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Probability and Statistics by Example: 1

Probability and statistics are as much about intuition and problem solving, as
they are about theorem proving. Because of this, students can find it very
difficult to make a successful transition from lectures to examinations to practice,
since the problems involved can vary so much in nature. Since the subject is
critical in many modern applications such as mathematical finance, quantitative
management, telecommunications, signal processing, bioinformatics, as well as
traditional ones such as insurance, social science and engineering, the authors
have rectified deficiencies in traditional lecture-based methods by collecting
together a wealth of exercises for which they’ve supplied complete solutions.
These solutions are adapted to the needs and skills of students. To make it of
broad value, the authors supply basic mathematical facts as and when they are
needed, and have sprinkled some historical information throughout the text.
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Preface

The original motivation for writing this book was rather personal. The first author, in the
course of his teaching career in the Department of Pure Mathematics and Mathematical
Statistics (DPMMS), University of Cambridge, and St John’s College, Cambridge, had
many painful experiences when good (or even brilliant) students, who were interested
in the subject of mathematics and its applications and who performed well during their
first academic year, stumbled or nearly failed in the exams. This led to great frustration,
which was very hard to overcome in subsequent undergraduate years. A conscientious
tutor is always sympathetic to such misfortunes, but even pointing out a student’s obvious
weaknesses (if any) does not always help. For the second author, such experiences were
as a parent of a Cambridge University student rather than as a teacher.

We therefore felt that a monograph focusing on Cambridge University mathematics
examination questions would be beneficial for a number of students. Given our own
research and teaching backgrounds, it was natural for us to select probability and statistics
as the overall topic. The obvious starting point was the first-year course in probability
and the second-year course in statistics. In order to cover other courses, several further
volumes will be needed; for better or worse, we have decided to embark on such a project.

Thus our essential aim is to present the Cambridge University probability and statis-
tics courses by means of examination (and examination-related) questions that have been
set over a number of past years. Following the decision of the Board of the Faculty of
Mathematics, University of Cambridge, we restricted our exposition to the Mathematical
Tripos questions from the years 1992—-1999. (The questions from 2000-2004 are available
online at http://www.maths.cam.ac.uk/ppa/.) Next, we included some IA Probability reg-
ular example sheet questions from the years 1992-2003 (particularly those considered as
difficult by students). Further, we included the problems from Specimen Papers issued in
1992 and used for mock examinations (mainly in the beginning of the 1990s) and selected
examples from the 1992 list of so-called sample questions. A number of problems came
from example sheets and examination papers from the University of Wales-Swansea.

Of course, Cambridge University examinations have never been easy. On the basis of
examination results, candidates are divided into classes: first, second (divided into two
categories: 2.1 and 2.2) and third; a small number of candidates fail. (In fact, a more
detailed list ranking all the candidates in order is produced, but not publicly disclosed.)
The examinations are officially called the ‘Mathematical Tripos’, after the three-legged
stools on which candidates and examiners used to sit (sometimes for hours) during oral

vii



viii Preface

examinations in ancient times. Nowadays all examinations are written. The first-year of
the three-year undergraduate course is called Part 1A, the second Part IB and the third
Part II.

For example, in May—June of 2003 the first-year mathematics students sat four exam-
ination papers; each lasted three hours and included 12 questions from two subjects.
The following courses were examined: algebra and geometry, numbers and sets, analysis,
probability, differential equations, vector calculus, and dynamics. All questions on a given
course were put in a single paper, except for algebra and geometry, which appears in two
papers. In each paper, four questions were classified as short (two from each of the two
courses selected for the paper) and eight as long (four from each selected course). A can-
didate might attempt all four short questions and at most five long questions, no more than
three on each course; a long question carries twice the credit of a short one. A calculation
shows that if a student attempts all nine allowed questions (which is often the case), and
the time is distributed evenly, a short question must be completed in 12—13 minutes and
a long one in 24-25 minutes. This is not easy and usually requires special practice; one
of the goals of this book is to assist with such a training programme.

The pattern of the second-year examinations has similarities but also differences. In
June 2003, there were four IB Maths Tripos papers, each three hours long and containing
nine or ten short and nine or ten long questions in as many subjects selected for a given
paper. In particular, IB statistics was set in Papers 1, 2 and 4, giving a total of six
questions. Of course, preparing for Part IB examinations is different from preparing for
Part IA; we comment on some particular points in the corresponding chapters.

For a typical Cambridge University student, specific preparation for the examinations
begins in earnest during the Easter (or Summer) Term (beginning in mid-April). Ideally,
the work might start during the preceding five-week vacation. (Some of the examination
work for Parts IB and II, the computational projects, is done mainly during the summer
vacation period.) As the examinations approach, the atmosphere in Cambridge can become
rather tense and nervous, although many efforts are made to diffuse the tension. Many
candidates expend a great deal of effort in trying to calculate exactly how much work
to put into each given subject, depending on how much examination credit it carries and
how strong or weak they feel in it, in order to optimise their overall performance. One
can agree or disagree with this attitude, but one thing seemed clear to us: if the students
receive (and are able to digest) enough information about and insight into the level and
style of the Tripos questions, they will have a much better chance of performing to the
best of their abilities. At present, owing to great pressures on time and energy, most
of them are not in a position to do so, and much is left to chance. We will be glad
if this book helps to change this situation by alleviating pre-examination nerves and by
stripping Tripos examinations of some of their mystery, at least in respect of the subjects
treated here.

Thus, the first reason for this book was a desire to make life easier for the students.
However, in the course of working on the text, a second motivation emerged, which we
feel is of considerable professional interest to anyone teaching courses in probability and
statistics. In 1991-2 there was a major change in Cambridge University to the whole
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approach to probabilistic and statistical courses. The most notable aspect of the new
approach was that the IA Probability course and the IB Statistics course were redesigned
to appeal to a wide audience (200 first-year students in the case of IA Probability and
nearly the same number of the second-year students in the case of IB Statistics). For a large
number of students, these are the only courses from the whole of probability and statistics
which they attend during their undergraduate years. Since more and more graduates in
the modern world have to deal with theoretical and (especially) applied problems of a
probabilistic or statistical nature, it is important that these courses generate and maintain a
strong and wide appeal. The main goal shifted, moving from an academic introduction to
the subject towards a more methodological approach which equips students with the tools
needed to solve reasonable practical and theoretical questions in a ‘real life’ situation.

Consequently, the emphasis in IA Probability moved further away from sigma-algebras,
Lebesgue and Stiltjies integration and characteristic functions to a direct analysis of various
models, both discrete and continuous, with the aim of preparing students both for future
problems and for future courses (in particular, Part IB Statistics and Part IB/II Markov
chains). In turn, in IB Statistics the focus shifted towards the most popular practical
applications of estimators, hypothesis testing and regression. The principal determination
of examination performance in both IA Probability and IB Statistics became students’
ability to choose and analyse the right model and accurately perform a reasonable amount
of calculation rather than their ability to solve theoretical problems.

Certainly such changes (and parallel developments in other courses) were not always
unanimously popular among the Cambridge University Faculty of Mathematics, and
provoked considerable debate at times. However, the student community was in general
very much in favour of the new approach, and the ‘redesigned’ courses gained increased
popularity both in terms of attendance and in terms of attempts at examination questions
(which has become increasingly important in the life of the Faculty of Mathematics). In
addition, with the ever-growing prevalence of computers, students have shown a strong
preference for an ‘algorithmic’ style of lectures and examination questions (at least in the
authors’ experience).

In this respect, the following experience by the first author may be of some interest.
For some time I have questioned former St John’s mathematics graduates, who now have
careers in a wide variety of different areas, about what parts of the Cambridge University
course they now consider as most important for their present work. It turned out that the
strongest impact on the majority of respondents is not related to particular facts, theorems,
or proofs (although jokes by lecturers are well remembered long afterwards). Rather
they appreciate the ability to construct a mathematical model which represents a real-life
situation, and to solve it analytically or (more often) numerically. It must therefore be
acknowledged that the new approach was rather timely. As a consequence of all this, the
level and style of Maths Tripos questions underwent changes. It is strongly suggested
(although perhaps it was not always achieved) that the questions should have a clear
structure where candidates are led from one part to another.

The second reason described above gives us hope that the book will be interesting
for an audience outside Cambridge. In this regard, there is a natural question: what is
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the book’s place in the (long) list of textbooks on probability and statistics. Many of the
references in the bibliography are books published in English after 1991, containing the
terms ‘probability’ or ‘statistics’ in their titles and available at the Cambridge University
Main and Departmental Libraries (we are sure that our list is not complete and apologise
for any omission).

As far as basic probability is concerned, we would like to compare this book with
three popular series of texts and problem books, one by S. Ross [Ros1-Ros6], another
by D. Stirzaker [St1-St4], and the third by G. Grimmett and D. Stirzaker [GriS1-GriS3].
The books by Ross and Stirzaker are commonly considered as a good introduction to the
basics of the subject. In fact, the style and level of exposition followed by Ross has been
adopted in many American universities. On the other hand, Grimmett and Stirzaker’s
approach is at a much higher level and might be described as ‘professional’. The level of
our book is intended to be somewhere in-between. In our view, it is closer to that of Ross
or Stirzaker, but quite far away from them in several important aspects. It is our feeling
that the level adopted by Ross or Stirzaker is not sufficient to get through Cambridge
University Mathematical Tripos examinations with Class 2.1 or above. Grimmett and
Stirzaker’s books are of course more than enough — but in using them to prepare for
an examination the main problem would be to select the right examples from among a
thousand on offer.

On the other hand, the above monographs, as well as many of the books from the
bibliography, may be considered as good complementary reading for those who want to
take further steps in a particular direction. We mention here just a few of them: [Chul],
[Durl], [G], [Go], [JP], [Sc] and [ChaY]. In any case, the (nostalgic) time when everyone
learning probability had to read assiduously through the (excellent) two-volume Feller
monograph [Fe] had long passed (though in our view, Feller has not so far been surpassed).

In statistics, the picture is more complex. Even the definition of the subject of statistics
is still somewhat controversial (see Section 3.1). The style of lecturing and examining
the basic statistics course (and other statistics-related courses) at Cambridge University
was always rather special. This style resisted a trend of making the exposition ‘fully
rigorous’, despite the fact that the course is taught to mathematics students. A minority
of students found it difficult to follow, but for most of them this was never an issue.
On the other hand, the level of rigour in the course is quite high and requires substantial
mathematical knowledge. Among modern books, the closest to the Cambridge University
style is perhaps [CaB]. As an example of a very different approach, we can point to [Wil]
(whose style we personally admire very much but would not consider as appropriate for
first reading or for preparing for Cambridge examinations).

A particular feature of this book is that it contains repetitions: certain topics and
questions appear more than once, often in slightly different form, which makes it difficult
to refer to previous occurrences. This is of course a pattern of the examination process
which becomes apparent when one considers it over a decade or so. Our personal attitudes
here followed a proverb ‘Repetition is the mother of learning’, popular (in various forms)
in several languages. However, we apologise to those readers who may find some (and
possibly many) of these repetitions excessive.
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This book is organised as follows. In the first two chapters we present the material
of the TA Probability course (which consists of 24 one-hour lectures). In this part the
Tripos questions are placed within or immediately following the corresponding parts of
the expository text. In Chapters 3 and 4 we present the material from the 16-lecture 1B
Statistics course. Here, the Tripos questions tend to embrace a wider range of single topics,
and we decided to keep them separate from the course material. However, the various
pieces of theory are always presented with a view to the rdle they play in examination
questions.

