n large? Hint: See
previous problem. Why isn’t approximation (15) directly applicable
in this case?

Candidates 4 and B are running for office and 559 of the electorate
favor candidate B. What is the probability that in a sample of size 100
at least one-half of those sampled will favor candidate 4?

A polling organization samples 1200 voters to estimate the proportion
planning to vote for candidate 4 in a certain election. How large
would the true proportion p have to be for candidate A to be 959 sure
that the majority of those sampled will vote for him?
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45 Suppose candidate A from the preceding problem insisted that the
sample size be increased to a number 7 such that if 519 of all voters
favored him he could be 95% sure of getting a majority of the votes
sampled. About how large would » have to be?

46 Solve Exercise 27 of Chapter 4 by using normal approximation.



Moment Generating

8 Functions and
Characteristic

Functions

Some of the most important tools in probability theory are borrowed from other
branches of mathematics. In this chapter we discuss two such closely related tools.
We begin with moment generating functions and then treat characteristic functions.
The latter are somewhat more difficult to understand at an elementary level because
they require the use of complex numbers. It is worthwhile, however, to overcome
this obstacle, for a knowledge of the properties of characteristic functions will
enable us to prove both the Weak Law of Large Numbers and the Central Limit
Theorem (Section 8.4).

8.1. Moment generating functions

The moment generating function My(t) of a random variable X is

defined by
Mx(t) - Eetx.

The domain of My is all real numbers ¢ such that ¢'* has finite expectation.

Example1. Let X be normally distributed with mean u and variance

62. Then
My(t) = EeX = i el 1__ e~ [x=m?/20%] gy
J—o oV 2n
AT
— e‘(Y"’M) s e—y2/202 d
J-o o\ 2n
- 1 -2 2
o[ L oy,
- 0'\/ 2n
Now
ty _ _X_f_ _ —(y ot o.zt)z + o.2t2
202 202 i,
Consequently

272 £ 1
M,(t) = e*e”/2 f —_—
¥ — 0'\/271:

197

e-[(y-azl)Z/Zczl dt. .
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Since the last integral represents the integral of the normal density
n(c?t, a?), its value is one and therefore

1) My(t) = ee®™2,  —o0 <t < .

Example 2. Let X have the gamma density with parameters « and A.
Then

M,(t) = fo e . pirilgmax gy

')
= A = xa—le—(l—r)x dx
I'(a) Jo
_ A T(®)
I'(e) (A — t)*
for —o0 < t < A The integral diverges for A < ¢t < oo. Thus
(2) My(t) = (z—l—t) ; -0 <t<A

Suppose now that X is a discrete random variable, all of whose possible
values are nonnegative integers. Then

My(t) = f; "P(X = n).

n=0

In Chapter 3 we defined the probability generating function for such
random variables as

Dy(t) = 20 "P(X = n).

From these two formulas it is clear that

(3) My(t) = @x(€).

Formula (3) allows us to determine the moment generating function directly
from the probability generating function. For example, if X has a binomial
distribution with parameters » and p, then as was shown in Example 16 of
Chapter 3,

Dx(t) = (pt + 1 — p)".
It follows immediately that
My(t) = (pe + 1 — p)".

Similarly, if X has a Poisson distribution with parameter A, then according
to Example 18 of Chapter 3,

D (t) = ¢,
Consequently,
My(t) = ™D,
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Of course, in these two examples M(¢) could also easily be obtained
directly from the definition of the moment generating function.

= If X and Y are independent random variables, then e’* and e'* are also
independent. Consequently

Mx+y(t) = Eel(X+Y) == Ee:x tY __ EetXEetY
= My(t)My(t).

It follows easily that if X,,..., X, are independent and identically
distributed, then

) My s... 45 (1) = (Mx,(2))".
In order to see why M(¢?) is called the moment generating function we
write
Myt) = Ee*=E ¥ X
n=0 n!

Suppose My(t) is finite on —¢, < t < ¢, for some positive number ¢,.
In this case one can show that in the last expression for M(¢) it is per-
missible to interchange the order of expectation and summation. In other
words

) my) = ¥

for —t, < t < t,. In particular, if M,(t) is finite for all #, then (5) holds
for all ¢. The Taylor series for M,(t) is

o) t’l d n
(6) My(t) = - Mx(t )
n! dt" =0
By comparing the coefficients of ¢" in (5) and (6), we see that
du
7 EX™
@) = - M .

Example 3. Let X be normally distributed with mean 0 and variance
a2. Use moment generating functions to find the moments of X.

Observe first from (1) that
0 0'2t2 n 1
Myt) = €2 = ¥ (__) 1

n=0 \ 2 n!
_ 0 a.2n tz'l
n=0 2"" '
Thus the odd moments of X are all zero, and the even moments are given by
E X 2n a.2n

(2n)!  2"n!
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or
a2"(2n)!

2"n!
This agrees with the result obtained in Chapter 7.

This example can also be used to illustrate (7). Since

Ex2n =

d 2¢2 2p2
_ect/2 — o.2teat/2

dt
and
d2 242 2 2 4,2 242 2
Tl (Al
it follows that
i a2t2/2 =0
dt t=0
and
d_z ea2:2/2 _ 0.2
dt2 t=0

which are just the first two moments of X.

8.2. Characteristic functions

The characteristic function of a random variable X is defined as
ox(t) = Eé*X, -0 <t < o,

where i = «/—1. Characteristic functions are slightly more complicated
than moment generating functions in that they involve complex numbers.
They have, however, two important advantages over moment generating
functions. First, ¢x(¢) is finite for all random variables X and all real
numbers ¢. Secondly, the distribution function of X and usually the density
function, if it exists, can be obtained from the characteristic function by
means of an “inversion formula.” Using properties of characteristic
functions we will be able to prove both the Weak Law of Large Numbers
and the Central Limit Theorem, which we would not be able to do with
moment generating functions.

Before discussing characteristic functions we will first briefly summarize
some required facts involving complex variables.

We can write any complex number z in the form z = x + iy, where x
and y are real numbers. The absolute value |z| of such a complex number
is defined by |z] = (x> + y*)Y2. The distance between two complex
numbers z; and z, is defined to be |z, — z,|.

If a function of a real variable has a power series expansion with a
positive radius of convergence, we can use that power series to define a
corresponding function of a complex variable. Thus we define
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N

l

a
€ =Y
n=0

for any complex number z. The relation

=

ezl+zz — ezlezz

remains valid for all complex numbers z, and z,. Letting z = it, where ¢
is a real number, we see that

O  [:4\n
it
PN
n=0 n!

2 .13 4 .. 5
=(1+it_t__1+t__+l_...)
2 31 4 5!

2 4 3 5
=(1_L+L_...)+i(t_t_+t__...).
2! 4! 3!t 5!

Since the two power series in the last expression are those of cos ¢ and
sin ¢, it follows that

8) e = cost + isin t.
Using the fact that cos (—¢) = cos ¢t and sin (—¢) = —sin ¢, we see that
e™™ = cost — isint.

From these formulas we can solve for cos ¢ and sin ¢, obtaining

it —it it _—it
)] cost = gtie and sin t = #
2 2i

It also follows from (8) that
le¥| = (cos? t + sin? ¢)!/? = 1,

If f(¢t) and g(¢) are real-valued functions of ¢, then h(t) = f(t) + ig(¢)
defines a complex-valued function of ¢. We can differentiate A(¢) by
differentiating f(¢) and g(¢) separately; that is,

h'(t) = f'(t) + ig'(2),
provided that f'(¢) and g'(¢) exist. Similarly we define

fh(t)dt = ff(t)dt + ifg(t)dt,

provided that the indicated integrals involving f and g exist. The formula

d
dt
is valid for any complex constant c. The fundamental theorem of calculus

continues to hold and, in particular, if ¢ is a nonzero complex constant,

= ce”
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then
b cb __ _ca
f o i B TUR

a (4

A complex-valued random variable Z can be written in the form
Z = X + iY, where X and Y are real-valued random variables. Its
expectation EZ is defined as

EZ = E(X + iY) = EX + iEY

whenever EX and EY are well defined. Just as for real-valued random
variables, Z has finite expectation if and only if E|Z| < oo, and in that
case
|EZ| < E|Z|.
The formula
E(@,Z, + a,Z,) = a,EZ, + a,EZ,

is valid whenever a, and a, are complex constants and Z, and Z, are
complex-valued random variables having finite expectation.

We will let X and Y, with or without subscripts, continue to denote real-
valued random variables. Thus in the phrase “let X be a random
variable . . .” it is understood that X is real-valued.

Suppose now that X is a random variable and ¢ is a constant (we reserve
the symbol ¢ for real constants). Then |¢"¥| = 1, so that ¢“* has finite
expectation and the characteristic function @x(?), —o0 < ¢ < o0, given
by

ox(t) = Ee**, -0 <t < 0,

is well defined. We see that ¢x(0) = Ee® = El =1 and, for —o0 <

t < oo,
|ox(t)l = |Ee"¥| < E|e"¥| = E1 = 1.

The reason characteristic functions are finite for all ¢+ whereas moment
generating functions are not finite in general is that e, —c0 < t < o0, is
bounded while €', —00 < t < o0, is unbounded.

Example4. Let X be a random variable taking on the value a with
probability one. Then

@x(t) = Ee"* = €', —o00 <t < o0.

In particular, if X takes on the value zero with probability one, then its
characteristic function is identically equal to 1.

If X is a random variable and a and b are real constants, then

Pasox(t) = E'@+D

= EeltagitX

= eMaEeX
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and hence
(10) Parpx(t) = €px(bt), —o0 <t < o0.

Example 5. Let U be uniformly distributed on (—1,1). Then for
t#0

1 1
oull) = f e L gy
-1 2

L)

N = N =

-,

ﬂl
|

-

——
Q-l
[y
s | |
-~
4]
!
=
N——"

(7]
Pt
=
-y

i

Fora < b let

X=a+b+(b—a)U.
2 A

Then X'is uniformly distributed on (a, b), and by (10) for ¢t # 0

_ ita+b)/2 sin (b — a)t/2)
Px(t) = e b—ap2

Alternatively
b
ox(t) = f o1

a b—a

dx

1 eitx b

_b—ait

eibt el euzt

" ith — a)
It is easy to check by means of (9) that these two answers agree.

Example 6. Let X have an exponential distribution with parameter A.
Then

[e@]

Px(t) = f e*le”** dx

0
[+ 0]

=2 f e (A=iDx gy
0

0
- »l _ g~ (-ix
A — it

= 0 and €"* is bounded in x, it follows that

[ o]

Since lim, o e~ **

lim e~ “?~#* = lim e~ %" = 0.

XxX—» 0 X~ 00
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Thus
A

A—it

ox(t) =

Suppose X and Y are independent random variables. Then e"* and
¢"¥ are also independent random variables; consequently

(px+}'«t) = Eeit(X+Y) = EeitX itY = EeltXEel!Y
and hence

(11) Ox+y(t) = ox(t)py(2), —0 <t < o0.

Formula (11) extends immediately to yield the fact that the characteristic
function of the sum of a finite number of independent random variables
is the product of the individual characteristic functions.

It can be shown that @x(¢) is a continuous function of . Moreover, if X
has finite nth moment, then ¢{(¢) exists, is continuous in ¢, and can be
calculated as

Q1) = E “X = E j— e'X = E(iX)"e"X.
In particular
(12) PP(0) = i"EX™.

We can attempt to expand ¢@(?) into a power series according to the
formula

(13) ox(t) = E¢* = g ¥ WXV _ 5 TEXT,,
n=0 n! n=0 n!
Suppose that
Myt) = ¥ EX"
n=0 n!

is finite on —¢t, < ¢t < t, for some positive number ¢,. Then (13) also
holds on —¢t, < t < ¢,.

Example 7. Let X be normally distributed with mean 0 and variance
o2. Find ox(?).