Displayed equations, problems and examples are numbered by chapter: for instance, in
Chapter 2 equation numbers run from (2.1) to (2.102), and there are Problems 2.1-2.55.

Symbol [ marks the end of a solution of a given problem. Symbol B marks the end
of an example.

A special word should be said about solutions in this book. In part, we use students’
solutions or our own solutions (in a few cases solutions are reduced to short answers
or hints). However, a number of the so-called examiners’ model solutions have also
been used; these were originally set by the corresponding examiners and often altered by
relevant lecturers and co-examiners. (A curious observation by many examiners is that,
regardless of how perfect their model solutions are, it is rare that any of the candidates
follow them.) Here, we aimed to present all solutions in a unified style; we also tried
to correct mistakes occurring in these solutions. We should pay the highest credit to all
past and present members of the DPMMS who contributed to the painstaking process of
supplying model solutions to Tripos problems in IA Probability and IB Statistics: in our
view their efforts definitely deserve the deepest appreciation, and this book should be
considered as a tribute to their individual and collective work.

On the other hand, our experience shows that, curiously, students very rarely follow
the ideas of model solutions proposed by lecturers, supervisors and examiners, however
impeccable and elegant these solutions may be. Furthermore, students understand each
other much more quickly than they understand their mentors. For that reason we tried to
preserve whenever possible the style of students’ solutions throughout the whole book.

Informal digressions scattered across the text have been borrowed from [Do], [Go],
[Ha], the St Andrew’s University website www-history.mcs.st-andrews.ac.uk/history/ and
the University of Massachusetts website www.umass.edu/wsp/statistics/tales/. Conver-
sations with H. Daniels, D.G. Kendall and C.R. Rao also provided a few subjects.
However, a number of stories are just part of folklore (most of them are accessible
through the Internet); any mistakes are our own responsibility. Photographs and por-
traits of many of the characters mentioned in this book are available on the University
of York website www.york.ac.uk/depts/maths/histstat/people/ and (with biographies) on
http://members.aol.com/jayKplanr/images.htm.

The advent of the World Wide Web also had another visible impact: a proliferation
of humour. We confess that much of the time we enjoyed browsing (quite numerous)
websites advertising jokes and amusing quotations; consequently we decided to use some
of them in this book. We apologise to the authors of these jokes for not quoting them
(and sometimes changing the sense of sentences).
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Throughout the process of working on this book we have felt both the support and the
criticism (sometimes quite sharp) of numerous members of the Faculty of Mathematics
and colleagues from outside Cambridge who read some or all of the text or learned
about its existence. We would like to thank all these individuals and bodies, regardless
of whether they supported or rejected this project. We thank personally Charles Goldie,
Oliver Johnson, James Martin, Richard Samworth and Amanda Turner, for stimulating
discussions and remarks. We are particularly grateful to Alan Hawkes for the limitless
patience with which he went through the preliminary version of the manuscript. As
stated above, we made wide use of lecture notes, example sheets and other related texts
prepared by present and former members of the Statistical Laboratory, Department of
Pure Mathematics and Mathematical Statistics, University of Cambridge, and Mathematics
Department and Statistics Group, EBMS, University of Wales-Swansea. In particular,
a large number of problems were collected by David Kendall and put to great use in
Example Sheets by Frank Kelly. We benefitted from reading excellent lecture notes
produced by Richard Weber and Susan Pitts. Damon Wischik kindly provided various
tables of probability distributions. Statistical tables are courtesy of R. Weber.

Finally, special thanks go to Sarah Shea-Simonds and Maureen Storey for carefully
reading through parts of the book and correcting a great number of stylistic errors.
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1 Discrete outcomes

1.1 A uniform distribution

Lest men suspect your tale untrue,
Keep probability in view.
J. Gay (1685-1732), English poet

In this section we use the simplest (and historically the earliest) probabilistic model where
there are a finite number m of possibilities (often called outcomes) and each of them has
the same probability 1/m. A collection A of k outcomes with k <m is called an event
and its probability P(A) is calculated as k/m:

the number of outcomes in A

P(A) = (1.1)

the total number of outcomes

An empty collection has probability zero and the whole collection one. This scheme looks
deceptively simple: in reality, calculating the number of outcomes in a given event (or
indeed, the total number of outcomes) may be tricky.

Problem 1.1 You and I play a coin-tossing game: if the coin falls heads I score one,
if tails you score one. In the beginning, the score is zero. (i) What is the probability that
after 2n throws our scores are equal? (ii) What is the probability that after 2n + 1 throws
my score is three more than yours?

Solution The outcomes in (i) are all sequences HHH...H,THH. .. H,...,TTT...T
formed by 2n subsequent letters H or T (or, O and 1). The total number of outcomes is
m=2%" each carries probability 1/22". We are looking for outcomes where the number of
Hs equals that of T's. The number k of such outcomes is (2n)!/n!n! (the number of ways
to choose posit(igni'for nl Hs among 2n places available in the sequence). The probability
n)!
X

nlnl = 22
In (ii), the outcomes are the sequences of length 2n + 1, 22**! in total. The probability

equals

in question is

2n+1)! 1
X .
(n+2)!(n—1)! 22w+l




4 Discrete outcomes

Problem 1.2 A tennis tournament is organised for 2" players on a knock-out basis,
with n rounds, the last round being the final. Two players are chosen at random. Calculate
the probability that they meet (i) in the first or second round, (ii) in the final or semi-final,
and (iii) the probability they do not meet.

Solution The sentence ‘Two players are chosen at random’ is crucial. For instance,
one may think that the choice has been made after the tournament when all results are
known. Then there are 2"~ pairs of players meeting in the first round, 2"~ in the second
round, two in the semi-final, one in the final and 2"~' +2"24... 424 1=2"—1in all
rounds.

The total number of player pairs is (22 > =2""1(2" —1). Hence the answers:

() 2117]_}_27172 _ 3 () 3
Voo T 22— W ooy
and
21— 1) — (2" — 1 1
il F-D=-2"=D _, O

2)171(271 _ 1) on—1 :
Problem 1.3 There are n people gathered in a room.

(i)  What is the probability that two (at least) have the same birthday? Calculate the
probability for n =22 and 23.

(i) What is the probability that at least one has the same birthday as you? What
value of n makes it close to 1/2?

Solution The total number of outcomes is 365”. In (i), the number of outcomes not
in the event is 365 x 364 x - -- x (365 — n+ 1). So, the probability that all birthdays are
distinct is (365 x 364 x - -+ x (365 —n+ 1)) /365" and that two or more people have the
same birthday

| 365X 364 %+ x (365 —n+ 1)

365"
For n=22:
4 44
l—ﬁ X ﬂ X oo X 3—:0.4927,
365 365 365
and for n =23:
4 4
365 36 2 =0.5243.

l—— X — Xx---X
365 365 365

In (ii), the number of outcomes not in the event is 364" and the probability in question
1 —(364/365)". We want it to be near 1/2, so

(364) ~ 1, ie.n~ —; ~252.61. O
365 2 log,(364/365)
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Problem 1.4 Mary tosses n+ 1 coins and John tosses n coins. What is the probability
that Mary gets more heads than John?

Solution 1 We must assume that all coins are unbiased (as it was not specified other-
wise). Mary has 2"*! outcomes (all possible sequences of heads and tails) and John 2";
jointly 22"*! outcomes that are equally likely. Let Hy, and Ty, be the number of Mary’s
heads and tails and H; and 7; John’s, then Hy + T\, =n+1 and H;+ T; = n. The
events {Hy, > H,} and {T}, > T;} have the same number of outcomes, thus P(Hy, > H;) =
P(Ty>T)).

On the other hand, Hy; > H; ifand only if n — Hy <n—Hj,i.e. Ty, —1 <Tyor Ty <T.
So event Hy, > H, is the same as Ty, < T}, and P(T, < T)) =P(Hy > H)).

But for any (joint) outcome, either Ty, > T; or Ty, < T}, i.e. the number of outcomes in
(T > T;} equals 22"*! minus that in {Ty; < T}. Therefore, P(Ty; > T;) =1 —P(T\, < Ty).
To summarise:

P(Hy>H)=P(Ty>T)=1-P(Ty=T))=1-P(Hy > H)),

whence P(Hy > H;) =1/2.

Solution 2 (Fallacious, but popular with some students.) Again assume that all coins
are unbiased. Consider pair (Hy,, H;), as an outcome; there are (n+ 2)(n+ 1) such
possible pairs, and they all are equally likely (wrong: you have to have biased coins for
this!). Now count the number of pairs with Hy, > H,. If Hy;=n+ 1, H, can take any value
0,1,...,n In general, VI<n+1, if Hy=1[, H; will take values O, ...,/ — 1. That is,
the number of outcomes where Hy > H; equals 1 +24---+(n+1)= %(n +1)(n+2).
Hence, P(Hy > H))=1/2. O

Problem 1.5 You throw 67 dice at random. Show that the probability that each number
appears exactly n times is

(6n)! (1\*

(no\6) °

Solution There are 6°" outcomes in total (six for each die), each has probability 1/6%".
We want n dice to show one dot, n two, and so forth. The number of such outcomes is
counted by fixing first which dice show one: (6n)! / [n!(5n)!]. Given n dice showing one,

we fix which remaining dice show two: (5n)! / [1!(4n)!], etc. The total number of desired
outcomes is the product that equals (6n)!(n!)®. This gives the answer. O

In many problems, it is crucial to be able to spot recursive equations relating the
cardinality of various events. For example, for the number f, of ways of tossing a coin n
times so that successive tails never appear: f, = f,_, + f,_»» n >3 (a Fibonacci equation).



6 Discrete outcomes

Problem 1.6 (i) Determine the number g, of ways of tossing a coin n times so that
the combination HT never appears. (ii) Show that f, = f,_, + f,_» + f,_3, n >3, is the
equation for the number of ways of tossing a coin n times so that three successive heads
never appear.

Solution (i) g, =1+ n; 1 for the sequence HH. . . H, n for the sequences T. .. TH. .. H
(which includes T...T).

(ii) The outcomes are 2" sequences (y;,...,y,) of H and T. Let A, be the event
{no three successive heads appeared after n tosses}, then f, is the cardinality #A,. Split:
A, =BV UB?UBY, where B\ is the event {no three successive heads appeared after
n tosses, and the last toss was a tail}, BY) = {no three successive heads appeared after n
tosses, and the last two tosses were TH} and B> ={no three successive heads appeared
after n tosses, and the last three tosses were THH}.

Clearly, BPNBY) =¢, 1 <i# j <3, and so f, =#B\") +#B® +#B%.

Now drop the last digit y,: (v,,...y,) € BV iff y, =T, (y,...y,_1) €A,_,, i€
#B" =f,_ . Also, (y,....y,)€B?iffy, =T, y,=H,and (y,,...y, ,) €A, ,. This
allows us to drop the two last digits, yielding #B% = f, ,. Similarly, #B> = f, ;. The
equation then follows. O

1.2 Conditional Probabilities. The Bayes Theorem. Independent trials

Probability theory is nothing but common sense
reduced to calculation.
P.-S. Laplace (1749-1827), French mathematician

Clockwork Omega

(From the series ‘Movies that never made it to the Big Screen’.)