From Chapter 7 we know that EX" = 0 for any odd positive integer ».
Furthermore, if » = 2k is an even integer, then

EX" — Ex2k = 02k(2k)!
2%k
Therefore
w .2k 2k © o _2.2/y\k
ox®) = ¥ i"EX 1% = Y (=0°t%2) s gAML

K=o (2k)! =4
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More generally let X be normally distributed with mean u and variance
o2. Then Y = X — u is normally distributed with mean 0 and variance
o2. Since X = u + Y we see from Formula (10) and Example 7 that

(14) ox(t) = e™e 12, -0 <t < .

Let X be a random variable whose moment generating function M(¢)
is finite on —¢y < t < ¢, for some positive number ¢,. Since

My(t) = Ee*
and

ox(t) = Ee",
we would expect that

(15) px(t) = Mx(it).

In other words, we would expect that if we replace ¢ by it in the formula
for the moment generating function, we will obtain the corresponding
formula for the characteristic function. This is indeed the case, but a
thorough understanding of the issues involved requires a sophisticated
concept (analytic continuation) from complex variable theory.

As an example of (15), let X be normally distributed with mean u and
variance o2. Then as we have already seen

Mx(t) = e"teaztzlz
and hence
Mx(it) s eu(it)eaz(it)zlz

— eiute— o2t2/2

which by (14) is @x(2).

8.3. Inversion formulas and the Continuity Theorem

Let X be an integer-valued random variable. Its characteristic function

is given by
o0

Px(t) = Y, el'fx(j).

One of the most useful properties of @x(?) is that it can be used to calculate
fx(k). Specifically we have the “inversion formula™

T

(16) fx(k) = 2%: f e”®p,(t) dt.

-

In order to verify (16) we write the right side of this formula as

- 00

| e [f e”‘fx(j)] dt.
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A theorem in integration theory justifies interchanging the order of
integration and summation to yield the expression

T

3 A0, [ v a

— o 27‘C -n
In order to complete the proof of (16) we must show that the last expression
equals fx(k). To do so it is enough to show that

1" g-we g [V 0 =k

e ).t Y0 sk
Formula (17) is obvious when j = k, for in that case ¢V~ = 1 for all ¢.
Ifj # k, then

1 n . ei(j—k)tlt
2| gk gy r
2n J-= 2ni(j — k)
gl _ ,=iti=kn
T 2mi(j — k)
sin (j — K)m _ 0
n(j — k)

since sin mn = O for all integers m. This completes the proof of (17) and
hence also of (16).

Example 8. Let X, X,,..., X, be independent, identically distributed
integer-valued random variables and set S, = X, + --- + X,. Then

@s,(1) = (px,(2))", and consequently by (16)

n

1 =i n
(18) 5 = 5= [ e ox 0 a.

21 J-=
Formula (18) is the basis of almost all methods of analyzing the behavior
of f5,(k) for large values of n and, in particular, the basis for the proof of
the “local” Central Limit Theorem discussed in Chapter 7.

There is also an analog of (16) for continuous random variables. Let
X be a random variable whose characteristic function @,(¢) is integrable,
that is,

f lox(t)| dt < co.

- o0

It can be shown that in this case X is a continuous random variable having
a density fy given by

0

(19) fx(x) = %t f e”Mox(t) dt.

- Q0

Example 9. Let X be normally distributed with mean 0 and variance

o2. We will show directly that (19) is valid for such 2 random variable.
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From Example 7 we know that X has characteristic function ¢@x(t) =
e~ "2 Thus by the definition of characteristic functions,

©
e—02t2/2 = f eitx L_ e—xz/2¢2 dx
— a\/ 2n

If we replace t by —t and ¢ by 1/0 in this formula it becomes

2/942 = g 252
e-t /202 _ f e-itx —_ e ° x2/2 dx
- \/271:

or equivalently,

1_ e—12/2¢r2 a i J.OO e—itxe—62x2/2 dx.

o\/ 2n 2n

Finally, if we interchange the role of the symbols x and ¢ in the last
equation we obtain

— 00

1_ e—x’/Ze2 - i fw e—itxe—aztzlz dt,
ov/2n 2n
which is just (19) in this special case.

Let X now denote any random variable. Let Y be a random variable
that is independent of X and has the standard normal distribution, and let
¢ denote a positive constant. Then X + cY has the characteristic function

px(t)e <12,

Since @x(?) is bounded in absolute value by 1 and e is integrable, it
follows that X + cY has an integrable characteristic function. Conse-
quently (19) is applicable and X + cY is a continuous random variable
having a density given by

—

—-c2t2/2

[ ]

Sr+er(x) = d f e~ py(t)e 2 dt.
2n

-

If we integrate both sides of this equation over a < x < b and inter-
change the order of integration, we conclude that

b ©
Pa<X+cY<b= 2i f (J e~ ", (t)e” 2 dt) dx
n

© b
= 2i (J e itx dx) (px(t)e_°2'2/2 dt
[ - a
or
1 o fpTibt _ it s
(20) Pla<X+cY <b)= 2—_[ (———t‘—) Qx(t)e™ /2 dt.
R J-—© —1

The importance of (20) is that it holds for an arbitrary random variable X.
The right side of (20) depends on X only through ¢x(¢z). By using this
fact and letting ¢ — 0 in (20), one can show that the distribution function



208

Moment Generating Functions and Characteristic Functions

of X is determined by its characteristic function. This result is known as a
“uniqueness theorem” and can be stated as follows:

Theorem 1 If two random variables have the same characteristic
function, they have the same distribution function.

Example 10. Use the uniqueness theorem to show that the sum of two
independent normally distributed random variables is itself normally
distributed.

Let X and Y be independent and distributed respectively according to
n(py, 0?) and n(u,, 03). Then

(Px(t) —_ eimte— 61212/2

and
(Py(t ) s eiuzte— 622t2/2 1

Consequently
Px + Y(t) = ei(l‘l +I‘2)1e—(012 +¢22);2/2.

Thus the characteristic function of X + Y is the same as that of a random
variable having a normal distribution with mean u; + u, and variance
02 + o3. By the uniqueness theorem X + Y must have that normal
distribution.

The most important application of the inversion formula (20) is that it
can be used to derive the next result, which is basic to the proof of the
Weak Law of Large Numbers and the Central Limit Theorem.

Theorem 2 Let X,, n > 1, and X be random variables such that

(21) lim @y (1) = @x(t), —0 <t < o0.
Then
(22) lim Fy (x) = Fx(x)

at all points x where Fy is continuous.

This theorem states that convergence of characteristic functions implies
convergence of the corresponding distribution functions or, in other
words, that distribution functions ‘“depend continuously”’ on their
characteristic functions. For this reason Theorem 2 is commonly known
as the “Continuity Theorem.”

The proof of this theorem is rather involved. We will not present the
details of the proof, but we will indicate briefly some of the main ideas of
one method of proof.

We first choose a random variable Y that has the standard normal
distribution and is'independent of each of the random variables X,, n > 1.
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Let a < b and let ¢ be a positive constant. Then by the inversion

formula (20)

1 o e—ibt _ e—iat 52
@) P@asX, +cY<b=_ f_ ( = )cox,(t)e“’ o gy
and

1 (° [e~itt _ piat \s
24) P@<X+cY<b)= 2_1J (_—T) ox()e-12 di.

By assumption @y () = ¢x(t) as n - co. It follows from this by a
theorem in integration theory that the right side of (23) converges to the
right side of (24) as n - oo. Consequently

(25) lim P@a< X, + cY <b)=Pla< X + cY <Db).

There are two more steps to the proof of the theorem. First one must
show (by letting a - — oo in (25)) that
(26) lim P(X, + ¢cY < b) = P(X + cY < b).

Finally, one must show (by letting ¢ — 0 in (26)) that
lim P(X, < b) = P(X < b)

whenever P(X = b) = 0. The last result is equivalent to the conclusion
of the theorem.

8.4. The Weak Law of Large Numbers and the Central Limit Theorem

In this section we will use the Continuity Theorem to prove the two
important theorems in probability theory stated in the title to this section.
Both theorems were discussed without proof in earlier chapters. In order
to prove these theorems we first need to study the asymptotic behavior of
log @x(¢) near t = 0.

Let z be a complex number such that |z — 1| < 1. We can define
log z by means of the power series

-1, -1 _

logz=(z-1) —
g ( ) 5 3

(for |z — 1] = 1, other definitions of log z are needed). With this definition
we have the usual properties that log 1 = 0,

log z

e = Z lz — 1] < 1,

and if A(t), a < t < b, is a differentiable complex-valued function such
that |h(r) — 1] < 1, then

d _ K@)
i log h(t) "
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Let X be a random variable having characteristic function @x(¢). Then
@x(t) is continuous and @x(0) = 1. Thus log @x(¢) is well defined for ¢

near 0 and log @x(0) = 0.
Suppose now that X has finite mean u. Then @x(?) is differentiable and,

by (12), ¢x(0) = iu. Hence

lim 108 @x(t) _ . log @x(t) — log ¢x(0)
t=0 t t—0 t—0

d
= — log @x(t)
=0

dt
_ ¢4(0)
»x(0)
= ipu.
Consequently,
@7 lim 108 x(t) — iut _

t—0 t

Suppose now that X also has finite variance o2. Then @x(t) is twice
differentiable and by (12)

0x(0) = —EX? = —(u® + o?).
We can apply I’Hospital’s rule to obtain

ox(t) in
lim 18 fpx(tz) — it _ L ox(t)
t-0 t t—0 2t

_ 1im 2x(t) — inex(t)
t—0 2t(px(t)

_ 1im 2x(t) — inext)
t—0 2t

By a second application of I’Hdspital’s rule we see that

log ox(t) — ipt _ ¢x(0) — inpx(0)

lim
t—0 t? 2
_ —? + %) — (iw?
2
LR i o
- .

In other words
(28) i 08 €x08) = b _
t—0

o
.
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Theorem 3 (Weak Law of Large Numbers). Let X,, X, ..
be independent, identically distributed random variables having finite
mean u and set S, = X, + -+ + X,. Then for any ¢ > 0

(29) 1imp(§—u >s)=0.
n— n
Proof. The characteristic function of
&_ _X1+"'+X,,_#
n n

is

e (g, (t/m))"
Let ¢ be fixed. Then for n sufficiently large, ¢/n is close enough to zero so
that log ¢y, (¢/n) is well defined and

(30) e~ "(ox,(t/n))" = exp [n(log @y, (t/n) — iu(t/n))].
We claim next that
(3D) lim n(log @x,(t/n) — iu(t/n)) = 0.

Equation (31) is obvious for ¢+ = 0 since log ¢x,(0) = log1 = 0. If
t # 0 we can write the left side of (31) as

¢t lim IOg (PX(t/n) — lﬂ(t/n) )
n—» t/n

But ¢/n - 0 as n —» o0, so the last limit is 0 by (27). This completes the
proof of (31). It follows from (30) and (31) that the characteristic function
of

— — MK

n
approaches 1 asn — co. Now 1 is the characteristic function of a random
variable X such that P(X = 0) = 1. The distribution function of X is
given by

1 if x>0,

= {o if x<0O.

This distribution function is continuous everywhere except at x = 0.
Choose ¢ > 0. Then by the Continuity Theorem,

(32) lim P (S— —u< —a) = Fy(—8) = 0

n— © n

and

1imp(§-use) — Fye) = 1.

n— n
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The last result implies that
hmP(§-—u>a)=0,
n— 00 n
which together with (32) implies that (29) holds as desired. |

For the next theorem it is necessary to recall that ®(x) denotes the
standard normal distribution function given by

o 1

q)(X) = f = e-”zlz dy, —0 < X < 00,
- \/2n

We recall also that this distribution function is continuous at all values

of x.

Theorem 4 (Central Limit Theorem). Let X,, X,,... be
independent, identically distributed random variables each having mean
u and finite nonzero variance o*. Then

hmP(S ”sx)=(l)(x), —00 < x < o0.
n— © 0'\/n
Proof. Set

S* = Su - n#.

" ov/n
Then for ¢ fixed and » sufficiently large,
9si(t) = e” ™™ (/o n)
eI gy (tov/m),

or

(33) @si(t) = exp [n(log ox,(t/ox/n) — iu(t/ov/m))].
We claim next that

(34) lim n(log px,(tfov/n) — iu(tlav/m) = ~ .

If ¢t = 0, then both sides of (34) equal zero and (34) clearly holds. If
t # 0 we can write the left side of (34) as

2 N ol
12 jim 108 @x,(tfov/n) — intfonnm)

2

0" noow (t/O'\/;l)z
which by (28) equals
21 #* $*
?(—3)"_5'
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Thus (34) holds for all ¢. It follows from (33) and (34) that

lim @g(t) = e 2

n—

—00 <t < 00.
According to Example 7, e~**/2 is the characteristic function of a random
variable XX having the standard normal distribution function ®(x). Thus
by the Continuity Theorem

lim P(S} < x) = ®(x), —0 < x < o0,
n— ©
which is the desired conclusion. |
Exercises

1 Let X be uniformly distributed on (a, b). Find My(z).

2 Express the moment generating function of ¥ = a + bX in terms of
My(t) (here a and b are constants).

3 Let X have a Poisson distribution with parameter .. Use moment
generating functions to find the mean and variance of X.

4 Let X have a negative binomial distribution with parameters « and p.
(a) Find the moment generating function of X.

(b) Use this moment generating function to find the mean and variance
of X.

5 Let X be a continuous random variable having the density fy(x) =
(1/2)e ¥, —0 < x < 0.
(a) Show that My(t) = 1/(1 — t?), —1 <t < .
(b) Use this moment generating function to find a formula for EX?"
(note that the odd moments of X are all zero).

6 Let X have a binomial distribution with parameters n and p.

(@) Find dMy(¢)/dt and d>M(t)/dt>.

(b) Use (a) and Formula (7) to compute the mean and variance of X.
7 Let X,,..., X, be independent, identically distributed random

variables such that My (¢) is finite for all £. Use moment generating
functions to show that

E(X, + -+ + X,)® = nEX3 + 3n(n — 1)EX2EX,
+ n(n — D(n — 2)EX,)>.
Hint: Find (d3/dt3) (M (£))";=o-

8 Let X be a random variable such that M,(¢) is finite for all . Use the

same argument as in the proof of Chebyshev’s Inequality to conclude
that

P(X > x) < e "My(t), t>0.
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It follows that
P(X > x) < min e~ *M,(t),
t20
provided that e™*My(¢) has a minimum on 0 < ¢ < oo.

Let X have a gamma distribution with parameters « and A. Use the
result of Exercise 8 to show that P(X > 2a/A) < (2/e)*.

Let X have a Poisson distribution with parameter A. Find ¢x(¢).
Let X have a geometric distribution with parameter p. Find ¢x(¢).

Let X,, X,,..., X, be independent random variables each having a
geometric distribution with parameter p. Find the characteristic
functionof X = X; + --- + X,.

Let X,, X,,..., X, be independent random variables each having an
exponential distribution with parameter A. Find the characteristic
function of X = X; + -+ + X,

Let X be a discrete random variable all of whose possible values are
nonnegative integers. What relationship should we expect to hold
between the characteristic function of X and the probability generating
function of X (recall Formulas (3) and (15))?

Let X be any random variable.

(a) Show that @x(t) = E cos tX + iE sin tX.

(b) Show that ¢_x(¢) = E cos tX — iEsin tX.

(c) Show that ¢_x(t) = @x(—1).

Let X be a symmetric random variable, that is, such that X and — X
have the same distribution function.

(@) Show that E sin tX = 0 and that @x(?) is real-valued.

(b) Show that gpx(—1t) = ox(2).

Let X and Y be independent, identically distributed random variables.
Show that ¢yx_y(t) = |@x(¢t)|>. Hint: Use Exercise 15.

Let X be a random variable such that @x(¢) is real-valued.

(a) Show that X and —X have the same characteristic function

(use Exercise 15).
(b) Why does it follow that X and —X have the same distribution

function?

Let X be a continuous random variable having the density fy(x) =
(1/2)e P, —0 < x < 0.

(a) Show that @x() = 1/(1 + t3).

(b) Use (a) and the inversion formula (19) to conclude that

e ¥l = on e ¥ 1 dt
- (1l + t?)
(c) Show by using (b) that

el = F e L g
- Tt(l + tz)
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20 Let X be a random variable having the Cauchy density

1

X)) = ———, —0 < X < .

Jxlx) (1 + x?)

Show that gx(¢) = e™!*l, —00 < t < c0. Hint: Interchange the role
of x and ¢ in Exercise 19.

21 Let X and Y be independent random variables having the Cauchy
density.
(a) Find the characteristic functions of X + Y and of (X + Y)/2.
(b) Why does it follow that (X + Y)/2 also has the Cauchy density?

22 Extend the result of Exercise 21 by showing that if X, X,, ..., X, are
independent random variables each having the Cauchy density, then
(X, + --- + X,)/n also has the Cauchy density.

23 For 4 > 0 let X; be a random variable having a Poisson distribution

with parameter 2.
(a) Use arguments similar to those used in proving the Central Limit
Theorem to show that for —o0 < t < oo,

lim Ee*®+~ "% = lim exp [A(¢""* — 1 — it} )] = e™™/2.

A= 0 A— ©

(b) What conclusion should follow from (a) by an appropriate modi-
fication of the Continuity Theorem?



Random Walks and
9 Poisson Processes

In this chapter we discuss two elementary but important examples of stochastic
processes. A stochastic process may be defined as any collection of random
variables. Usually, however, in referring to a stochastic process we have in mind a
process that has enough additional structure so that interesting and useful results
can be obtained. This is certainly true of the two examples treated in this chapter.
The material on Poisson processes, our second example, does not depend on the
first two sections where we discuss random walks.

9.1. Random walks

Consider a sequence of games such that during the nth game a random
variable X, is observed and any player playing the nth game receives the
amount X, from the “house” (of course, if X, < 0 the player actually pays
— X, to the house).

Let us follow the progress of a player starting out with initial capital x.
Let S,, n > 0, denote his capital after n games. Then S, = x and

S, =x+ X, + "+ X, n>1.

The collection of random variables S, S;, S,,... is an example of a
stochastic process. In order to get interesting results we will assume that
the random variables X, X,, ... are independent and identically distrib-
uted. Under this assumption the process S,, S;,... is called a random
walk.

We will further assume that the X,’s have finite mean u. If a player plays
the first n games, his expected capital at the conclusion of the nth game is

(1) ES, = x + npu.

Suppose, however, that the player chooses numbers a < x and b > x
and makes a bargain with himself to quit playing when his capital becomes
not greater than a or not less than . Then the number of times 7T that he

216
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will play the game is a random variable defined by
T=minn>0|S,<a or §,=bH).
In order to guarantee that S, < a or S, > b for some n, we assume that
(2) P(X, =0 < 1.

It is possible to prove that the random variable T is finite (with probability
1) and, in fact, P(T > n) decreases exponentially as n —» oo. This means
that for some positive constants M and ¢ < 1,

3 P(T > n) < Mc", n=012,....
The proof of (3) is not difficult but will be omitted to allow room for

results of much greater interest. From (3) and Theorem 5 of Chapter 4, it
follows that ET and all higher moments of T are finite.

T=10 n

Figure 1

If the player quits playing after the Tth game, his capital will be S
(see Figure 1). A famous identity due to Abraham Wald relates the ex-
pected capital when the player quits playing to the expected number of
times he plays the game. Specifically, Wald’s identity asserts that

C)) ES; = x + pET.

Wald’s identity is remarkably similar to (1).

In proving Wald’s identity it is convenient to introduce a new notation.
Let A be any event. By 1, we mean the indicator random variable of A,
that is, the random variable that is 1 if 4 occurs and 0 if 4 does not
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occur. By definition 1, + 1, = 1. Using this notation we can write
T ©
ST =X + -El XJ =X + 'Zl XJI{TZJ)’
J= J=

Since the complement of the event {T > j} is the event {T < j}, we see
that

(5) ST =X + .21 XJ(I =] 1{T<j))’
J=
and hence
.'=

It can be shown by using measure theory that the order of expectation and
summation can be reversed in (6). Thus

) ES; = x + 021 EfX AL = lg=3)]:

In determining whether or not 7 < j, it suffices to look at the random
variables X;, X,,..., X;_;. It follows that the random variables X; and
(1 — 1(r<j)) are independent. Consequently

E[Xj(l - 1{T<j})] = EXjE(l - 1{T<j})
= (1 = P(T < j))
= uP(T = j).
We now conclude from (6) and Theorem 5 of Chapter 4 that

j=1

= x + uET,

which completes the proof of Wald’s identity.
If the X,’s have mean p = O and finite variance o2, there is a second
identity due to Wald, namely

® Var S; = ¢2ET.

Since ESr = x by (4), Formula (8) is equivalent to

9 E(S; — x)?> = ¢ET.
We will now verify (9). By (5)

ST - X = Z Xj(l = 1{T<j})’

j=1
and hence

(ST = x)2 XJ(]' — 1(T<J}) kzl Xk(l - 1{T<k))

[~ ]

= Z E Xj(l - 1{T<j})Xk(1 - 1{T<k})'

j=1 k=1

J

I
8 b8
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In taking expectations it is again permissible to interchange expectation
and summation. We conclude that

10 ESr-xP = % T EXQ - LeepXill = Lre)

We will now evaluate the individual terms in this double sum. Consider
first terms corresponding to values of jand k such thatj < k. The random
variable

X1 = Lz p)d = Lirany)

depends only on X,, X,,..., X,_,, and hence is independent of the
random variable X,. Since EX, = u = 0, we see that

E[X[(1 = 1z )Xl — Lirai)]
= E[XJ(]. = 1{T<J})(1 — 1{T<k})]EXk = 0.

Similarly the terms in the right side of (10) vanish when j > k. When
Jj = k we obtain

E[X7(1 - Liz<p)].

The random variable (1 — 17« ;) depends only on X, X,,..., X;_,, and
hence is independent of X;. Since this random variable takes on only the
values 0 and 1, we see that

(1 - 1{T<j})2 =1- 1{T<j}‘
Thus
E[ij(l - 1{T<j})2] = E[ij(l = 1(T<j})]

= EX?E(1 — 1<)
= Var X/(1 — P(T <j))
= ¢*P(T = j).

We now conclude from (10) and Theorem 5 of Chapter 4 that

E(Sy — x)* = 6% Y P(T > j) = ¢°ET,
j=1
which proves (9) and hence also (8).

9.2, Simple random walks

We will assume throughout this section that a < x < b, a < b, and
a, b, and x are integers. The two identities of the previous section are
most easily applied if it is known that

1) P(Sy =aor b) = P(Sy = a) + P(S; = b) = 1.
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This will certainly be the case if
(12) P(X, = —-1,0,0r 1) =1,
in which case the random walk S,, S|, ... is called a simple random walk.

The main property that distinguishes simple random walks from other
random walks is that they do not “jump over” integer points. Set

P=P{Xk= 1}’
q=P{Xk= _l}a
r = P{X; = 0}.

Then p > 0,9 >0,r >0, and p + g + r = 1. The assumption (2)
states that r < 1. It follows from (11) that

(13) ESy = aP(S; = a) + bP(Sy = b)
= a(l — P(S; = b)) + bP(Sy = b).

For simple random walks we can solve explicitly for P(S; = a),
P(St = b), ESr, and ET. Consider first, the case p = g. Then u = 0 and
Wald’s identity (4) becomes ES; = x. Thus by (13)

x = a(l — P(Sy = b)) + bP(Sy = b).

It follows immediately that

(14) P(Sr=b) =22
b—a

and

(15) P(Sp =a)=2=%,
b—a

Wald’s identity does not give any information about E7 when u = 0.
The identity (8) is applicable in this case, however, and we find that
6 =p+qg=1-rand

Var S; = ¢2ET = (1 — r)ET.

Now
Var S; = ESZ — (ESy)?
= b?P(S; = b) + a’P(S; = a) — x?
_bx—a)+ab-x _ 2
b—a
= (ax + bx — ab) — x?
=(x — a)b — x).
Thus if p = ¢,
(16) ET = = a0b - %)

1—r
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Ifr=0andp = q = 1/2,
(17) ET = (x — a)(b — x).