From now on we adopt a more general setting: our outcomes do not necessarily have
equal probabilities p,, ..., p,, with p;,>0and p,+---+p,, =1.

As before, an event A is a collection of outcomes (possibly empty); the probability
P(A) of event A is now given by

P(A)= Y p= Y plicA). (12)

outcome i€ A outcome i

(P(A) =0 for A=0.) Here and below, I stands for the indicator function, viz.:

1, ifieA
IieA)=1" ’
(i) {0, otherwise.
The probability of the total set of outcomes is 1. The total set of outcomes is also
called the whole, or full, event and is often denoted by Q, so P(Q2) = 1. An outcome is
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often denoted by w, and if p(w) is its probability, then

P(A)=3 p(w)=_ pw)l(weA). (1.3)

weA wel)

As follows from this definition, the probability of the union
P(A,UA,)) =P(A)) +P(A,) (1.4)
for any pair of disjoint events A, A, (with A; N A, =0). More generally,
P(A,U---UA)=P(A)+---+P(A,) (1.5)

for any collection of pair-wise disjoint events (with A;N A, =¥ Vj# j’). Consequently,
(i) the probability P(A°) of the complement A° = Q\A is 1 —P(A), (ii) if B C A, then
P(B) <P(A) and P(A) — P(B) = P(A\B), and (iii) for a general pair of events A, B:
P(A\B)=P(A\(AN B)) =P(A) — P(ANB).

Furthermore, for a general (not necessarily disjoint) union:

P(A,U---UA,) <) P(A);
i=1

a more detailed analysis of the probability P(UA,) is provided by the exclusion—inclusion
formula (1.12); see below.

Given two events A and B with P(B) > 0, the conditional probability P(A|B) of A
given B is defined as the ratio

P(ANB)

PUAIB =55

(1.6)

At this stage, the conditional probabilities are important for us because of two formulas.
One is the formula of complete probability: if B, ..., B, are pair-wise disjoint events
partitioning the whole event (), i.e. have B,NB; =@ for 1 <i<j<nand B;UB,U---U
B, =, and in addition P(B;) > 0 for 1 <i < n, then

P(A) =P(A[B))P(B,) + P(A|B,)P(B,) +--- + P(A|B,)P(B,). (1.7)

The proof is straightforward:

PA)= ¥ PanB)= ¥ T e (5= 3 p(aln)E(5).
1<izn I<izn (Bi) 1<i<n

The point is that often it is conditional probabilities that are given, and we are required to
find unconditional ones; also, the formula of complete probability is useful to clarify the
nature of (unconditional) probability P(A). Despite its simple character, this formula is
an extremely powerful tool in literally all areas dealing with probabilities. In particular, a
large portion of the theory of Markov chains is based on its skilful application.

Representing P(A) in the form of the right-hand side (RHS) of (1.7) is called condi-
tioning (on the collection of events B, ..., B,).
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Another formula is the Bayes formula (or the Bayes Theorem) named after T. Bayes
(1702-1761), an English mathematician and cleric. It states that under the same assump-
tions as above, if in addition P(A) > 0, then the conditional probability P(B;|A) can
be expressed in terms of probabilities P(B,), ..., P(B,) and conditional probabilities
P(A|B,),...,P(A|B,) as

P(A|B)P(B))
> P(AIB)P(B)

1<j=n

P(BlA) = (18)

The proof is the direct application of the definition and the formula of complete probability:

P(ANB))

P(B;|A) = P(A)

. P(ANB;) =P(A|B)P(B;)
and

P(4)= Y P(AIB)P(B)).

J

A standard interpretation of equation (1.8) is that it relates the posterior probability
IP(B;|A) (conditional on A) with prior probabilities {P(B;)} (valid before one knew that
event A occurred).

In his lifetime, Bayes finished only two papers: one in theology and one called ‘Essay
towards solving a problem in the doctrine of chances’; the latter contained the Bayes
Theorem and was published two years after his death. Nevertheless he was elected a
Fellow of The Royal Society. Bayes’ theory (of which the above theorem is an important
part) was for a long time subject to controversy. His views were fully accepted (after
considerable theoretical clarifications) only at the end of the nineteenth century.

Problem 1.7 Four mice are chosen (without replacement) from a litter containing two
white mice. The probability that both white mice are chosen is twice the probability that
neither is chosen. How many mice are there in the litter?

Solution Let the number of mice in the litter be n. We use the notation P(2) =
P(two white chosen) and P(0) = P(no white chosen). Then

o= (/)

Otherwise, P(2) could be computed as:

2 1 2n-2 1 2n—2n-3 1 n—-2 2 1
nn—1 nn—1n—2 nn—1n—-2n-3 n n—1n-2
n—2n-3 2 1 n—2 2 n-3 1 12

n n—1n—-2n-3 n n—ln—Zn—3=n(n—1)'
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On the other hand,

- (/0

Otherwise, P(0) could be computed as follows:

n—2n-3n—4n-5 (n—4)(n-5)

]P(O): n—1ln—-2n-3 n(n—])

Solving the equation

12 _2(n—4)(n—5)
nin—1) nn—1)

we get n=(9+£5) / 2; n=2 is discarded as n > 6 (otherwise the second probability is 0).
Hence, n=7. O

Problem 1.8 Lord Vile drinks his whisky randomly, and the probability that, on a
given day, he has n glasses equals e / n!,n=0,1,... Yesterday his wife Lady Vile,
his son Liddell and his butler decided to murder him. If he had no whisky that day, Lady
Vile was to kill him; if he had exactly one glass, the task would fall to Liddell, otherwise
the butler would do it. Lady Vile is twice as likely to poison as to strangle, the butler
twice as likely to strangle as to poison, and Liddell just as likely to use either method.
Despite their efforts, Lord Vile is not guaranteed to die from any of their attempts, though
he is three times as likely to succumb to strangulation as to poisoning.
Today Lord Vile is dead. What is the probability that the butler did it?

Solution Write P(dead|strangle) = 3r, P(dead|poison) = r, and

1
P(drinks no whisky) = P(drinks one glass) = —,
e

IP(drinks two glasses or more) =1 — —.
e

Next:

. 2
P(strangle|Lady V) = =, P(poison|Lady V)= 3

. 1
, P(poison|butler) = —

P(strangle|butler) = 3

W W] —

and

1
P(strangle|Liddell) = P(poison|Liddell) = 5
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Then the conditional probability P(butler|dead) is

P(d|b)P(b)
P(d|b)P(b) + P(d[LV)P(LV) + P(d|Lddl)P(LddI)

<1_2><3r><2+r>

e 3 3

(DR )1
e 3 3 e\ 3 3 e\ 2 2

-2
= ~0.3137. O
7

Problem 1.9 At the station there are three payphones which accept 20p pieces. One
never works, another always works, while the third works with probability 1 / 2. On my
way to the metropolis for the day, I wish to identify the reliable phone, so that I can use
it on my return. The station is empty and I have just three 20p pieces. I try one phone
and it does not work. I try another twice in succession and it works both times. What is
the probability that this second phone is the reliable one?

Solution Let A be the event in the question: the first phone tried did not work and
second worked twice. Clearly:
P(A|lst reliable) =0,
P(A|2nd reliable) = P(1st never works|2nd reliable)
1
+§ x P(1st works half-time|2nd reliable)

2

| =
S

X

| =

and the probability P(A|3rd reliable) equals

1 1 1
3 X 3 x P(2nd works half-time|3rd reliable) = 3
The required probability P(2nd reliable) is then

1/3 x3/4 6
1/3x(0+3/4+1/8) 7

O

Problem 1.10 Parliament contains a proportion p of Labour Party members, incapable
of changing their opinions about anything, and 1 — p of Tory Party members changing
their minds at random, with probability r, between subsequent votes on the same issue.
A randomly chosen parliamentarian is noticed to have voted twice in succession in the
same way. Find the probability that he or she will vote in the same way next time.
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Solution Set
A, = {Labour chosen}, A,={Tory chosen},
B = {the member chosen voted twice in the same way}.
We have P(A,)=p, P(A,)=1—p, P(B|A,)=1, P(B|A,) =1—r. We want to calculate

P(A, NB) _P(A)P(B|A)
P(B) ~  P(B)

and P(A,|B)=1—1P(A,|B). Write

P(A,|B) =

P(B) =P(A))P(B|A) + P(A)P(B|A;) =p- 14 (1 —p)(1 —1).

Then

(1-n(1-p)
p+(1=n(—=p)

P(A,|B) = ., P(A,|B)=

p
p+(1-=nr(-p)

and the answer is given by

p+(1—r?(1—p)
p+(1=n(-p)’

IP’(the member will vote in the same way\B) =

Problem 1.11 The Polya urn model is as follows. We start with an urn which contains
one white ball and one black ball. At each second we choose a ball at random from the urn
and replace it together with one more ball of the same colour. Calculate the probability
that when » balls are in the urn, i of them are white.

Solution Denote by P, the conditional probability given that there are n balls in the
urn. For n=2 and 3

1, n=2
PP, (one white ball) = { v "
2 n= 39
and
P,(two white balls) = %, n=3.
Make the induction hypothesis
P, (i white balls) !
white balls) = ——,
K k—1
Vk=2,...,n—1land i=1,...,k— 1. Then, after n — 1 trials (when the number of

balls is n),

P, (i white balls)

. . i—1 1—i
=P, ,(i — 1 white balls) x

. n—
+ P,_, (i white balls) x ———
n—1 n—1
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Hence,

1
Pn(iwhiteballs):—l, i=1,...,n—1. 0O
n—
Problem 1.12 You have n urns, the rth of which contains r — 1 red balls and n — r
blue balls, =1, ..., n. You pick an urn at random and remove two balls from it without
replacement. Find the probability that the two balls are of different colours. Find the same
probability when you put back a removed ball.

Solution The totals of blue and red balls in all urns are equal. Hence, the first ball is
equally likely to be any ball. So

1
P(1st blue) = 5 = P(stred).

Now,

n

PP(1st red, 2nd blue) = ) P(1st red, 2nd blue ‘ urn k chosen) x !
k=1 n

L k=D=k)

1 n n
T a(n—1)(n-2) [”E(k—l)—lgk(k— 1)}

_ 1 [n(n—l)n_(n—i—l)n(n—l)]
T n(n—1)(n—-2) 2 3

B n(n—1) n n+l) 1
_n(n—l)(n—2)<2_ 3 )_6'

We used here the following well-known identity:

n

Yii-1)= é(n—l— Da(n—1).

i=1
By symmetry:

11
P(different colours) =2 x §=3

If you return a removed ball, the probability that the two ball are of different colours
becomes 1/2. O

Problem 1.13 You are on a game show and given a choice of three doors. Behind one
is a car; behind the two others are a goat and a pig. You pick door 1, and the host opens
door 3, with a pig. The host asks if you want to pick door 2 instead. Should you switch?
What if instead of a goat and a pig there were two goats?
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Solution A popular solution of this problem always assumes that the host knows behind
which door the car is, and takes care not to open this door rather than doing so by chance.
(It is assumed that the host never opens the door picked by you.) In fact, it is instructive
to consider two cases, depending on whether the host does or does not know the door
with the car. If he doesn’t, your chances are unaffected, otherwise you should switch.
Indeed, consider the events

Y, = {you pick door i}, C = {the car is behind door i},
H = {the host opens door i}, G,/P,= {a goat/pig is behind door i},
with P(Y;) =P(C;,)) =P(G,;)=P(P;)=1/3,i=1, 2, 3. Obviously, event Y, is independent

of any of the events Cj, Gj and P, i, j= 1,2, 3.
You want to calculate

P(C,NY,NH;NP;)
P(Y,NHy;NP;)

P(C,|Y,NH;NP;) =

In the numerator:
P(C,NY,NH;NPy)
=P(C)PY,[C)P(P5|C,NY))P(H5|C, N Y, N Ps)
1 1 1 1 1

X =X =X —=—,

3 3 2 2 36

If the host doesn’t know where the car is, then
P(Y,NH;NPy)
:P(Yl)P(P3|Y1)P(H3|Y1 ﬁP3)

1 1 1 1

X =X ==-—,
33 2 18
and P(C,|Y, NH;N P;)=1/2. But if he does then

P(Y, N HyN Py)
=P(Y,NC,NH,;NP;) +P(Y,NC, N HyN Py)
1 1 1 1 1 1 1 1

==X XX X-X-X-X1=

3737272737372 12°
and P(C,|Y,NH;NPy)=1/3.