Example 1. Two players having respective initial capitals of $5 and
$10 agree to make a series of $1 bets until one of them goes broke. Assume
the outcomes of the bets are independent and both players have probability
1/2 of winning any given bet. Find the probability that the player with the
initial capital of $10 goes broke. Find the expected number of bets.

The problem fits into our scheme with S, denoting the capital of the less
wealthy player after n bets if we choose p = ¢ = 1/2, x = 5, a = 0, and
b = 15. The answer to the first part is given by

5-0

1
P(S; = b) = =2
Gz =) 15—-0 3

The answer to the second part is
ET = (5 — 0)(15 — 5) = 50.

Suppose next that p # ¢. To avoid trivial exceptions we will also assume
that p > 0 and ¢ > 0. Wald’s identity cannot be used to find P(Sy = b)
if p # q; therefore another approach is required.

Define f(x) for x an integer in [a, b] by letting f(x) denote the prob-
ability that S+ = b when S, = x. We observe first that f satisfies the
difference equation

18) f=pfx+1)+qfx—1)+rf(x)y, a<x<b
This is true because
f(x) = P(Sy = b)
=p'PSr=blX,=1)+qPSr=0b|X,=-1)

+r-PSr=>b|X, =0
and
PSr=b|X, =10 =f(x +1i), i=1 -1,0.

In addition to (18) we have the obvious boundary conditions

(19) f(@) =0 and f(b) = 1.
From (18) and (1 — r) = p + g, we see that

20)  f(x + 1) — f(x) = i— (f(x) —f(x=1), a<x<b
Setc = f(@a+ 1) = f(a + 1) — f(a). Then (20) implies that

f(x + 1) — f(x) =c (;—i)x—a, a<x<b.
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Using the formula for the sum of a geometrical progression we obtain

x-1
f(x) =Sf(x) - fla) = ;a Uy + 1D =/

» x=1 g y—a

i yga 5 (p)

S el 1)l
1 — (q/p)

From the special case f(b) = 1, we now have that

c= L=@bp
1 - (a/p)y~°

We substitute this in our expression for f(x) and obtain

l — (q/p)"“'.
1 — (q/p)~°

We have shown, in other words, that if p # g and p > 0, then

, a<x<bhb.

f&x) =

1 — (a/p)"°
(21) P(Sy = b) = —, a<x<h»,.
! 1 - (q/p)°
It follows immediately from (21) that under the same conditions
x—a __ b—a
(22) P(ST — a) = (q/p) (qb/_pa) , a<x< b.
1 - (4/p)
From (13) and (21)
(23) ES; = (b — gy l=@) "
! 1 — (a/p)™

Since 4 = p — ¢, it now follows from Wald’s identity that

b—a\l-(q/p)™" x-—a
24) ET = - , < x < b.
(&) (p - q) 1—-(@/p)™* p-—gq e

Example 2. Let us modify the previous example by supposing that the
wealthier player because of his greater skill has probability .6 of winning
any given bet, with the other player having probability .4 of winning the
bet. Find the probability that the wealthier player goes broke, the
expected gain to that player, and the expected number of bets.

Here we take p = .4 and ¢ = .6. The probability that the wealthier
player goes broke is

_ 5
P(S; = 15) = 1 — (.6/.4)

T oens ~ oL
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In order to find the expected gain to the wealthier player we first note that
the expected capital of the poorer player after they stop playing is

ES; = 15P(Sy = 15) = 15(.0151) = .23.

Thus the expected gain to the wealthier player or the expected loss to the
other player is $5.00 — $.23 = $4.77, a good percentage of the poorer
player’s initial capital. The expected number of bets is

ESr — x _ =477 _

ET = =
U -2

24.

Let b --» oo in (21). It can be shown that the left side of (21) converges
to P(S, > afor all n > 0). If g < p, the right side of (21) converges to
1 — (g/p)*~° If g > p, the right side of (21) converges to 0. If g = p,
the right side of (14) converges to 0. Thus fora < x = S,

_ g x—a
(25) PSS, > aforalln > 0) = {1 (p) for g < p,
0 for g = p.

b—x
— (P
P(S, < bforalln > 0) = {1 (q) for p <y,

0 for p > gq.

Similarly for b > x = S,

Example 3. A gambling house has a capital of one hundred thousand
dollars. An infinitely rich gambler tries to break the house. He is allowed
to try, and decides to bet $1000 at a time. If the gambler has the proba-
bilities .49 of winning each bet and .51 of losing, what is the probability
he will ever break the house?

Let S, denote the capital of the house (in multiples of $1000) after n
games. Then p = .51, g = .49, x = 100, and a = 0. By (25) the prob-
ability that the house will go broke is

1 — P(S, > Oforall n > 0) = (ﬂ)x == (ﬁ)wo — 018.
P = )|
Let A be a subset of the integers (in applications, 4 will have 0, 1, or 2
points). For x ¢ 4 and y ¢ A4, let P (x, y) denote the probability that a
simple random walk beginning at x will hit y at some positive time before
hitting A. Forx € Aory € Aset P,(x, y) = 0. These probabilities can be
computed in terms of the formulas of this section.

Example 4. Suppose p = q. Find P ;) (y, y), wherea < y < b.

After one step, the random walk isat y — 1, y, or y + 1 with respective
probabilities p, 1 — 2p, and p. From y — 1, the probability of returning
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to y before ais (y — a — 1)/(y — a). From y + 1, the probability of
returning to y before bis (b — y — 1)/(b — y). Thus the probability of
returning to y before hitting a or b is given by

—a-1 b-—y-1
Puw(y, ) = p2—2—— . A

y—a b—y

or

b—a
26) Pun(y, ) =1 — 22— 9)

(y—a)b—1y)

For x¢ A and y ¢ A, let G(x, y) denote the expected number of visits
to y (for positive values of n) before hitting 4 for a random walk starting
at x. Set G4(x,y) =0if xe A or y e A. It is not hard to show that the
number of returns from y to y before hitting 4 has a geometric distribution
with parameter p = 1 — P4(y, y). Thus by Example 3 of Chapter 4,

Py, y)
27 Gy, y) = 4 3
(27) (6 )) i =P
If x # y, then
(28) Gau(x, ¥) = Pu(x, y)A + Gu(1, y)).

For to have any positive number of visits to y before hitting A, we must
first get to y before hitting 4. This has probability P,(x, y). If we do get
to y before hitting A, then the total number of visits to y before hitting A is
1 plus the total number of returns from y to y before hitting 4. This
explains (28). From (27) and (28) we have that

(29) G (x, y) = Pux, y) for all x and y.
1-P A(y ’ y)
Example 5. Let us return to the first example of this section. Find the
expected number of times » > 1 that two players will be back to their
initial capital before one of them goes broke.

We recall that in this examplep = ¢ = 1/2,a = 0,x = 5,and b = 15.
The probability of returning back to the original capitals before one of

the players goes broke is, by (26), PR
1/2)(15
P(o’ls)(s, 5) == 1 - (“-“““"‘—‘/ )( ) - .85.
SLS‘- 10 .

Thus by (27) the expected number of times both players will be back to
their initial capital before one of them goes broke is

P 55
G,155,95) = 0,155, 5)
1 = Pio,15(5, )

-8 _se.
15
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9.3. Construction of a Poisson process

In the remaining sections of this chapter we will consider a probabilistic
model for the random distribution of particles in space or events in time.
Such models find applications in a variety of different fields. As an
example, suppose we have a piece of radioactive material and let an
experiment consist of observing the times when disintegrations occur.
Suppose the experiment starts at time 0 and let D,, denote the time of the
mth disintegration. As discussed in Example 2 of Chapter 1, the laws of
physics tell us that the times D,, must be considered random variables.
The collection of points {D,, D,,...} can be considered as a random
countable subset of [0, o).

As another illustration of essentially the same phenomena, consider
calls coming into a telephone exchange. Let D,, denote the time when the
mth call begins. There is no known way of predicting the D,, exactly, but
they can usefully be treated as random variables.

Consider an experiment of the following type. A swab is dipped into a
test tube containing a suspension of bacteria and is then smeared uni-
formly across the surface of a disk containing nutrients upon which the
bacteria can multiply. After a few days, wherever a bacterium was dropped
there appears a visible colony of bacteria. The locations of these spots as
well as their total number are random. This situation is illustrated in
Figure 2.

Figure 2

The location of the spots can be viewed as a random subset of points of
the disk.

In the examples of radioactive particles and bacteria, we were led to
consider a random collection of points in a certain subset S of Euclidean
space. In these examples both the location of the “particles” and their
total nurnber is random. Associated with such a random collection are
various random variables such as the total number N of particles in S, the
number of particles N in a specified subset B = S, and the distance D,
from a specified point in S to the mth closest particle. In Figure 3 the
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Figure 3

particles are denoted by dots. In that figure N = Ng = 4 and Ng = 2.
It is the distributions and joint distributions of random variables of this
type that we will be studying in the rest of this chapter.

Naturally, there are many different mathematical models that consider
the random distribution of particles. We will consider one of the most
elementary and most important such models, called the Poisson process.
Such a process is closely related to the uniform distribution of particles
which we will discuss first.

Consider then a system in which the total number of particles n is fixed,
but for which the locations of the particles in S are random. The model
we want is one for which these n particles are independently and uniformly
distributed over a set S having finite volume. Denote the volume of a
subset B of S by |B|. Then each particle has probability p = |B|/|S| of
landing in B. Consequently, the number of particles N that land in the
set B has the binomial distribution with parameters » and p. More
generally, let B,, B,, ..., B, be k disjoint subsets of S whose union is S
and let p; = |B;|/|S|. Then the random variables Ng,, ..., Np_have the
multinomial distribution with parameters n and p,,..., p,. Hence if
n, ..., n are nonnegative integers with sum n,

n!
P(Ng = ny,...,Ng =n) = e P
(Ng, 1 B ) () (m) P1 Pk
n! ﬁ |B,|™
IS|" i=1 n;!

The Poisson process on S is a modification of the above. We suppose
now that the total number of particles N = Ngin S is a random variable
having a Poisson distribution with parameter A|.S|. Moreover, we assume
that given N = n, the n particles are independently and uniformly dis-
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tributed over S. Let By, ..., B, be as before. Then our assumptions are
thatif n, . .., n, are k nonnegative integers with sum »n, then

nl b IB

P(Ng, = ny,...,Ng. = | N = n) = .
4V By 1 B, kl ) |S|",1n’

Hence
n! ny
(30) P(N =nNg =ny...,Ng, =nm)= PN = ISI" H IB'
= MISF s 1! I.B,-I"’
n! IS|" j=1 n;!
= et Ty 1B
j=1 n;!

Since the sets B; are disjoint with union S,
IS| = By + -+ + |By,
and thus we can write the right-hand side of (30) as
ﬁ @B -8,
Jj=1 n j !

Now the event {N = n, Ng, = n;,..., Ng_ = m} is the same as the
event {Ng, = ny,..., Ng_ = n,}, because n = n; + -+ + m and N =
Ng, + -+ + Npg,. Thus

1
1:,(.AI='n,A,B1 =n1,...,NBk=nk) =P(N31 =n1,...,NBk =n‘k).
We have therefore proved the important fact:

ﬁ (AIB;)™ o~ MBIl
=1  n;!

k

(31) P(N31=n1,...,NBk=nk)=

In other words, the random variables Ng,, ..., Ng,_are independent and
Poisson distributed with parameters A|Bj| respectively.

It is not too surprising that the random variables Ny, 1 < j < k, are
Poisson distributed ; but it is surprising that they are mutually independent
because in the case where the number of particles is fixed the corresponding
quantities are dependent. It is this independence property that makes the
Poisson process easy to work with in applications.