The answer remains the same if there were two goats instead of a goat and a pig.
Another useful exercise is to consider the case where the host has some ‘preference’
choosing a door with the goat with probability p, and that with the pig with probability
pp=1—p, O

We continue our study by introducing the definition of independent events. The concept
of independence was an important invention in probability theory. It shaped the theory
at an early stage and is considered one of the main features specifying the place of
probability theory within more general measure theory.
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We say that events A and B are independent if
P(ANB)=P(A)P(B). (1.9)

A convenient criterion of independence is: events A and B, where say P(B) > 0 are
independent iff P(A|B) =P(A), i.e. knowledge that B occurred does not change the
probability of A.

Trivial examples are the empty event ¥ and the whole set {): they are independent of
any event. The next example we consider is when each of the four outcomes 00, 01, 10,
and 11 have probability 1/4. Here the events

A ={lst digit is 1} and B = {2nd digit is 0}

are independent:

N =

P(4) =i+ P =5 = Pt Poo =P(B), P(ANB) = pyy=
Also, the events

{1st digit is 0} and {both digits are the same}
are independent, while the events

{1st digit is 0} and {the sum of digits is > 0}

are dependent.
These examples can be easily re-formulated in terms of two unbiased coin-tossings.
An important fact is that if A, B are independent then A® and B are independent:

P(A° N B) = P(B\(AN B)) = P(B) — P(AN B)
=P(B) — P(A)P(B) (by independence)
=[1-P(A)]P(B) =P(A°)P(B).

Next, if (i) A, and B are independent, (ii) A, and B are independent, and (iii) A, and A,
are disjoint, then A, U A, and B are independent. If (i) and (ii) hold and A, C A, then B
and A,\A, are also independent.

Intuitively, independence is often associated with an ‘absence of any connection’
between events. There is a famous joke about A.N. Kolmogorov (1903-1987), the
renowned Russian mathematician considered the father of the modern probability theory.
His monograph [Ko], which originally appeared in German in 1933, was revolutionary
in understanding the basics of probability theory and its rdle in mathematics and its
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applications. When in the 1930s this monograph was translated into Russian, the Soviet
government enquired about the nature of the concept of independent events. A senior
minister asked if this concept was consistent with materialistic determinism, the core of
Marxist-Leninist philosophy, and about examples of such events. Kolmogorov had to
answer on the spot, and he had to be cautious as subsequent events showed, such as
the infamous condemnation by the authorities of genetics as a ‘reactionary bourgeois
pseudo-science’. The legend is that he did not hesitate for a second, and said: ‘Look,
imagine a remote village where there has been a long drought. One day, local peasants in
desperation go to the church, and the priest says a prayer for rain. And the next day the
rain arrives! These are independent events.’

In reality, the situation is more complex. A helpful view is that independence is a
geometric property. In the above example, the four probabilities

Poo» Pors Pro and py
can be assigned to the vertices
(0;0), (0;1), (1; 1), and (1;0)

of a unit square. See Figure 1.1. Each of these four points has a projection onto the
horizontal and the vertical line. The projections are points 0 and 1 on each of these
lines, and a vertex is uniquely determined by its projections. If the projection points have
probability mass 1/2 on each line then each vertex has

In this situation one says that the four-point probability distribution

1111
42444

is a product of two two-point distributions

53]

—1/2
1/4 1/4
(1) (2)
Pij=Pi Pj
1/4 1/4 12
1/2 1/2

Figure 1.1
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It is easy to imagine a similar picture where there are m points along the horizontal
and n along the vertical line: we would then have mn pairs (i, j) (lattice sites) where
i=0,....,m—1, j=0,...,n—1 and each pair will receive probability mass 1/mn.
Moreover, the equidistribution can be replaced by a more general law:

1 )
Pij=pi Pj

where

)

p; ,i=0,....,m—1, andp(z)

; ,j=0,...,n—1,

are probability distributions for the two projections. Then any event that is expressed in
terms of the horizontal projection (e.g., {digit i is divisible by 3}) is independent of any
event expressed in terms of the vertical projection (e.g., {digit j is <n/2}). This is a basic
(and in a sense the only) example of independence.

More generally, we say that events A,,..., A, are mutually independent (shortly,
independent) if V subcollections A,-1 e Ail,

P(A; N---NA)=P(A;)...P(4,). (1.10)

This includes the whole collection A, . . ., A,. It is important to distinguish this situation

from the one where (1.10) holds only for some subcollections; say pairs A;, A;, 1<i<
Jj <mn, or only for the whole collection A, ..., A,. See Problems 1.20 and 1.21.

This gives rise to an important model: a sequence of independent trials, each with
two or more outcomes. Such a model is behind many problems, and it is essential to
familiarize yourself with it.

So far, we assumed that the total number of outcomes w is finite, but the material in
this section can be extended to the case where () is a countable set, consisting of points
Xy, Xp, ..., say, with assigned probabilities p, =P({x;}), i=1, 2,... Of course, the
labelling of the outcomes can be different, for instance, by i € Z, the set of integers. The
requirements are as before: each p,>0and ), p,=1.

We can also work with infinite sequences of events. For example, equations (1.7)
and (1.8) do not change form:

P(A|B)P(B)
P(A)= Y P(A|B)P(B,), P(B|A)= : 111
(4) lggw (A|B))P(B)). P(B,|A) > PIE)PE) (1.11)

Problem 1.14 A coin shows heads with probability p on each toss. Let m, be the
probability that the number of heads after n tosses is even. By showing that 7, =
(1—=p)m,+p( —m,), n>1, or otherwise, find 7,. (The number O is considered even.)

Solution 1 As always in the coin-tossing models, we assume that outcomes of
different throws are independent. Set A, = {nth toss is a head}, with P(4,) = p and
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B, = {even number of heads after n tosses}, with 7, =P(B,). Then, by conditioning on
A,y and A7

P(B,H-l) = P(Bn-H N An-H) + ]P)(Bn-H n A;H)
=P(B, 1A )P(Au) + P(B, A, )P(ASL).

Next, B, NA,,,=B;NA,  and B, NA} =B NA;, . Inview of independence,
P(B,NA,1)=P(B,)P(A,,,), andP(B, N A}, ) =P(B,)P(A;,)),

which implies
P(B,11) =P(B)P(A,.,) +P(B,)P(A;, ) =(1-P(B,)p+P(B,)(1-p),

with P(B,) = 1. That is,

7Tn+l :(1 _p)ﬂ-n +p(1 - Wn) :(1 _2p)77n +p
Substituting 7, =a(1 —2p)" + b gives that b=1/2, and the condition 7, =1 that a =1/2.
Then 7, =[(1 —2p)" + 1] /2.
A shorter way to derive the recursion is by conditioning on B, and B;:
Tyl = P(BnJrl) =P(B,.,,NB,) +P(B,,,NB,)
= P(ASH»I |Bn)P(Bn) + ]P)(AnJrl |B;)P(B;C1)
= =p)m, +p(l—m,).

Writing recursive equations like the one in the statement of the current problem is a
convenient instrument used in a great many situations.

Solution 2 (Look at this solution after reading Section 1.5.) Let X; =0 or 1 be the
outcome of the ith trial, and Y, = X, 4 - - - + X,, the total number of successes in #n trials.
Then the probability generating function of Y,

P(s)=[ps+ (1 =p)I"

Then the probability that n trials result in an even number of successes is
1 1
SO +eDl=3[1+0-2p]. O

Problem 1.15 My Aunt Agatha has given me a clockwork orange for my birthday.
I place it in the middle of my dining table which happens to be exactly 2 metres long. One
minute after I place it on the table it makes a loud whirring sound, emits a puff of green
smoke and moves 10 cm towards the left-hand end of the table with probability 3/5, or
10 cm towards the right with probability 2/5. It continues in this manner (the direction
of each move being independent of what has gone before) at one minute intervals until it
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reaches the edge of the table where it promptly falls off. If it falls off the left-hand end it
will break my Ming vase (also a present from Aunt Agatha). If it falls off the right-hand
end it will land safely in a bucket of water. What is the probability that the Ming vase
will survive?

Solution Set p, to be

P(falls at RH end|was at distance ¢ x 10cm from the LH end),
then 1 — p, equals

P(falls at LH end|was at distance £ x 10cm from LH end).

We have p, =0, py=1and p,= %Pz—l + %PHl or

5 3
Per1 = EPZ - Epzfr

In other words, vector (p,, pyy1) = (Py_1> Pe)A With
0o -3
A= ( 0 ) |
2
This yields

(Pes Pesr) = (Po» P1)A = (0, p)) A",

i.e. p, should be a linear combination of the £th powers of the eigenvalues of A. The
eigenvalues are A, = % and A, =1 and so:

3\
pe=b <2> +b,.

We have the equations

3 20
b, + b, =0, 1=b1<2> +b,,

whence

-]

and
3 (3)“’ R S
Po=\2) G =1 G20 =1 32 41

Problem 1.16 Dubrovsky sits down to a night of gambling with his fellow officers.
Each time he stakes u roubles there is a probability r that he will win and receive back
2u roubles (including his stake). At the beginning of the night he has 8000 roubles. If ever
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he has 256 000 roubles he will marry the beautiful Natasha and retire to his estate in the
country. Otherwise, he will commit suicide. He decides to follow one of two courses of
action:

(i)  to stake 1000 roubles each time until the issue is decided;
(ii) to stake everything each time until the issue is decided.

Advise him (a) if r=1/4 and (b) if » =3/4. What are the chances of a happy ending
in each case if he follows your advice?

Solution Let p, be the probability that Dubrovsky wins 256 000 with the starting capital
¢ thousands while following strategy (i). Reasoning as in Problem 1.15 yields that

pe= b+ b
where A, =(1 —r)/r and A, =1 are the eigenvalues of the matrix
Ao 0 (1—-r/r '
1 1/r

The boundary conditions p, =0 and p,s, =1 yield

R

For r=1/4, (1 — r)/r =3. Then he should choose (ii) as

-1

3¥—1
p3:3256_1’

which is tiny compared with (1/4)°, the chance to win 256 000 in five successful rounds
by gambling on everything he obtains.
For r=3/4, (1—r)/r=1/3. Then

_ 1=@y3)®
P T/

which is much larger than (3/4)°. Therefore, he should choose (i). O

Remark In both Problems 1.15 and 1.16 one of the eigenvalues of the recursion matrix
A equals one. This is not accidental and is due to the fact that in equation (1.7) (which
gives rise to the recursive equations under consideration) the sum »°, P(B;) = 1.

Problem 1.17 1 play the dice game ‘craps’ against ‘Lucky’ Pete Jay as follows. On
each throw I throw two dice. If my first throw is 7 or 11, then I win and if it is 2, 3 or 12,
then I lose. If my first throw is none of these, I throw repeatedly until I score the same
as my first throw, in which case I win, or I throw a 7, in which case I lose. What is the
probability that I win?
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Solution Write
P(I win) = P(I win at the 1st throw) 4+ P(I win, but not at the 1st throw).

The probability P(I win at the 1st throw) is straightforward and equals

LI I LI 6 2 2
i,jZ=1 %I(l+1=7)+,~,,2=:1 £1(1+]= 11)=% +t% =5
Here
T P
For the second probability we have
P(I win, but not at the Ist throw)= >  p;q;.
i=4,5,6,8,9,10
Here
p; = P(the 1st score is i)
and

q; = P(get i before 7 in the course of repeated throws|the 1st score is i)

=P(get i before 7 in the course of repeated throws).

Then for g;, by conditioning on the result of the first throw:

Di
Di+ Dy

g =p;i+ (1 =pi=pyg; ie g;=
Equivalently,

a=pi+(—p—p)p;+(—p,—p)’pi+---,

with the same result.
Now
3/36 3 1 4/36 4 2
n =7495= = =2
4/364+6/36 446 5

T 3/36+6/36 346 3
and likewise,
5/36 5 5 5 1

T5/36+6/36 546 11 BT T T3

[\

de

(9}

giving for P(I win, but not at the 1st throw) the value

1 1+1 2+5 5+5 5+1 1+1 1 134
— X+ -—X—-F+—X—F+ =X —+-_X-+—-X-=—.
12 3 9 5 36 11 36 11 9 5 12 3 495
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Then

P(I wi 2 134 244

( w1n)—§+@—@.

Problem 1.18 Two darts players throw alternately at a board and the first to score a
bull wins. On each of their throws player A has probability p, and player B py of success;
the results of different throws are independent. If A starts, calculate the probability that
he/she wins.

Solution Consider the diagram below.

1 —pa 1—pg 1—ps 1—pg
*—> *—> *—> *—>
Pa ™\ PB N\ Pa N Ps "\

A wins B wins A wins B wins

If ¢ =P(A wins), then

qg=pa+(1—=p)(1—pg)ps+ (1 —pa) (1 = pg)’pa+--
_ Pa _ DPa
1= (1 —=pa)d—pg) pPatPs—Pabs

Equivalently, by conditioning on the first and the second throw, one gets the equation
P(A wins) = p, + (1= p,)(1 = pp)P(A wins),

which is immediately solved to give the required result. [

Remark In Problems 1.17 and 1.18 we used an equation for the probabilities g and
g; that was equivalent to their representation as series. This is another useful idea; for
example, it allowed us to avoid the use of infinite outcome spaces. However, we will not
be able to avoid it much longer.

Problem 1.19 A fair coin is tossed until either the sequence HHH occurs in which
case I win or the sequence THH occurs, when you win. What is the probability that
you win?

Solution In principle, the results of the game could be I win, you win and the game
lasts forever. Observe that I win only if HHH occurs at the beginning: the probability
is (1/ 2)3 =1/8. Indeed, if HHH occurs but not at the beginning then THH should have
occurred before then you will have already won. But HHH will appear sooner or later,
with probability 1. In fact, V N, the event

A ={HHH never occurs}
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is contained in the event
A, = {HHH does not occur among the first N subsequent triples}

(we partition first 3N trials into N subsequent triples). So P(A) <P(Ay). But the proba-
bility P(Ay) = (1 —1/8)" — 0 as N — oo. Hence, P(A) =0. Therefore, the game cannot
continue forever, and the probability that you winis 1 —1/8=7/8. O

Problem 1.20 (i) Give examples of the following phenomena:

(a) three events A, B, C that are pair-wise independent but not independent;

(b) three events that are not independent, but such that the probability of the intersection
of all three is equal to the product of the probabilities.

(ii) Three coins each show heads with probability 3/5 and tails otherwise. The first
counts 10 points for a head and 2 for a tail, the second counts 4 points for a head and
tail, and the third counts 3 points for a head and 20 for a tail.

You and your opponent each choose a coin; you cannot choose the same coin. Each of
you tosses your coin once and the person with the larger score wins 10'° points. Would
you prefer to be the first or the second to choose a coin?

Solution (i) (a) Toss two unbiased coins, with

A ={lst toss shows H}, B={2nd toss shows H},

and
C = {both tosses show the same side}.
Then
B(ANB) = puy = ; =P(A)P(B), PANC) = pyy = ; = PAB(O),
B(BNC) = pun = | = PBIE(O),
and

1
P(ANBNC)=pyy = 1 #P(A)P(B)P(C).
Or throw three dice, with

A = {dice one shows an odd score}, B = {dice two shows an odd score},

C = {overall score odd}
and P(A) =P(B)=P(C) =1/2. Then

1
P(ANB)=P(ANC)=P(BNC)= ., but ((ANBNC)=0.
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(b) Toss three coins, with
A = {lst toss shows H}, B={3rd toss shows H},

C={HHH, HHT, HTT, TTT} = {no subsequent TH}.

Then P(A) =P(B) =P(C)=1/2,

1 I
ANBNC={HHH)}, and P(AﬂBﬂC)=8=(2) )

But

ANC={HHH, HHT, HTT}, and IP’(AﬂC):%,
while

BNC={HHH}, and ]P’(BﬁC):%.

Or (as the majority of students’ attempts did so far), take A =, and any dependent
pair B, C (say, B=C with 0 <P(B) <1). Then ANBNC = and
P(ANBNC)=0=P(A)P(B)P(C), but P(BN C)+P(B)P(C).
(i1) Suppose I choose coin 1 and you coin 2, then P(you win) =2/5. But if you choose
3 then
B in) 2 n 3 2 16 1
ouwin)=—+—-X—-=—>—.
Y 575755725 2
Similarly, if I choose 2 and you choose 1, P(you win) =3/5 > 1/2. Finally, if I choose

3 and you choose 2 then P(you win) =3/5 > 1/2. Thus, it’s always better to be the
second. O

Problem 1.21 Let A,,..., A, be independent events, with P(A;) < 1. Prove that there
exists an event B with P(B) > 0 such that BN A, =, for 1 <i<n.

Give an example of three events A;, A,, A; which are not independent, but are such
that for each i # j the pair A;, A; is independent.

Solution If A denotes the complement of event A, then
IP’(AIU---UAn)zl—]P’<ﬂAf> =1-J[P(A9) <1,
i=1 i=1

as P(AS) >0V i. So, if B=(UA4,)", then P(B)>0and BNA, =0V i.
Next, take events

Al = {1’4}’ Al = {294}’ A3:{3, 4},
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where the probability assigned to each outcome k=1, 2, 3,4 equals 1/4. Then P(A;) =
1/2, i=1,2,3, and

P(A;,NA,)=P{4} = (;)2 =P(A)P(4)), 1<i<j<3.

However, the intersection A; N A, N A; consists of a single outcome 4. Hence
1, /1y
P(A, ﬂAzﬂA3):1 7 D) =P(A)P(A,)P(4;). O

Problem 1.22 7 balls are placed at random into n cells. Find the probability p, that
exactly two cells remain empty.

Solution ‘At random’ means here that each ball is put in a cell with probability 1/n,
independently of other balls. First, consider the cases n=3 and n=4. If n =3 we have
one cell with three balls and two empty cells. Hence,

(MY L]L
P3= 2 Xnn_9'

If n=4 we either have two cells with two balls each (probability p}) or one cell with one
ball and one cell with three balls (probability p}). Hence,

, " n n—2 n(n—1 21
p4=174—|—p4=(2> X(l’l")X|:4+(4)i|=64.

Here 4 stands for a number of ways to select three balls that will go to one cell, and
n(n — 1)/4 stands for the number of ways to select two pairs of balls that will go to two
prescribed cells.

For n>5, to have exactly two empty cells means that either there are exactly two cells
with two balls in them and n — 4 with a single ball, or there is one cell with three balls
and n — 3 with a single ball. Denote probabilities in question by p/, and p!, respectively.
Then p, = p;, + p.. Further,

. (n\ 1 (n\(n=2\_n—-2n-3 1 _ (1)’
Pe=\0)*2\2)\ 2 ) T R\
_ln! n\ (n—2
T4 \2 2 )

Here the first factor, (;), is responsible for the number of ways of choosing two empty

cells among n. The second factor,

()(27):
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accounts for choosing which balls ‘decide’ to fall in cells that will contain two balls and
also which cells will contain two balls. Finally, the third factor,

n—2n-3 1

bl

gives the probability that n — 2 balls fall in n — 2 cells, one in each, and the last (1/n)?
that two pairs of balls go into the cells marked for two-ball occupancy. Next,

—-3)!
pi= () xo-2x () "
Here the first factor (}

cells among n, the second (n — 2) is responsible for the number of ways of choosing the
cell with three balls, the third (Z) is responsible for the number of ways of choosing three

(n=3)!

nYl

) is responsible for the number of ways of choosing two empty

balls to go into this cell, and the last factor describes the distribution of all balls

into the respective cells. [

Problem 1.23 You play a match against an opponent in which at each point either you
or he/she serves. If you serve you win the point with probability p,, but if your opponent
serves you win the point with probability p,. There are two possible conventions for
serving:

(i) alternate serves;

(ii) the player serving continues until he/she loses a point.

You serve first and the first player to reach n points wins the match. Show that your
probability of winning the match does not depend on the serving convention adopted.

Solution Both systems give you equal probabilities of winning. In fact, suppose we
extend the match beyond the result achieved, until you have served n and your opponent
n — 1 times. (Under rule (i) you just continue the alternating services and under (ii) the
loser is given the remaining number of serves.) Then, under either rule, if you win the
actual game, you also win the extended one, and vice versa (as your opponent won’t have
enough points to catch up with you). So it suffices to check the extended matches.

An outcome of an extended match is w = (@, ..., ®,,_;), a sequence of 2n — 1
subsequent values, say zero (you lose a point) and one (you gain one). You may think
that w,, . .., w, represent the results of your serves and w,,, ..., ®,,_, those of your
opponent. Define events

A; = {you win your ith service}, and B;={you win his jth service}.
Their respective indicator functions are

1, we A,

IweA)=
0, A, 1<i<n,
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and

1, wij

l(weB))= )
0, ngBj, 1<j<n-1.

Under both rules, the event that you win the extended match is

1<i<2n-1

{w:(wl""7w2nl): Y w=ng,

and the probability of outcome w is

Ly Yjlp;(w) —¥ I (@
P (1= py) B @y (1 )R @),
Because they do not depend on the choice of the rule, the probabilities are the same. O

Remark The w-notation was quite handy in this solution. We will use it repeatedly in
future problems.

Problem 1.24 The departmental photocopier has three parts A, B and C which can go
wrong. The probability that A will fail during a copying session is 1073. The probability
that B will fail is 107! if A fails and 10~° otherwise. The probability that C will fail is
10~" if B fails and 10~ otherwise. The ‘Call Engineer’ sign lights up if two or three parts
fail. If only two parts have failed I can repair the machine myself but if all three parts
have failed my attempts will only make matters worse. If the ‘Call Engineer’ sign lights
up and I am willing to run a risk of no greater than 1 per cent of making matters worse,
should I try to repair the machine, and why?