In the preceding models the total number of particles, whether random
or fixed, was always finite, and they were distributed over sets having
finite total volume. For some purposes, however, it is theoretically simpler
to consider an infinite number of particles distributed over a set having
infinite volume. Thus we might want to distribute particles over all of
R’ or over [0, ), etc. To cover such cases, we require only a slight
extension of the previous model.
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The basic assumption of a Poisson process on a set S having finite or
infinite volume is that if B,, B,, ..., B, are disjoint subsets of S each having
finite volume, then the random variables Ny, ..., Np_are independent and
Poisson distributed with parameters A|B,|,..., A|B,| respectively. The
constant A is called the parameter of the process.

Let B be a subset of S having finite volume. As a consequence of the
definition of a Poisson process, it follows that if B,, B,, ..., B, are dis-
joint subsets of B whose union is B, and n,, n,, ..., n, are nonnegative
integers with sum », then

| k n
(32) P(Ny, =ny,..., N5 = n | Ny = n) = " 1 B4

- ﬁ ji=1 n _,'!
To verify (32) note that the desired probability is just

P(Ng, = ny,..., Ng, = m) _ [Li=1 e "™ (AUB,I)"/n;!
P(Ng = n) e HBL (2IB|)"/n!

which reduces to the right-hand side of (32).

Another way of looking at Equation (32) is as follows: Given that there
are n particles in B, the joint distribution of the random variables
Ng,,..., Np_is the same as that obtained by distributing n particles
independently and uniformly over B. This fact is very useful for solving
some problems in which the Poisson process acts as an input to a more
complicated system. We will not pursue this aspect of a Poisson process
any further in the text. (See, however, Exercises 21 and 31 for simple
illustrations of its use.)

k

9

9.4. Distance to particles

Suppose we have a Poisson process on a subset S of Euclidean space.
If S has finite volume, then the number N of particles in S is finite. Let
D, < D, <-:- < Dy denote the distance to these particles from the
origin arranged in nondecreasing order. If S has infinite volume, then
the number of particles in Sis infinite, and welet D, < D, <--- < D,,* -
denote the distances to the particles arranged in nondecreasing order.
Such an arrangement is possible because for any positive number r only
finitely many particles are at distance less than r from the origin. In this
section we will compute the distribution of D,, for various choices of the
set S.

We first give an example where these distances enter in a natural way.
Suppose that stars in a certain set S of 3-dimensional Euclidean space are
distributed according to a Poisson process on S with parameter 4. Suppose
further that these stars are equally bright. The amount of light reaching
the origin from a star is proportional to the inverse square of the distance
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from the origin to the star. Thus the amount of light received from a star
of distance r from the origin is K/r? for some positive constant K. The
amount of light received from the nearest (and hence apparently brightest)
star is K/D?. The total amount of light is

K
w D2
By advanced probability techniques it can be shown that if S is all of
three-dimensional space, then the sum of the above series is infinite with
probability one. This fact has interesting implications in cosmology.

We will now compute the distribution of D,,, assuming for simplicity
that S has infinite volume. Let S, = S N {x:|x| < r} (that is, let S, be the
set of points in S at distance at most r from the origin), and let ¢(r) denote
the volume of S,. The number Ns_of particles in S, has a Poisson distri-
bution with parameter Ap(r). The event {D,, < r} is the same as the event
{Ns, = m}. Thus by Equations (39) and (40) of Chapter 5,

(33) P(D,, < r) = P(N5, > m)

Ap(r) sm—1_-—t
=J B BT
o (m—1)!

It follows from (33) that if ¢(r) is differentiable, then D,, has a density
function f,, given by

(34) Iulr) =

()" g/ (r)e

(m — 1! , r>0.

If o(r) is strictly increasing it has a continuous inverse function ¢ ~1(r).
It follows from (33) that the random variable ¢(D,) has the gamma
distribution I'(m, A).

In several important cases ¢(r) is of the form ¢(r) = cr9, where c is a
positive numerical constant (this is true, for example, if S = R? or if
S = [0, 00)). In this case (34) becomes

(35) fu(r) = (an_(—% pmd=le=cirt . 50,

Various special cases of this formula will be considered in the exercises.
We will use Formula (35) to compute the moments ED;, in these cases.
Thus

ED} = on rif.(r) dr
0

= on i(c}')m rmd+j—1e—c41rd dr.
o (m — 1)!
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To compute this, we make the change of variable s = Acrd and integrate
to obtain

(Ac) M (m + (j/d))
(m — 1)! '

EDi =

9.5. Waiting times

So far we have been visualizing a Poisson process as a model for the
distribution of particles in space. If we think of the set [0, o) as the time
axis, then we may consider a Poisson process on [0, o) as the distribution
of times at which certain events occur. In the beginning of Section 3 we
mentioned some examples of using a Poisson process on [0, o) in this
manner.

In the switch from thinking of a Poisson process on [0, o) as a distri-
bution of particles in the set [0, o) to thinking of the Poisson process as
the distribution of events in time, a new set of terms is introduced. Instead
of speaking of “‘particles,” we now speak of “‘events”, and the distance D,,
to the mth particle now becomes the time when the mth event takes place.

Let N(t) = Njo, denote the number of events that occur during the
time span [0, ¢]. Then N(¢) is a Poisson distributed random variable with
parameter Az, If 0 < s < ¢, then N(¢) — N(s) represents the number of
events taking place during the time span (s, ¢ ], and it has a Poisson distribu-
tion with parameter A(f — s). More generally, if0 < ¢, <t, <--- < ¢,
then N(¢,), N(¢t,) — N(t,),..., N(t,) — N(t,_,) are independent random
variables having Poisson distributions with parameters

}'tls l(tZ o tl)a SN )'(tn = In- 1)

respectively. These facts are immediate from our definition of the Poisson
process and its translation into the time language.

As mentioned above, D,, is the time of the mth event. From our results
in Section 9.4 we know that D,, has the gamma distribution I'(m, 1). In
particular, D, is exponentially distributed with parameter A. Recall
from Chapter 6 that the sum of m independent, identically distributed
exponential variables has the gamma distribution I'(m, A). Define
random variables W,, W,,..., W,,... as follows: W, = D,, W, =
D, — D,_,,n > 2. Thenclearly D, = W, + --- + W,. The discussion
just given makes it plausible that W,, W,,..., W, are independent
exponentially distributed random variables with the common parameter A.
This is in fact true and is a very interesting and useful property of the
Poisson process on [0, o). The random variable W,, is, of course, nothing
more than the time between the (m — 1)st event and the mth, so that the
times W,, W,,... are the waiting times between successive events in a
Poisson process.
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Theorem1 Let W\, W,,..., W,,... be the waiting times
between successive events in a Poisson process on [0, o) with param-
eter A. Then W, n > 1, are mutually independent exponentially
distributed random variables with the common mean 1™ '.

Proof. Let f, be the n-dimensional density given by

Ale™*  for 0<t, <t, <--<t

Sty ty) = :0, sk = <t,

elsewhere.

From Example 13 of Chapter 6, we see that the theorem is true if and only
if the random variables D,,..., D, have joint density f,. This is true
for n = 1, since D, is exponentially distributed with parameter A.
A rigorous proof in general is more complicated. Before giving this
proof we will first give a heuristic way of seeing this fact.
Let0 =1ty <t <---<t,and choose h > Ososmallthatt;,_, + h<¢,
i=1,2,...,n Then (see Figure 4)
(36) Pty <D<t +h 1 <i<n
= P(N(tl) = O’N(tl + h) - N(tl) =15.:55
N(@t,) — N¢t,-y + ) =0,N(t, + h) — N(@,) = 1)
— e"“(,lh)e'”' .. e—l(r,,—t,._l—h)[l _ e—).h]

= An-lhn—le-lt,.(l = e—lh).

o L 1 L o i 1 1 o L
4t tH+h t, tth L}
Figure 4

If we knew that the random variables D,, D,, ..., D, had a joint density
g, that was continuous at the point (¢,, ¢,,.. ., £,), we could conclude that

P, <D;<t;+ hforl <i<n)=g,t,..., t)H + e(h),

where e(h) is some function of 4 such that

€ _o.

hn

lim
h 10

It would then follow from (36) that

g(ty, ..., t,) =1limA™"P(t; < D; < t; + h)
hlO

. e e d— P
= lim A" le7 4 —
hlO h

— Ane—lt,.

as desired.
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We will now give an elementary but rigorous proof of Theorem 1.
Although this proof is not difficult, it is rather long, and the reader may
wish to omit it.

Let F, be the distribution function having density f,. It follows at once
from the definition of £, that for n > 2,

Jo(Sts s 8n) = [1(Ofam1(52 = S150 00, 8 — 5y).

Integrating both sides over the set s; < ¢;,..., s, < t,, we see that

(37) Fn(tl’ sl M5 [y tn) = J:)l fl(sl)Fn—l(t2 = Spy- . tn - sl) dsl'

Let G, denote the joint distribution of D,, D,, ..., D,. From Example 10
of Chapter 6 we see that the theorem is true if and only if the random
variables D,,..., D, have joint density f,, and hence joint distribution
function F,. Consequently, to prove our theorem we must show that
F, = G,.

Now F; is just the exponential distribution with parameter A. As
pointed out before, G,, the distribution of D,, is also exponential with
parameter A. Thus F; = G;,.

Suppose we can show that for n > 2,

(38) Gn(tl’ ok tn) = fol f1(51)Gn—1(t2 = Sy ln — Sl) dsl'

Then, as G, = F, it would follow from (37) and (38) that G, = F,.
Using the fact that G, = F,, another application of (37) and (38) would
show G; = F;, etc. In other words, if we knew that (38) held, then our
theorem would follow from (37) and (38) by induction. In establishing
(38) we can assume that 0 < 7, < --- < 1, since otherwise both sides of
(38) are zero.

To start on the proof, observe that the event {D; < ¢,;}is the same as the
event {N(¢;) > i} and thus

{D;S_ti,ISiSn}= n{DiStl’}
i=1

- ) V@) = i)

i=1

={N() >i,1<i<n}
We can therefore write

Gy(t, ty...,t,) = P(N(t) =i,1 <i < n).
Consequently (38) is the same as

(39) P(N(t) =i, 1 <i<n)

31
= f SiG)PI(N(t; — sy) =2 i — 1,2 <i < n)ds,.
0
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To establish (39), note first that for any k£ > 1

k t — k-1
(40) m—kt?—e-“ = f Ae~ % [l((tk 8)1])' e 29 (gs,
4 0 - 4
Indeed,
t k-1 —).r k
f Ae—ils [A’((tk —si:;’ e-l(t s) ds = (k _ﬂi)'j ( = s)k 1 ds
—).t k t k
R 11)' f o7t as = G e

Now let 0<¢ <t <---<t, and let 1 <k, <k, <:---<k,
Next we claim that

(4l) P(N(t)) = ky,..., N(t) = k)
— J’tl le *P(N(ty —s)=k,—1,...,N(t, —s) = k, — 1) ds.
0

To see this observe that by (40)
(42) JP(N(tl) = kl’ ey N(tn) = kn)

=P (N(t) = ky) l—:lz P(N(t) — N(t;—y) = k; — kj—y)

o~ f“ le— % [A(y — )] le X179 ds

(kl - 1)!

n A(t - t,_ k,—k,_le—l(tj—rj_l)
X l_l[ J jkl)] k :
=2 ( T al j—l)'

On the other hand,
(43) L AeMP(N(ty —s) =k, — 1,...,N(t, — s) = k, — 1) ds
| = J: ZeSP(N(t; — s) = ky — 1)
« TL P0G = 9 = Nty = ) = g = kye) ds

- [Hsilico i acian

(ky — 1)
[}*(t - 5 1)]"’ kj-1g=Aty=t;-1)
n (k - k.l 1)! a

Comparing the right-hand side of (42) with that of (43), we see that (41)
holds. The desired equality (39) now follows from (41) by summing both
sides of (41) over all values of k,,..., k, such that k;, < k, <--- < k,
and k, > 1,k, > 2,...,k, 2 n. |
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Exercises

Let S, be a random walk with 4 = 0 and S, = x. Suppose that
Pa@a—c<S;<b+d =1,

wherea < x < b,c > 0,andd > 0.
(a) Show that

(a = C)P(ST < a) == bP(ST = b)

< x < aP(Sr <a) + (b + d)P(St = b).