Solution The final outcomes are
AfBfCf, probability 107> x 107! x 107! =107,
AfBw Cf, probability 107°x9-107! x 1075=9.10""",
AfBfCw, probability 1073 x 107! x9.107'=9.1077,
AwBfCf, probability (1 —107%) x 107 x 10~ = (1 — 10-%) - 10°5.
So,
P (3 parts fail|2 or 3 fail) = Im
P(A, B, Cf)
" P(A,BfCw)+P(A, CIBw) + P(B, CfAw) + P(A, B, CT)
1077
9107 +9x 10~ + (1—10-5) - 105+ 107
1077 1 1
Y9107+ 1051107 20 100

Thus, you should not attempt to mend the photocopier: the chances of making things
worse are 1/20. O
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1.3 The exclusion—inclusion formula. The ballot problem

Natural selection is a mechanism
for generating an exceedingly high degree of improbability.
R.A. Fisher (1890-1962), British statistician

The exclusion—inclusion formula helps to calculate the probability P(A), where A =
A UA,U---UA, is the union of a given collection of events A,,..., A,. We know (see
Section 1.2) that if events are pair-wise disjoint,

P(A)= Y P(4).

1<i<n

In general, the formula is more complicated:
P(A)=P(A)+---+P(4,)
—P(ANA)—P(ANA)—---=P(A,_,NA,)
+P(A NANAD)+---+P(A,.,NA,_; NA,)
+o - (=D)"MPA,N---NA,)

:i(—l)k‘] > p(nta,). (1.12)

1<ij<--<ix<n

The proof is reduced to a counting argument: on the left-hand side (LHS) we count each
outcome from |J,,, A; once. But if we take the sum }_,_;_, ’(4;) then those outcomes
that enter more than one event among A, ..., A, will be counted more than once. Now
if we subtract the sum 3, _;_,_, P(A;N A;) we will count precisely once the outcomes that
enter exactly two events A, ..., A,, but will be in trouble with the outcomes that enter
three or more events. Therefore we have to add }_,_;_; 4., P(A;NA;NA,;), and so on.

A formal proof can be carried by induction in n. It is convenient to begin the induction
with n =2 (for n =1 the formula is trivial). For two events A and B, AU B coincides
with (A\ (ANB))U(B\ (ANB))U (AN B), the union of non-intersecting events. Hence,
P(A U B) can be written as

P(A\ (ANB))+P(B\ (ANB))+P(ANB)
=P(A)—P(ANB)+P(B) —P(ANB)+P(ANB)
=P(A)+P(B) —P(ANB).

The induction hypothesis is that the formula holds for any collection of n or less events.
Then for any collection A, ..., A,,, of n+1 events, the probability P (U’f“A,) equals:

P((Ua)ua.n)=P(Ura)+P@,0 -2 ((U4)N4,.)
=é(—1>’” > P(MA)+P A0 P (U (AN4,.).

I<ij<...<ix=n
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For the last term we have, again by the induction hypothesis:

(U @na) =20 X (N (4,04.))

I<ij<...<ix=<n

n
=YD X B((MA)NAL)-
k=1 I<ij<...<ix<n
We see that the whole sum in the expansion for P ("' 4;) includes all possible terms
identified on the RHS of formula (1.12) for n + 1, with correct signs. This completes the

induction.

An alternative proof (which is instructive as it shows relations between various concepts
of probability theory) will be given in the next section, after we introduce random variables
and expectations.

The exclusion—inclusion formula is particularly efficient under assumptions of inde-
pendence and symmetry. It also provides an interesting asymptotical insight into various
probabilities.

Example 1.1 An example of using the exclusion—inclusion formula is the following
matching problem. An absent-minded person (some authors prefer talking about a secre-
tary) has to put n personal letters in n addressed envelopes, and he does it at random.
What is the probability p,, , that exactly m letters will be put correctly in their envelopes?
Verify the limit

lim p,,=—

m.n | *
n—o00 cm!

The solution is as follows. The set of outcomes consists of n! possible matchings of
the letters to envelopes. Let A, = {letter k in correct envelope}.

Then
— !

P(Ai,ﬁA,»,ﬂ---mAi):(” ‘r)-’

and so
n\ (n=n! 1

i,<i§»<i P, N4, 0N 4;) = (r) n
Thus,

P(at least one letter in the correct envelope)

: 1 ! n—1 1

:P(U1=IAL)=1—E+§—+(_1) E,

and

P(no letter in the correct envelope)
n I 1 21
—1 —P(Ui:]Ai)zl —ld gt D)
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1

which tends to e~! as n — oo. The number of outcomes in the event {no letter put in the

correct envelope} equals =n!p, , and so

P, = (") (”_m)!p(O,n—m).

n!

Therefore,
1 1 1 1
= pO0.n—m)=— | 1= — 4o (=) ——
Prn= PO = m) m!|: TR (n—m)!i|
which approaches e~!/m! as n—co. W

Problem 1.25 A total of n male psychologists remembered to attend a meeting about
absentmindness. After the meeting, none could recognise his own hat so they took hats at
random. Furthermore, each was liable, with probability p and independently of the others,
to lose the hat on the way home. Assuming, optimistically, that all arrived home, find

the probability that none had his own hat with him, and deduce that it is approximately
e*(lfp).

Solution Set A; ={psychologist j had his own hat}, then the event A ={none had his
own hat} is the complement of |J,_;., A;. By the exclusion—inclusion formula and the
symmetry:

P(A)=1—nP(A,) + @P(Al NA) =+ (=1)"P(A,N---NA4,).
Next,
pay=0-p ",
P4 = (1 pp "2
P(A,N---NA)=(1 —p)"%.
Then

(1-p)*
2!

which is the partial sum of e"(0=?, [

(1— p)”

PA)=1-(1-p)+ — e (=)

Problem 1.26 It is certain that at least one, but no more than two of the events
Ay, ..., A, occur. Given that P(A,) = p, for all i, and P(A;NA;) = p, for all i, j (i # ),
show that

n(n—1)

?PZ'

Deduce that p, > 1/n and p, <2/n.

l=np, -
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Solution As P(A; N---NA;)=0 for k> 2, the exclusion-inclusion formula gives
1=np, — n(n—1)p,/2. Rearranging:

1 n-—1 1

=—+ > —,
P n 2 Pz_n

as p, > 0. Finally,

2 1 2 1 2
D= pr——]= l——)=-. O
n—1 n n—1 n n

Problem 1.27 State the exclusion—inclusion formula for P ((J._, A;).

A large and cheerful crowd of n junior wizards leave their staff in the Porter’s Lodge
on the way to a long night in the Mended Drum. On returning, each collects a staff at
random from a pile, return to his room and attempts to cast a spell against hangovers. If
a junior wizard attempts this spell with his own staff, there is a probability p that he will
turn into a bullfrog. If he attempts it with someone else’s staff, he is certain to turn into
a bullfrog. Show that the probability that in the morning we will find n very surprised
bullfrogs is approximately e”~'.

Solution Set A;(= A;(n)) = {wizard i gets his own stuff}. Then Vr=1,...,nand 1 <
h<...<i . <m

(n—r)!

n!

P(A;, NA, N---NA,; )=
iy i i,

as there are (n — r)! ways of distributing the remaining stuff. So, by the exclusion—inclusion
formula, the probability P (J._, 4;) is equal to

> (1) N

r=1

which tends to 1 —e™! as n — oo. We can also consider similar events A,(k) defined for

a given subset of k wizards, | <k <n.
Further, if P, (k) =P (precisely r out of given k get their own staff) then

P(k)_< >(kk. ! Py(k—r)= —!Po(k—r), 0<r<k.

Also:
Pyk—r=1-PU A (k—71)= Z( 1)
as k — oo. So, P,.(k)~ e~!/r! for k sufficiently large. Finally
P(all turn into bullfrogs) = ZP (n)p" ~ Ze_llz =e le? =er!

r=0

for n large enough. [
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Remark To formally prove the convergence >"_, P,(n)p” — e~ one needs an asser-
tion guaranteeing that the term-wise convergence (in our case P, (n)p" —e~'p"/r! V r)
implies the convergence of the sum of the series. For example, the following theorem
will do:

If a,(m)— a,¥ n as m— oo and |a,(m)| <b,,
S(m)y=3%_,a,(m)—>S=3,a,.

In fact, P.(n)p" = Py(n—r)p"/r! < p"/r! (=b,), and the series }_,.,p"/r! converges to
e’ for all p (i.e. Y., b, < o0).

The remaining part of this section addresses the so-called ballot problem. Its original
formulation is: a community of voters contains m conservatives and n anarchists voting
for their respective candidates, where m > n. What is the probability that in the process

where Y, b, < oo, then the sum

of counting the secret ballot papers the conservative candidate will never be behind the
anarchist? This question has emerged in many situations (but, strangely, not in Cambridge
University IA Mathematical Tripos papers so far). However, at the University of Wales-
Swansea it has been actively discussed, in the slightly modified form presented below.

We start with a particular case m = n. A series of 2n drinks is on offer, n of them are
gin and n tonic. In a popular local game, a blindfolded participant drinks all 2n glasses,
one at a time, selected in a random order. The participant is declared a winner if the
volume of gin drunk is always not more than that of tonic. We will check that this occurs
with probability 1/(n+ 1).

Consider a random walk on the set {—n, —n+1, ..., n} where a particle moves one
step up if a glass of tonic was selected and one down if it was gin. The walk begins at
the origin (no drink consumed) and after 2n steps always comes back to it (the number
of gins = the number of tonics). On Figure 1.2 that includes time, every path X(¢) of the
walk begins at (0, 0) and ends at (2r, 0) and each time jumps up and to the right or down
and to the right. We look for the probability that the path remains above the line X = —1.

(1 |_3)

Figure 1.2
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The total number of paths from (0, 0) to (2n,0) is (2rn)!/n!n!. The number of paths
staying above the line is the same as the total number of paths from (1, 1) to (2n,0)
less the total number of paths from (1, —3) to (2n, 0). In fact, the first step from (0, 0)
must be up. Next, if a path (0, 0) to (2n, 0) touches or crosses line X = —1, then we can
reflect its initial bit and obtain a path from (1, —3) to (2n,0). This is sometimes called
the reflection principle.

Hence, the probability of winning is

2n—1)! 2n—1)! 2n)! 1 n(n—1) 1
— =—|n-— = .
nl(n—1! (n+1)(n—-2)! nln!  2n n+1 n+1
Now assume that the number m of tonics is > n, the number of gins. As before,

winning the game means that at each time the number of consumed tonics is not less
than that of gins. Then the total number of paths from (0, 0) to (m + n, m — n) equals

(m+n)!/m!'n!. Again, the first step of a winning path is always up. The total number of
paths from (1, 1) to (m + n, m — n) equals (m+n —1)!/(m — 1)!n!. Using the reflection
principle, we see that the number of losing paths equals the total number of paths from
(1, -3) to (m+n,m —n), which is (m+n —1)!/(m+ 1)!(n — 2)!. Finally, the winning
probability is

(m+n-1)! (m+n-1)! (m+n)! m—-n+1
[(m—l)!n! _(m+1)!(n—2)!:|/ minl — m+1

We apply these results to the following.

Problem 1.28 1 married couples have to cross from the left to the right bank of a
river via a narrow bridge, one by one. They decided that at any time on the left bank the
number of men should be no less than that of women; apart from this the order can be
arbitrary. Find the probability that every man will cross the river after his own wife.

Solution Set

A = {every man crosses after his own wife},

B ={at all times, the # of men on the left bank > that of women}.

Then

n+1

P(A|B) = P(AN B)/P(B) = P(A)/P(B) = —;

We conclude this section with another story about Kolmogorov. He began his academic
studies as a historian, and at the age of 19 finished a work focused on the principles of
distribution and taxation of arable land in fifteenth and sixteenth century Novgorod, an
ancient Russian state (a principality and a republic at different periods of its existence,
fully or partially independent, until it was annexed by Moscow in 1478). In this work, he
used mathematical arguments to answer the following question: was it (i) a village that
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was taxed in the first place, and then the tax was divided between households, or (ii) the
other way around, where it was a household that was originally taxed, and then the sum
represented the total to be paid by the village? The sources were ancient cadastres and
other official manuscripts of the period. Because the totals received from the villages
were always an integer number of (changing) monetary units, Kolmogorov proved that it
was rule (ii) that was adopted.

Kolmogorov reported his findings at a history seminar at Moscow University in 1922.
However, the head of the seminar, a well-known professor (a street in Moscow was
later named after him) commented that the conclusions of his young colleague could not
be considered final, because ‘in history, every statement must be supported by several
proofs’. Kolmogorov then decided to move to a discipline where ‘a single proof would
be sufficient for a statement to be considered correct’, i.e. mathematics.

14 Random variables. Expectation and conditional expectation.
Joint distributions

He who has heard the same thing told by 12000 eye-witnesses has only 12 000
probabilities, which are equal to one strong probability, which is far from certain.
F.M.A. Voltaire (1694-1778), French philosopher

This section is considerably larger than the previous ones: the wealth of problems gener-
ated here is such that getting through it allows a student to secure in principle at least the
first third of the Cambridge University IA Probability course.

The definition of a random variable (RV) is that it is a function X on the total set
of outcomes (), usually with real, sometimes with complex values, X(w), w € Q (in the
complex case we may consider a pair formed by the real and imaginary parts of X).
A simple (and important) example of an RV is the indicator function of an event:

1, if weA,

0, if w¢A. (1.13)

wEQHI(weA):{

It is obvious that the product I(w € A,)I(w € A,) equals 1 iff w € A; N A,, i.e.
IweA)l(weA,)=IweA NA,).

On the other hand,
IlweA UA)=I(weA)+I(weA,) —l(weA)l(weA,).

In the case of finitely many outcomes, every RV is a finite linear combination of indicator
functions; if there are countably many outcomes, then infinite combinations will be needed.

The expected value (or the expectation, or the mean value, or simply the mean) of a
RV X taking values x,, ..., x,, with probabilities p,, ..., p,, is defined as the sum

EX= ) px= ), xP(X=x); (1.14)

1<i<m 1<i<m



34 Discrete outcomes

in the w-notation:

EX=) p(w)X(w). (1.15)
wel)
If X =b is a constant RV, then EX = b.
This definition is meaningful also for RVs taking countably many values x,, x,, . . .
with probabilities p,, p,,...:

EX =) px;,

provided that the series converges absolutely: Y, p;|x;| < oo. If 3, p;|x;| = oo, one says
that X does not have a finite expected value.
In many applications, it is helpful to treat the expected value EX as the position of the
centre of mass for the system of massive points x,, x,, ... with masses p;, p,,....
The first (and a very useful) observation is that the expected value of the indicator
I,(w) =1I(w € A) of an event equals the probability:

El,= Y p()l(weA)= Y p(w)=PF(A). (1.16)

wel) weA

Furthermore, if RVs X, Y have X <Y, then EX <EY.
Next, the expectation of a linear combination of RVs equals the linear combination of
expectations. The shortest proof is in the w-notation:

E(c, X, + ¢, X,) = Zp(w) [CIXI (w) + szz(w)]
=c; )_p(0)X(0) +¢, ) p(0) X, (0) = ¢ EX| + ,EX,.

This fact (called the linearity of the expectation) can be easily extended to n summands:

E( > cka>: > aEX
I<k=n I<k<n

in particular if EX, = pu for every k, then E}",_,_, X, = un. A similar property also holds
for an infinite sequence of RVs X, X,,...:

E(chXk> =Y ¢EX,, (1.17)

provided that the series on the RHS converges absolutely: Y, |¢,EX,| < co. (The precise
statement is that if 3, [¢;JEX;| < oo, then the series ) _,., ¢; X, defines an RV with a finite
mean equal to the sum Y ., ¢, EX;.)

Also, for a given function g: R — R

Eg(X)= ) p(w)g(X(w)) =3 p:g(x)), (1.18)

we) i
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provided that the sum Y_; p;|g(x;)| < oo. In fact, writing ¥ = g(X) and denoting the values
of Y by y,, ¥,,..., we have

EY:ZyjP(g(X) =) :Zyjzl(g(xi) =y)P(X=x,)

which is simply >; p,g(x;) under the condition that ", p;|g(x;)| < oo, as we then can do
summation by grouping terms.

Remark Formula (1.18) is a discrete version of what is known as the Law of the
Unconscious Statistician. See equation (2.69).

Given two RVs, X and Y, with values X(w) and Y(w), we can consider events
{w: X(0) =x;, Y(0) =y;} (shortly, {X =x;, Y =y,}) for any pair of their values x;, y;.
The probabilities P(X = x;, Y =;) will specify the joint distribution of the pair X, Y.
The ‘marginal’ probabilities P(X = x;) and P(Y = y;) are obtained by summation over all
possible values of the complementary RV:

]P’(X—x)—Z]P’(X—x,, Y= y,)

(1.19)
]P(Y yj) ZP(X_XN Y y/)
We can also consider the conditional probabilities
P(X=x,Y=y;
P(Y = Y_/)
Similar concepts are applicable in the case of several RVs X, ..., X,.

For example, for the sum X + Y of RVs X and Y with joint probabilities P(X = x;,
Y=y):

PX+Y=u)= Y PX=x,Y=y)

X Vi Xi+yj=u

=) P(X=x,Y=u—x)

=Y P(X=u—yY=y). (1.21)

y

Similarly, for the product XY:

PXY=u)= Y P(X=x,Y=y)

Xi» Yy Xiy;=u

=) P(X=x,Y=u/x)

=Y P(X=u/y,Y=y). (1.22)
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A powerful tool is the formula of conditional expectation: if X and N are two RVs then
EX=E[E(X|N)]. (1.23)

Here, on the RHS, the external expectation is relative to the probabilities P(N =n;) with
which RV N takes its values n;:

E [E(X|N)]=)_ P(N =n)E(X|N =n)).
J
The internal expectation is relative to the conditional probabilities P(X = x;|N =n;) of

values x; of RV X, given that N =n;:

E(X|N=n)=) xP(X=x]|N=n,).

To prove formula (1.23), we simply substitute and use the definition of the conditional
probability:

E [E(X|N)] = ZIP’(N:nj)Zx,IP(X:xi|N:n_/—)
= Z x;,P (X:x,-, N = nj) = in]P’(X =x;)=EX.

We see that formula (1.23) is merely a paraphrase of (2.6). We will say again that it is
the result of conditioning by RV N.
A handy formula is that for N with non-negative integer values

EN =Y_P(N > n). (1.24)

n>1

In fact,

YPWN=m =Y Y PN=k=YPN=k) ¥ 1

n>1 n>1k>n k>1 1<n<k
=Y P(N=k)k=EN.
k>1

Of course, in formula (1.23) the roles of X and N can be swapped. For example, in
Problem 1.17, the expected duration of the game is

EN=E[E(N|X)]=§:P,«]E(N|X=i)7

i=2
where X is the combined outcome of the first throw, and p, =P(X =1i). We have:
E(N|X=i)=1, i+2,3,7,11,12,
EN|X=i)=1+ ,1=4,5,6,8,9,10.

Di+Dr
Substituting the values of p, we get EN =557/165 = 3.38.
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Further, we say that RVs X and Y with values x; and y; are independent if for any pair
of values

IP)(X:x,-,Y:yj):IP’(X:x,-)]P’(Y:yj). (1.25)

For a triple of variables X, Y, Z, we require that for any triple of values P(X =x,, Y =
Vi Z=12,) =P(X=x,)P(Y =y,)P(Z =z,). This definition is extended to the case of any
number of RVs X,,..., Xt Vx,,..., x,:

ne

P(X,=x,,X,=x,,...,X,=x,)=[[P(X;=x,). (1.26)
i=1
Furthermore, an infinite sequence of RVs X, X,, ... is called independent if Vn the
variables X, ..., X, are independent.

One may ask here why it suffices to consider in equation (1.26) the ‘full’ product
[T-, while in the definition of independent events it was carefully stated that P (ﬂAik) =
[TP(A;, ) for any subcollection (see equation (1.10)). The answer is: because we require
it for any collection of values x,, ..., x, of our RVs X, ..., X, . In fact, when some of
the RVs are omitted, we should take the summation over their values, viz.

P(X,=x,,....X,=x,)=) P(X,=x,,X,=x,,...,X,=x,),

X1

as the events {X, =x,,...,X,_,=x,_,, X, =x,} are pair-wise disjoint for different x;s,
and partition the event {X, =x,,..., X, =x,}. So, if
n
P(X,=xp, ..., X,=x,)=[[P(X;=x)),
i=1
then

P(X,=x,,....X,=x,) =Y P(X,=x)P(X,=x,)...P(X,=x,)

X

= P(XZ :X2). . IP)()(n = xn)’

i.e. the subcollection X,, . .., X, is automatically independent.

However, the inverse is not true. For instance, if each of (X, Y), (X, Z) and (Y, Z)
is a pair of independent RVs, it does not necessarily mean that the triple X, Y, Z is
independent. An example is produced from Problem 1.21: you simply take /, , I,, and
1,, from the solution.

An important concept that now emerges and will be employed throughout the rest of
this volume is a sequence of independent, identically distributed (IID) RVs X, X,, .. ..
Here, in addition to the independence, it is assumed that the probability P(X; = x) is the
same for each i=1,2,.... A good model here is coin-tossing: X, may be a function of
the result of the nth tossing, viz.

1, if the nth toss produces a head,

X =I(ntht head) = . .
»=1(nth toss a head) {0, if the nth toss produces a tail.
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More generally, you could divide trials into disjoint ‘blocks’ of some given length / and
think of X, as a function of the outcomes in the nth block.

An immediate consequence of the definition is that for independent RVs X, Y, the
expected value of the product equals the product of the expected values:

E(XY)=)_ xy,P(X=x,Y=y))

XisYj

= Z xi)’jP(X =x)P(Y :yj')

XinYj

= |:Zx,-IP)(X:xl-)j| [Zy_/P(Y:y_/—)i| =EXEY. (1.27)

Vi

However, the inverse assertion is not true: there are RVs with E(XY)=EXEY which
are not independent. A simple example is the following.

Example 1.2
e 1
—1, probability 3’
1
X =10, probability 3’ Y=—24+X2
1
1, probability 3
Here,
2 3
EX=0, EY=0, E(XY)= —§IEX—|—EX‘ =0.