(b) Show that

_XT8 pS;>bh<iTete

b—a+d b—-—a+c
A gambler makes a series of bets of $1. He decides to quit betting as
soon as his net winnings reach $25 or his net losses reach $50. Suppose
the probabilities of his winning and losing each bet are both equal to
1/2.
(a) Find the probability that when he quits he will have lost $50.
(b) Find his expected loss.
(c) Find the expected number of bets he will make before quitting.

Suppose the gambler described in Exercise 2 is playing roulette and his
true probabilities of winning and losing each bet are 9/19 and 10/19
respectively. Solve (a), (b), and (c) of Exercise 2 using the true
probabilities.

A gambler makes a series of bets with probability p of winning and
probability g > p of losing each bet. He decides to play until he has
either won M, dollars or lost M, dollars, where M, and M, are
positive integers. He has a choice of betting 1 dollar at a time or of
betting 1/2 dollar at a time. Show that he is more likely to win M,
dollars before losing M, dollars if he bets 1 dollar at a time than if he
bets 1/2 dollar at a time. What generalization of this result seems
plausible?

Derive (14) by solving the appropriate difference equation.

Let S, denote a simple random walk withp = ¢ = 1/2 andleta < b.
Find P, ,)(x, y) and G, ;(x, y) fora < x < banda <y < b.

Let S, denote a simple random walk with p = g = 1/2. Find P (,(x, y)
and Gg,(x, y) forx > Oand y > 0.

Let S, denote a simple random walk with 0 < ¢ < p. Find P4(x, y)
and G;(x, y).

Let S, denote a simple random walk with0 < ¢ < p. Find P)(—1, y)

Suppose points are distributed in 3-dimensional space according to a
Poisson process with parameter A = 1. Each point of the process is
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taken as the center of a sphere of radius . Let X denote the number
of spheres that contain the origin. Show that X is Poisson distributed
with mean (4/3)nr3.

A point is chosen at random in a circle with center at the origin and
radius R. That point is taken as the center of a circle with radius X
where X is a random variable having density /. Find the probability
p that the random circle contains the origin.

Suppose 7 points are independently and uniformly chosen in the circle
with center at the origin and radius R. Each point is taken as the
center of a random circle whose radius has density £. Find, in terms of
p of Exercise 11, the probability that exactly & circles contain the origin.

Find the answer to Exercise 12 if the n points are replaced with a
random number N of points having a Poisson distribution with mean
nR2.

Suppose N balls are distributed at random into r boxes, where N is
Poisson distributed with mean A. Let Y denote the number of empty
boxes. Show that Y is binomially distributed with parameters » and
p = e *". Hint: If X, is the number of balls in box i, then X, ..., X,
are independent Poisson distributed random variables each having
mean A/r.

Using the result of Exercise 14 we may easily derive the probability

pi(r, n) that exactly k boxes are empty when n balls are distributed at
random into r boxes. To do this first observe that

[
s

P(Y = k) P(N = n)P(Y = k | N = n)

)

) L
== Z e : _' pk(ra n)
n=0 n:

and
P(Y L= k) - (I:) e—lklr(l o e*-l/r)r—k.
So
w A" r\ Jiaer-kyr - Alryr—k
— Pr\I'> = = :
Zon'p(r n) = MK (1 — e~y

Now equate coefficients of A" to rederive Equation (16) of Chapter 2.

Suppose the times of successive failures of a machine form a Poisson

process on [0, co) with parameter A.

(a) What is the probability of at least one failure during the time period
@t + h),h>0?

(b) What is the conditional probability of at least one failure by time
t + h, given that there is no failure by time #?

Suppose we have a Poisson process on [0, co) with parameter 1. Let
Z, denote the distance from ¢ to the nearest particle to the right.
Compute the distribution function of Z,.
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18

19

20

21

22
23

24

25

26

27

Random Walks and Poisson Processes

Suppose we have a Poisson process on [0, co) with parameter 1. Let
Y, denote the distance from ¢ to the nearest particle to the left. Take
Y, = t if there are no particles to the left. Compute the distribution
function of Y,.

For Z, and Y, as in Exercises 17 and 18,

(a) show that Y, and Z, are independent,

(b) compute the distribution of Z, + Y,.

Particles arrive at a counter according to a Poisson process with
parameter A. Each particle gives rise to a pulse of unit duration. The
particle is counted by the counter if and only if it arrives when no pulses
are present. Find the probability that a particle is counted between time
tand time ¢ + 1. Assume ¢ > 1.

Consider a Poisson process on [0, c0) with parameter A and let 7" be a
random variable independent of the process. Assume 7 has an
exponential distribution with parameter v. Let N denote the number
of particles in the interval [0, T"]. Compute the discrete density of Ni.

Do Exercise 21 if T has the uniform distribution on [0, a], a > 0.

Consider two independent Poisson processes on [0, co0) having param-
eters A, and A, respectively. What is the probability that the first
process has an event before the second process does?

Suppose n particles are distributed independently and uniformly on a
disk of radius r. Let D, denote the distance from the center of the disk
to the nearest particle. Compute the density of D;.

For D, as in Exercise 24 compute the moments of D,. Hint: Obtain a
Beta integral by a change of variables.

Consider a Poisson process on R" having parameter A. For a set A4
having finite volume, let N, denote the number of particles in A.

(a) Compute EN2.

(b) If A and B are two sets having finite volume, compute E(N ,Npg).

Let A,, A,, ..., A, be ndisjoint sets having finite volume, and similarly
let B,, B,,..., B, be n disjoint sets having finite volume. For real

numbers a,,...,a, and B,,..., B,, set

169 = 3 Ly

and

0 = 3 Ay (x).

Show that for a Poisson process having parameter A

E (iZ"I “iNA,) (2’1 BN B,)

- = A? ( fR ) f(® dx) (er g(x) dx) + A L ) f(x)g(x) dx.
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28 In Exercise 27 show that

Var (Z a,NA‘) = A f f3(x) dx.
i=1 R
29 Consider a Poisson process with parameter 1 on R3, and let D, denote
the distance from the origin to the mth nearest particle.
(a) Find the density of D,,.
(b) Find the density of D}.

30 Suppose we have a Poisson process with parameter 4 on the upper
half-plane of R2?, i.e., the Poisson process is on the subset S =
{(x, y): y > 0} of R%

(a) What is the density of the distance D, from O to the mth nearest
particle?
(b) Find the first two moments of D,,.

31 Consider the following system. The times when particles arrive into
the system constitute a Poisson process on [0, c0) with parameter A.
Each particle then lives for a certain length of time independent of the
arrival times of the particles in the process and independent of the
lives of the other particles. Suppose the lengths of life of the particles
are exponentially distributed with common parameter u. Let M(¢)
denote the number of particles that are alive at time . Compute the
distribution of M (¢) by carrying out the following steps.

(a) Suppose a particle arrives according to the uniform distribution on
[0, ¢] and lives for a random length of time that is exponentially
distributed with parameter u. Find the probability p, that the
particle is alive at time ¢.

(b) Using the fact that given N(¢) = n the particles are independently
and uniformly distributed over [0, ¢], show that

PM@) = kINGW = m = (1) P - pr

(c) Now show that M (¢) is Poisson distributed with parameter Azp,.
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@ P(X = k) = ()” ) 0<k<é,

-
o e (1)

)
x
IA
]

4. 1/2N*1 - 2),
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21. (a) — @}
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2r)!
® g
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S P I o |
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r—n
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31. /i(y) = —2—_: e7*29? 0 < y < o0, and £4(y) = O elsewhere.
aV2n

32. £,(») = —l_: exp [—(log y — 1)?/26%), 0 < y < o, and f;(y) = O elsewhere.
ay\/ 2n

33. .6826.

34. (X — w)/o has the standard normal distribution.

35. fy(—6) = .0030, fy(=5) = .0092, fy(—4) = .0279, fy(—3) = .0655,
H(=2) = 1210, fy(=1) = .1747,  £,(0) = .1974, f () = 1747,
) = .1210, fy(3) = .0655, fy(@) = .0279, £(5) = .0092,
fy(6) = .0030, fy(») = 0 elsewhere.

36. u = 160, 6 = 29.6, P(X = 200) = .0885, P(X = 220 | X = 200) = .244 (24.4%).
38. 2 seconds.
39. Geometric with parameter 1 — e~%.
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40.

41.
43.

44,
45,
46.

47.

10.

1.

12.

'FW,Z(W’Z)=F(w;a9z_c)- fW,Z(w’z)‘-:—bl?if( ’

(e) g(¢) = A, t > 0, where A is the parameter of the exponential distribution;
(f) improves for a < 1, deteriorates for « > 1, stays the same for a = 1.
Gamma density I'(a, A/c).
@

KO = o y2=1 =% 5 5 0, and f(») = O elsewhere.

I'(a)
o(y) = Vy,y 2 0.
p(x) = [P~1(x)]? -1 < x < 1.

O-1(1) = —1.282, @®71(2) = —-.842, ®~1(3) = —.524,

®-1(4) = —.253, ®-1(.5) =0, ®-1(.6) = .253,

®-1(.7) = .524, ®-1(.8) = .842, ®-1(.9) = 1.282.

u + .6750. 48. 1. 49, .82.
CHAPTER 6

w—a z—c)

d b d

. Fy,w,2) = F~Nw, Vz) — F(—vVw,Vz) — FNw, —vz) + F(-vVw, —V2)

and fiy w, z) = \j— (FVw, VD) + f(—VwV2) + f(Vw, =V7)
4

Wz + f(—-V'w, =V2))
for w, z > 0 and Fy, z(w, z) and f z(w, z) equal zero elsewhere.

(@) 3/4, (b) 5/12, (c) 3/4; these results are easily obtained by finding the areas of
the appropriate unit square.

1 — e 1/202.

. 3/8. 6. 1/3.
. X is exponentially distributed with parameter A. Y has the gamma density I'(2, 1).

Fyy(x,y) =1 — e™* — 1xe™,0 < x < y;
Fyy(x,») =1 — e + Ay),0 < y < x; and Fy y(x, y) = 0 elsewhere.

(@ a> -1, (b)c=(+ )(a+2),

©) fx(x) =(a + 2)1 — x)**!, 0 < x < 1, and fy(x) = O elsewhere;
f(») = (@ + 2)y**1,0 < y < 1,and fy(y) = O elsewhere.

.c=+ B/47t. X is distributed as n(0, 16/15) and Y is distributed as n(0, 4/15).

fr-x(2) = f fx(x) fy(z + x)dx.
'11)'2 — A2 - 212

@) fx+y(2) = T (4 — e %), z> 0,and fx4y(2) =0,z < 0.
) SN )

®) fx+y(2) = 0,2 < 0; fx.y(2) =1 — e 0<z<l;
Sfray@) = e % - 1),1 < z < oo,

Sx+¥(2) = C—!*—;—*g 1, 0 z<1, fruy(2) = it

fx+y(2) = 0 elsewhere.

R-2°11<z<2;
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13. fiy-x|(2) = 2 (1 = 2 , 0<z<b- g and fiy_x (z) = 0 elsewhere.
b—a b— a

14. f;(2) = llef f(x,z—bax) dx, —o < z < 0.

15. (a; — D/(ay + a, — 2). 16. n(u, — uy, 0'1 + 02)

17. fol(r) = e ™29 r > 0;and f(r) = 0, r < 0.

2

18. fyy(2) = f | Il_lf(x’ 2%k

=g |%
20. f,(z) = 2/n(1 + z%),z > 0,and f,(z) = 0,z < 0.
21. Syx(2) = 1/ + z)2,z > 0, and fyx(z) = 0,z < 0.
22. Beta density with parameters a; and «,.

23. (a) fyx(x) = 27*0"9,0 < x < y, and fYIX(ny) = 0 elsewhere.

®) fryx( 1 x) = (@+ Dy — %1 - x"*,0<x <y <1,
and fyx(» | x) = O elsewhere.
(©) fyx(r | ) = n(y; x/8, 1/4).

24. ®(3/2) = .933.
26. Beta density with parameters a; + yand a, + n — y.

27. fy(») = aB*l(y + BY*!,y > 0, and f,(») = 0,y < 0. The conditional density
of A given Y = y is the gamma density I'(a + 1, 8 + »).

\/2/ U4 2 —y2/202

28. fy(») = > 0,and 4(») =0, » <0.

30. ) =»*2,0 <y < 1;£,(») = —y* + 3y — 32,1 < y < 2;
fY(3) =y -3y + 92,2 < y < 3, and fy(y) = O elsewhere.
PX, + X, + X5 < 2) = 5/6.

31. fx,.xpx:(X1, X2, X3) = 1/x1x,,0 < x3 < x, < x; < 1, and equals zero elsewhere.
Sx,(x) = (log, x)%/2,0 < x < 1, and equals zero elsewhere.

32. (a) fy,x,(x) = n(n — 1)y — x)""20 < x < y < 1, and equals zero elsewhere;
(b) fr(r) = n(n — 1)1 — r)r*~2,0 < r < 1, and zero elsewhere.
(c) Beta density with parameters k and n — k£ + 1.

33. Exponential with parameter nA.
34. x(M2)-1 g=xI212m2 ["(n/2), x > 0, and O elsewhere.
35. Beta density with parameters m/2 and n/2.

36. aX + bY and bX — aY are jointly distributed as independent random variables
each having the normal density n(0, a> + b3).

37. fxx+v(x, 2) = f(x) f(z — x).
38. Uniform on (0, z) for z > 0.

39. Uniformon (0, z)for0 < z < ¢, and uniformon(z — ¢, ¢)forc < z < 2c.
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40. (a) n(0, 1),

1.

16.

17.
19.

(b) fyz(u, 2) =

2nV'1 — p?

exp | — >
2n6,0,V1 — p? 2L = p7) oy

© fxy(x, p) =

@ n (ﬂz +p2(x = m)of (1 - pz)).
1

z \? z wz
fo 2w, 2) = (w+ 1) f(w+1,w+ 1).

CHAPTER 7

. agf(ag + aj).

Z will have finite expectation when ay > 1 and a, > 0. In this case EZ =
az/(ay — 1).

a/2/x.

X, /e has a geometric distribution with parameter (1 — e~ %),
EX, = ee /(1 — e~ %9). lim,_,o EX, = 1/A.

EX™ =T(a; + ap) I'(ay + m)T'(ay) T'(ay + ay + m).

Var X = a,a,/(a; + ay + D(a; + ay)?.

.\/‘z‘r(”;!)/r (g)

ax(@y, + a; — Df(a; — D*(ay — 2)for oy > 2.

. EY = 3/2A. Var Y = 5/4A2.
10.
1.
12.
13.
14.
15.

EX = 2R/3, Var X = R?/18.

EX = 0, Var X = R?/a.

EZ = ovnJ2, Var Z = 02?2 — n/2).
EY = 20v2/n, Var Y = 623 — 8/n).
EX =0, Var X = 1)2.

@) E|X| = ov2/n Var | X| = c2(1 — 2/n);
(b) EX? = g2, Var X2 = 20%;
(c) EetX = ¢7'*/2 Var ¢'X = 207* — 0%,

a
Ee'X = (——'1——) fort < ).
A—1t

EX" =T'(a + nNT'(@)A" forr > —a.
EX, = ki(n + 1), Var X, = k(n — k + D/n + 1)?(n + 2).
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20.
21.
22,
25.
26.

27.
28.
33.

35.
36.
39.

41.
42.

43.

o @ s N

10.
12.
14.
21.

23.

Answers
ER =0 — 1D/(n+ 1), Var R = 2(n — 1)/(n + 1)*(n + 2).
p = 1/4.
EZ = uaf), Var Z = a(c?a + o? + u?)/A%
Pz = .458.

E[Y | X=x]=x,0<x< E[Y|X=x]=2-x,1<x <2;and
E[Y | X = x] = 0 elsewhere.

E[X | Z = z] = ayz/(a; + a,) for z > 0 and O elsewhere.
EMI|Y=y]l=(x + (@ +a, + n),y=0,1,2,...,n and 0 elsewhere.
P(X < x) & ®((Ax — a)/Va).

. (@) EX? = 6% and Var X? = 20*.

(b) P(X} + -+ + X2 < x) ~ O(x — no?)/a>V2n).

(a) .921. (b) .842. (c) 23.26. (d) 27.71.
9773. 37. .02 38. .0415.
.0053.

. (@) fx(x) & A2 o((x — )V,

(b) fx(x) = B((x + 12 — HVi) — O((x — 12 — 1)/VA).
1/~ nn.

1 /~/ nm. Approximation (15) is not directly applicable because the greatest common
divisor of the set {x — 1| x is a possible value of S,} is two rather than one.
133, 44. .523. 45. n ~ 6700.
551.

CHAPTER 9

My(t) = (e*" — e™)/(b — a)t, t # 0, and My(0) = 1.
. eath(bt).
(@) Mx(t) = [p/Q — e'(1 — p)]JF, —o0 < ¢t < log (1/(1 — p)).
(b) (2n)!
() ‘Wj:—(t—) = npe'(pe’ + 1 — p)"~ ! and
2
d 24‘:(” = npe‘(pe' + 1 — p)"~ ' + n(n — 1p2e®(pe' + 1 — p)"2.
!
eMet-1), 11. p/(1 — €*( — p)).
[p/1 — €A — p)]". 13. [/ — i)

ox(t) = (I)x(e"').
(@) Px4+y(®) = e~ 2"l and ¢(X+Y)/2(t) = e Itl,

A= 2

(b) limP(X’;/—)'Sx)=d>(x), —00 < X < 0,
A



Answers

CHAPTER 9

2. (a) 1/3, (b) 0, (c) 1250.

3. (@ ((10/9)*° — (10/9)"%)/(1 — (10/9)7%) ~ .93,

(b) ~ $44.75,

(c) ~ 850.
6. Forx = y
b—a
Pa, (y’ y) =1-
o 2y — a)b — )
and
2(y — b —
G{a,b)(y’ y) = & ax y) - 1.
b—a
Forx < y
P (a,0)(Xs y) = 1 —9
y—a
and
2(x — a)(b —
G{a,b)(x, y) = (x aX 2 .
b—a
Forx > y
b —
P (%, y) = i
b—-y
and
2(y — a)b -
Gun(x, y) = » = aX x) ;
b—a
7. Forx =y

Pioy(»,») = 1 — 1/2y and G(y(y, ») = 2y — 1.

Forx <y

P{O}(X, y) = x/y and G{O}(x, y) = 2x.

Forx > y

Poy(x,¥) = 1 and G(gy(x, y) = 2y.

8 Forx =y

P,(y,y) =1+ g — pand Gy(y, y) =

Forx < y

Pﬂ(x’ y) = 1 and Gz(xs y) = 1/(p il q)'

Forx > y

a\*™’
Po(x, ») = (;) and G,(x, y) =

9. Po(—1, —1) = gand G (-1, -1) = J.

Fory < -1

Piy(—1,y) =

ql@a/py — 1]

2 ([ (R
MM.p= I—Q—ZL ( fo xf(x + z)dx)dz.

1+qg-—0p

S

P~ 4 and Guy(—1, y) =

249



250 Answers

12. (Z) P - pyr K,

5 :
13. (—Q;Tpl e "R?p,

A r—k j+ k\"
. , ) = -1y - .
i () ()15

16. @) 1 — e, (b) 1 — e
17. F;(x) = 0,x < 0;and Fp(x) = 1 — e*,x 2 0.
18. Fy(x) =0, x < 0; Fy(x) =1 — e, 0<x < t;and Fy,(x) = 1, x = ~.

19. () Fy4z(x) = 0,x < 0; Fy4z(x) =1 — e (1 + x),0 < x < 1;
and Fy ,z(x) = 1 — e (1 + Af),t < x < 0.

20. le~*.
21. fy (k) = vA*(A + v k =0,1,2,..., and zero elsewhere.
) . ;
22, f, (k) = % |1 _eay (Aa)y’
a

] , k=20,1,2, ... and zero elsewhere.

23. ).1/(11 + '12)

x2

2nx n-1
24. fp (%) = ==fl=5 , 0 < x < r, and O elsewhere.
r r

25. ED;"=r"'n!]r(12”-+ 1)/F(%+n+ 1).

26. (a) 22|4|?> + A|A|, (b) A%|4] |B| + A4 N B.

29. (a) fp, (r) = 3(4nA/3y"r3m~1e=4™Ar3(m — 1)1, r > 0, and O elsewhere.
(b) Gamma density I'(m, 47A/3).

30. (a) fp () = (n).)"lrlzl’;'" e~ ™*22m=1(m — 1), r > 0, and O elsewhere.
@) ED, = L&D __“Tm=s 1) 4 ppe - 20
(m — ! A

t — po—ut
3. p =2 f et gg = L= €
tJo ut







Table I Values of the standard normal distribution function

P(2) = :o #e-"*m du = P(Z < z)

0 1 2 3 4 5 6 7 8 9

.0013 .0010 .0007 .0005 .0003 .0002 .0002 .0001 .0001 .0000

.0019 .0018 .0017 .0017 .0016 .0016 .0015 .0015 .0014 .0014
0026 .0025 .0024 .0023 .0023 .0022 .0021 .0020 .0020 .0019
.0035 .0034 .0033 .0032 .0031 .0030 .0029 .0028 .0027 .0026
.0047 .0045 .0044 .0043 .0041 .0040 .0039 .0038 .0037 .0036
0062 .0060 .0059 .0057 .0055 .0054 .0052 .0051 .0049 .0048
.0082 .0080 .0078 .0075 .0073 .0071 .0069 .0068 .0066 .0064
.0107 .0104 .0102 .0099 .0096 .0094 .0091 .0089 .0087 .0084
0139 .0136 .0132 .0129 .0126 .0122 .0119 .0116 .0113 .0110
.0179 .0174 .0170 .0166 .0162 .0158 .0154 .0150 .0146 .0143
.0228 .0222 .0217 .0212 .0207 .0202 .0197 .0192 .0188 .0183
.0287 .0281 .0274 .0268 .0262 .0256 .0250 .0244 .0238 .0233
0359 .0352 .0344 .0336 .0329 .0322 .0314 .0307 .0300 .0294
0446 .0436 .0427 .0418 .0409 .0401 .0392 .0384 .0375 .0367
.0548 .0537 .0526 .0516 .0505 .0495 .0485 .0475 .0465 .045S
0668 .0655 .0643 .0630 .0618 .0606 .0594 .0582 .0570 .0559
0808 .0793 .0778 .0764 .0749 .0735 .0722 .0708 .0694 .0681
0968 .0951 .0934 .0918 .0901 .0885 .0869 .0853 .0838 .0823
151 1131 1112 1093 .1075 .1056 .1038 .1020 .1003 .098S
JA357 1335 .1314 1292 1271 .1251 .1230 .1210 .1190 .1170
JA587 1562 .1539 .1515 .1492 .1469 .1446 .1423 .1401 .1379
.1841 .1814 .1788 .1762 .1736 .1711 .1685 .1660 .1635 .1611
2119 2090 .2061 .2033 .2005- .1977 .1949 .1922 .1894 .1867
.2420 .2389 .2358 .2327 .2297 .2266 .2236 .2206 .2177 .2148
2743 2709 .2676 .2643 .2611 .2578 .2546 .2514 .2483 .2451
.3085 .3050 .3015 .2981 .2946 .2912 .2877 .2843 .2810 .2776
3446 .3409 .3372 .3336 .3300 .3264 .3228 .3192 .3516 .3121l
3821 .3783 .3745 .3707 .3669 .3632 .3594 .3557 .3520 .3483
4207 .4168 .4129 .4090 .4052 .4013 .3974 .3936 .3897 .3859
4602 .4562 .4522 .4483 .4443 .4404 .4364 .4325 .4286 .4247
5000 .4960 .4920 .4880 .4840 .4801 .4761 .4721 .4681 .4641

I N e e |
kol ettt Bad B
O—Nwhiuwnoawmwo

[ |
[ Y
g0 v

[
—

|
bt bt bt bt

|
o=NMNwbhUhoumoo—~—NwpruLo

Reprinted with permission of The Macmillan Company from INTRODUCTION TO
PROBABILITY AND STATISTICS, second edition, by B. W. Lindgren and G. W.
McElrath. Copyright © 1966 by B. W. Lindgren and G. W. McElrath.
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Table 1

Values of the standard normal distribution function

0

N

1

2

3

4

5

6

7

8

9

.5000
5398
5793
6179
.6554
.6915
1257
.7580
.7881
8159
8413
.8643
.8849
.9032
9192
9332
9452
9554
9641
9713
9772
9821
9861
.9893
9918
9938
.9953
.9965
9974
9981

— O VXN UNPAWN—~OLVLXIITULE L=

NN
w N

DI
>

NN NN
O 00 J O\ W

.5040
.5438
5832
.6217
.6591
.6950
7291
7611
7910
8186
.8438
.8665
.8869
.9049
.9207
9345
.9463
9564
9648
9719
9778
.9826
9864
.9896
9920
9940
9955
.9966
9975
9982

.5080
5478
5871
.6255
.6628
.6985
7324
7642
7939
8212
.8461
.8686
.8888
.9066
9222
9357
9474
9573
9656
9726
.9783
.9830
.9868
.9898
9922
9941
9956
9967
9976
9982

5120
5517
5910
.6293
.6664
7019
1357
7673
7967
.8238
.8485
.8708
.8907
.9082
9236
9370
.9484
.9582
9664
9732
9788
9834
9871
.9901
9925
9943
9957
9968
.9977
.9983

5160
5557
.5948
.6331
.6700
7054
7389
7703
7995
.8264
.8508
8729
.8925
.9099
9251
9382
.9495
9591
9671
9738
9793
.9838
9874
.9904
9927
9945
9959
.9969
9977
9984

5199
.5596
.5987
.6368
.6736
.7088
7422
1734
.8023
.8289
.8531
.8749
.8944
9115
9265
9394
9505
9599
9678
9744
9798
.9842
.9878
.9906
9929
.9946
9960
9970
9978
.9984

5239
5363
.6026
.6406
6772
7123
7454
7764
.8051
8315
.8554
.8770
.8962
9131
9278
.9406
9515
.9608
9686
9750
.9803
9846
9881
.9909
9931
.9948
9961
9971
9979
9985

5279
5675
.6064
.6443
.6808
J157
.7486
7974
.8078
.8340
8577
.8790
.8980
9147
9292
9418
9525
9616
9693
9756
.9808
9850
.9884
9911
9932
9949
9962
9972
9979
9985

5319
5714
.6103
.6480
.6844
7190
517
.7823
.8106
.8365
.8599
.8810
.8997
9162
.9306
9430
9535
9625
9700
9762
9812
9854
.9887
9913
9934
9951
9963
9973
.9980
.9986

5359
5753
.6141
6517
.6879
7224
7549
.7852
.8133
.8389
.8621
.8830
9015
9177
9319
9441
9545
9633
9706
9767
9817
9857
.9890
9916
9936
9952
.9964
9974
9981
9986

=

.9987

9990

.9993

.9995

9997

.9998

.9998

9999

9999

1.0000

Note 1: If a normal variable X is not *“‘standard,” its values must be “standardized’’: Z = (X — u)/o. That

is, X< %) = c»(

)

Note 2: For “two-tail” probabilities, see Table Ib.
Note 3: For z 2 4, ®(x) = | to four decimal places; for z < —4, ©(z) = 0 to four decimal places.

Note 4: The entries opposite z = 3 are for 3.0, 3.1, 3.2, etc.
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Absolutely continuous distribution function,
115

Bayes’ rule, 17, 155

Bernoulli distribution, 66. See also Binomial
distribution

Bernoulli trials, 66
infinite sequences of, 70

Beta distribution, 148
Beta function, 149
Binomial coefficients, 31

Binomial distribution, 51

application of Chebyshev’s Inequality,
102

Bernoulli trials, 66
mean, 83, 89
moment generating function, 198
normal approximation, 188, 190
Poisson approximation, 69
probability generating function, 73
sums of binomial random variables, 75
variance, 97

Birthday problem, 29

Bivariate distribution, 143
normal, 172
standard normal, 144

Cauchy distribution, 122
sum of Cauchy random variables, 215

Central Limit Theorem, 185, 212
application to sampling, 190
local form, 187-189
normal approximation, 186

Change of variable formula, multidimen-

sional, 166-168
one-dimensional, 119

Characteristic function, 200
Continuity Theorem, 208
inversion formula, 205-207

255

Index

sum of independent random variables,
204
Uniqueness Theorem, 208

Chebyshev’s Inequality, 101

Chi-square (x2) distribution, 164
mean, 177
moments, 177
variance, 177

Combinations, 31-34

Committee membership, 32
Complement of an event, 3, 6
Complex numbers, 200-202
Complex-valued random variable, 202

Conditional density, discrete, 107
in Bayes’ rule, 155
with respect to integration, 153, 160

Conditional expectation, continuous random
variable, 182
discrete random variable, 108

Conditional probability, 14
involving random variables, 57

Constant random variable, 52
characteristic function, 202

Continuity Theorem, 208

Continuous random variable, 109, 113
Convolution, 146

Correlation coefficient, 99, 176
Coupon problem, 46

Covariance, 96, 105, 176, 178

Decay, exponential, 5, 111

Deciles, 133

DeMoivre-Laplace Limit Theorem, 184
De Morgan’s laws, 10

Density. See Discrete density; Density with
respect to integration
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Density with respect to integration, 115
beta, 148
bivariate, 140, 143
chi-square (x2), 164
conditional, 107, 153, 160
exponential, 119
F, 164
gamma, 129
joint, 140, 143, 157, 158
marginal, 141, 158
Maxwell, 171
normal, 125
Rayleigh, 170
symmetric, 123
t, 165

Discrete density function, 50, 54
Bernoulli, 66
binomial, 51
conditional, 107
geometric, 55
hypergeometric, 52
joint, 62
marginal, 62
multinomial, 68
negative binomial, 55
Poisson, 56
symmetric, 123

Discrete random variable, 50
Discrete random vector, 61
Distribution, 51

Distribution function, 110, 115
absolutely continuous, 115
Cauchy, 122
discrete random variable, 57-58
gamma, 130
geometric, 59
inverse, 131
joint, 139, 157
marginal, 140, 157
normal, 125
properties, 112
symmetric density, 124
transformations involving, 131
uniform, 118

Error function, 136

Events, 3, 6
complement, 3, 6
independent, 19, 20
intersection, 3, 6
union, 3, 6, 38

Expectation, complex-valued random vari-
able, 202
conditional, 108, 182
continuous random variable, 173
discrete random variable, 84
function of random variables, 86, 176

Index

general definition, 176
properties, 85, 176

Exponential decay, 5, 111

Exponential distribution, 119, 126
characteristic function, 203-204
mean, 174
moment generating function, 198
moments, 177
special property, 127
sums of exponential random variables,
146, 159, 168
variance, 177
waiting times for Poisson process, 230

F distribution, 164
Failure rate, 137

Field of sets, 7
sigma field, 7

Gamma distribution, 129

distance to particles in Poisson process,
229

mean, 174

moment generating function, 198

moments, 177

normal approximation, 185-186

quotients of gamma random variables,
152

sums of gamma random variables, 148,
159

variance, 177

waiting times in Poisson process, 230

Gamma function, 129

Geometric distribution, 55, 56

distribution function, 59

mean, 84-85, 91, 96

probability generating function, 73

special property, 59-60

sums of geometric random variables,
72, 75-76

variance, 96

waiting times in Bernoulli trials, 70

Half-life, 133

Hypergeometric distribution, 52
mean, 90
variance, 98

Independent events, 19, 20
Independent random variables, 63, 64, 66,
142, 143, 154, 158, 159
quotients, 151
sums, 72, 146



Index

Indicator random variable, 52. See also
Bernoulli distribution

Intersection of events, 3, 6

Inversion formulas involving characteristic
functions, 205-207

Jacobians, 167

Joint density, discrete, 61, 62
with respect to integration, 140, 143,
157, 158

Joint distribution function, 139, 157

Lognormal distribution, 136
Lower decile, 133
Lower quartile, 133

Marginal density, discrete, 62
with respect to integration, 141, 158

Marginal distribution function, 140, 157
Matching problems, 31, 40

Maxwell distribution, 171

Maxwell’s law, 126

Mean, 83, 176

Median, 133

Moment generating function, 197
computation of moments, 199
sum of independent random variables,
199

Moments, 92, 176-177
central, 92, 176177

Multidimensional change of variables, 166—
168

Multinomial distribution, 68
application to order statistics, 163
connection with Poisson process, 226

Mutually independent events, 19-20

Mutually independent random variables.
See Independent random variables

Negative binomial distribution, 55
mean, 95-96
normal approximation, 185-186
probability generating function, 73
sums of negative binomial random vari-

ables, 75

variance, 95-96
waiting times in Bernoulli trials, 71

Normal approximation, 186

Normal distribution, 124-126
bivariate, 172
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Central Limit Theorem, 184-185, 212

characteristic function, 204-205

inversion formula, 207

mean, 178

moment generating function, 197-198

moments, 178, 199-200

normal approximation, 186

sampling distributions, 163

standard, 125

standard bivariate, 143-144

sums of normal random variables, 149,
159

transformations involving, 132

variance, 178

Occupancy problems, 43
Order statistics, 160
Ordered samples, 27-30

Pairwise independent events, 19
Partitions, 34-38

Percentiles, 133

Permutations, 29-31

Poisson approximation to binomial dis-
tribution, 69

Poisson distribution, 56

approximation to binomial distribution,
69,

mean, 84
moment generating function, 198
normal approximation, 185
probability generating function, 74
relation to gamma distribution, 130
sums of Poisson variables, 75
variance, 96

Poisson process, 228
distance to mth nearest particle, 228
waiting times, 230

Poker hand, 47
Polya’s urn scheme, 18
Possible value, 50

Probability generating function, 73
computation of moments, 94
sums of independent random variables,
74

Probability measure, 8
Probability space, 8
Probability theory, 1
Probable error, 134

Quartiles, 133
Quotients of random variables, 150
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Random sample, 101

Random variable, 110
complex-valued, 202
continuous, 109, 113
discrete, 50
symmetric, 123

Random walk, 216
simple, 220

Range, 160
Rayleigh distribution, 170
Regression function, 182

Relative frequency interpretation, 1-3
conditional probability, 14
expectation, 82

Sampling distributions, 163

Sampling with replacement, 28. See also
Binomial distribution

Sampling without replacement, 29, 31, 37-38,
52

Schwarz inequality, 99
Sigma field (o-field) of subsets, 7
Simple random walk, 220

Standard bivariate normal distribution,
143-144

Standard deviation, 94, 176
Standard normal distribution, 125
Statistical regularity, 1

Stochastic process, 216

Sums of independent random variables
characteristic function, 204
continuous, 145
discrete, 72
moment generating function, 199
probability generating function, 74
variance, 97

Index

Symmetric density, 123
median, 133
moments, 178

Symmetric probability space, 9, 27

Symmetric random variable, 123
median, 133
moments, 178

t distribution, 165

Uncorrelated random variables, 99

Uniform distribution, discrete, 55
mean, 82-83

Uniform distribution on an interval, 118
characteristic function, 203
mean, 173
transformations involving, 131-132

Uniform probability space, 9-10
Union of events, 3, 6, 38

Uniqueness theorem involving characteristic
functions, 208

Unordered samples, 31-34
Upper decile, 133

Upper k-percentile, 133
Upper quartile, 133

Variance, 93, 176, 177

Waiting times, Bernoulli trials, 70
Poisson process, 230

Wald’s identities, 217-218
Weak Law of Large Numbers, 102, 211
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