But, obviously, X and Y are dependent.
On the other hand, it is impossible to construct an example of dependent RVs X and
Y taking two values each such that E(XY) =EXEY. In fact, let X, Y =0, 1, with

P(X=Y=0)=w, P(X=1,Y=0)=x,
P(X=0,Y=1)=y, P(X=Y=1)=z.

Here

P(X=0)=w+y, P(Y=0)=w+x,
P(X=1)=x+z, P(Y=1)=y+z,

and independence occurs iff z = (x4 z)(y + 7). Next,
E(XY)=2z, EXEY =(x+2z)(y+2),

and E(XY)=EXEY iff z=(x+2z)(y+z). ®
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The variance of RV X with real values and mean EX = u is defined as
Var X =E(X — )% (1.28)

by expanding the square and using linearity of expectation and the fact that the expected
value of a constant equals this constant we have

Var X = E(X? —2Xu + p?) = EX? —2uEX + u?
=EX> —2u’ + u’ =EX?> — (EX)*. (1.29)

In particular, if X is a constant RV: X = b then Var X = b* — b*=0.

The variance is considered as a measure of ‘deviation’ of RV X from its mean. (The
square root +/ Var X is called the standard deviation.)

From the first definition we see that Var X >0, i.e. (EX)?> < EX?. This is a particular
case of the so-called Cauchy—Schwarz (CS) inequality

|E(XY)|* <E[X]E|Y ], (1.30)

valid for any pair of real or complex RVs X and Y, with Y standing for the complex
conjugation. (This inequality implies that if | X|> and |Y|? have finite expected values then
XY also has a finite expected value.) The CS inequality is named after two famous math-
ematicians: the Frenchman A.-L. Cauchy (1789-1857) who is credited with its discovery
in the discrete case and the German H.A. Schwarz (1843-1921) who proposed it in the
continuous case.

The proof of the CS inequality provides an elegant algebraic exercise (and digression);
for simplicity, we will conduct it for real RVs. Observe that VA € R, the RV (X + AY)?
is >0 and hence has E(X + AY)?>>0. As a function of A it gives an expression

E(X +AY)>=EX>+2\EXY + A’EY?,

which is a quadratic polynomial. To be >0 for VA € R, it must have a non-positive
discriminant, i.e.

4(EXY)’ <4EX’EY?.
A concept closely related to the variance is the covariance of two RVs X, Y defined as
Cov(X,Y)=E(X-EX)(Y-EY)=E(XY)—-EXEY. (1.31)

By the CS inequality, |Cov (X, Y)|* < (VarX)(VarY).

For independent variables, Cov (X, Y) =0. Again, the inverse assertion does not hold:
there are non-independent variables X, Y for which Cov (X, Y) =0. See Example 1.2.
However, as we checked before, if X and Y take two values (or one) and Cov (X, Y) =0,
they will be independent.

RVs with Cov (X, Y) =0 are called uncorrelated.
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For the variance Var (X + Y) of the sum X 4+ Y we have the following representation:
Var (X +Y)=VarX 4+ VarY +2Cov (X, Y). (1.32)
In fact, Var (X + Y) equals
E((X —EX) + (Y —EY))’
=E(X —EX)’ +2E(X —EX)(Y —EY) + E(Y —EY)’,
which is the RHS of equation (1.32).

An important corollary is that the variance of the sum of independent variables equals
the sum of the variances:

Var (X+Y)=VarX+ VarY.
This fact is easily extended to any number of independent summands:
Var (X, +---+X,)=VarX, +---+ VarX,. (1.33)

In the case of IID RVs, Var X, does not depend on i, and if Var X, = ¢ (a standard
probabilistic notation) then Var (Z 1<j<n X j) =no’.

On the other hand, if ¢ is a real constant then Var (cX) =E(cX)? — (E(cX))?* =
2(EX? — (EX)?) = c*Var X. Hence, Var nX =n?Var X. That is summing identical RVs
produces a quadratic growth in the variance, whereas summing IID RVs produces only a
linear one. At the level of mean values both options give the same (linear) growth.

A constant RV taking a single value (X = b) is independent of any other RV (and
group of RVs). Therefore, Var (X + b) = Var X + Var b= Var X.

Summarising, for independent RVs X,, X,,... and real coefficients ¢, c,, ...,

Var Y ¢, X;=> c/VarX,,

provided that the series in the RHS converges absolutely. More precisely, if }°; ¢?Var X; <
oo, then the series ), ¢;X; defines an RV with finite variance }; ¢ Var X;.
Finally, formulas (1.21), (1.22) in the case of independent RVs become

PX+Y=u)=) P(X=u—y)P(Y=y)

y

=Y P(X=x)P(Y =u —x) (1.34)

y

and
P(XY=u)= Z]P’(X: u/y)P(Y =y)

=) P(X=x)P(Y =u/x). (1.35)

Equation (1.34) is often referred to as the convolution formula.
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Remark There is variation in the notation: many authors write E[X], Var [X] and/or
Var (X). As we usually follow the style of the Tripos questions, such notation will also
occasionally appear in our text.

Concluding this section, we give an alternative proof of the exclusion—inclusion for-
mula (1.12) for probability P(A) of a union A=J;_,., A;- By using the indicators 1, of
events A;, the formula becomes

El,= Y (—1)! E Ly L)
Given an outcome w € U, A, let A; , ..., A; be the list of events containing w: @€
A;N---NA;, and o ¢ A;V A; not in the list. Without loss of generality, assume that
{ji»---,Jj.t=A{1,...,s}; otherwise relabel events accordingly. Then for this w the RHS
must contain terms IE(IA,l . IAik) with 1 <k <sand 1<i, <... <i, <s only. More
precisely we want to check that

=1, a(w)= Yo (=D > Ly, (w). .. Iy, (w).

1<k=<s I<ij<...<iy<s

But the RHS is

PCoN (;) —1- (1 + X (Z)) Cl_(-1y=L

Taking the expectation yields the result.

Problem 1.29 T arrive home from a feast and attempt to open my front door with one
of the three keys in my pocket. (You may assume that exactly one key will open the door
and that if T use it I will be successful.) Find the expected number a of tries that I will
need if I take the keys at random from my pocket but drop any key that fails onto the
ground. Find the expected number b of tries that I will need if I take the keys at random
from my pocket and immediately put back into my pocket any key that fails. Find a and
b and check that b —a=1.

Solution Label the keys 1, 2 and 3 and assume that keys 2 and 3 are wrong. Consider
the following cases (i) the first chosen key is right, (ii) the second key is right, and (iii) the
third key is right. Then for a we have

! L)+|2 bl 2)1+12 Ll 3)=2
a=|=-x X = X = X X =xX=x3])=2.
3 32 3 2
For b, use conditioning by the result of the first attempt:

1 2
bzgxl—l—gx(l—}—b), whence b=3.

Here factor (14 b) reflects the fact that when the first attempt fails, we spend one try,
and the problem starts again, by independence. O
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Remark The equation for b is similar to earlier equations for probabilities ¢ and g;;
see Problems 1.17 and 1.18.

Problem 1.30 Let N be a non-negative integer-valued RV with mean w, and variance
o?, and X,, X,, ... be identically distributed RVs with mean u, and variance o7; fur-
thermore, assume that N, X, X,, ... are independent. Calculate the mean and variance

of the RV Sy =X, + X, +---+ X,.

Solution 1 By conditioning,

ESy = E[E(SN|A/)] = i P(N=n)E (in)
n=0 i=1

N
=) P(N=n)np, = pu,.

n=0
Next,
N n 2
B, —E[E(S)IV)] = - B(Y=n)E (z x,-)
n=0 i=1
N n n 2
=) P(N=n) | Var (in +|EY X,
n=0 i=1 i=1
N
=Y P(N=n)[no; + (nu,)’]
n=0
=05 + WEN? = p 07 + p3 (i + o7).
Therefore,

Var (Sy) =ES}, — (ESy)* =, 05 + p307.

Solution 2 (Look at this solution after you have learnt about probability generating
functions in Section 1.5.) Write

d(s) =Es* = g(h(s)),

where h(s) =Es*, g(s) =Es". Differentiating yields ¢’ (s) = g'(h(s))H'(s), and so
E(Sy) =¢'(1) =g (h(1)K (1) =g (DA (1) = .

Further, ¢"(s) =g"(h(s))/'(s)* + &' (h(s))h" (1), and so
E(Sy(Sy — 1) =¢"(1) =g" (DA (1)* + &' (A" (1)

and

Var (Sy) =¢"(1) + ¢'(1) — (¢'(1))* = 03 + pro7. O
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Problem 1.31 Define the variance Var X of a random variable X and the covariance
Cov (X, Y) of the pair X, Y.

Let X,, X,, ..., X, be random variables. Show that

Var (X, +X,+---+X,)= Y Cov(X,, X)).
i,j=1

Ten people sit in a circle, and each tosses a fair coin. Let N be the number of people
whose coin shows the same side as both of the coins tossed by the two neighbouring
people. Find P(N =9) and P(N = 10). By representing N as a sum of random variables,
or otherwise, find the mean and variance of N.

Solution Let Y;=X, — EX,. Then

vor () =2(S0) =2 (£ 00) = £ 2.

i,j=1 i,j=1

But E(Y;Y;) =Cov (X, X;), hence the result. Next observe that P(N =9) =0. Indeed, you
can’t have nine people out of ten in agreement with their neighbours and just one person
in disagreement, as his neighbours must quote him. Further, P(N = 10) =2 x (1/2)'°:
there are two ways to fix the side, and (1/2)'° is the probability that all ten coins show
this particular side.

Finally, write N =1, +---+1, , where I, is the indicator of the event

A; = {ith person has two neighbours with the same side showing}.
By symmetry,
1
EN=10P(A,) =10 x 1= 2.5.

Further, RVs [, , I 4, are pair-wise independent if i is not next to j. In fact, when i and j do
not have a common neighbour, this is obvious, as each RV depends on disjoint collection
of independent trials. Next, assume that i and j have a (single) common neighbour. Then

P, =1,1 —1)—1+1—1

AT T30 T3 16

At the same time,

P, =1)=PU, =1)= !

(I, =D =P(1, =1)=7.

Thus,

Var (N) =10 Var (I,,) +20 Cov (I, , 1,,)

-0 5= (3) |+ [ 5)
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Further,
1 1
E(l, 1,) =P, =1I,, =PI, =1)= 2%X2173
Thus,
3 1 1
Var N=10x —+20| - ——)=3.125. O
16 8 16
Problem 1.32 X,,..., X, are independent, identically distributed RVs with mean u

and variance 0. Find the mean of

S=Y(X;—X)*, where X = ! > X,
o

i=1

Solution First, consider the mean value and the variance of X:

n

EY:E]EZXizleX,»=l'",U«=,U«,
noo n

i=1
and

0.2

. 1 n
VarX=— ) VarX,=—.
nzz "n

i=1

Next,

ES=E (ZX?—ZXZXi+nX2> =E (Zx? —2nX2+nX2>
i=1

i=1 i=1

=E (fo - an) =Y EX2—nEX
i=1 i=1
=n(u*+ 0?) — n[(EX)* 4 Var X|
0.2
="(M2+02)—H(M2+7)202(”— n. O

Problem 1.33 (X,) is a sequence of independent identically distributed positive RVs,
where E(X,) =a and EX;' =b exist. Let S, =Y, X,. Show that E(S,,/S,) =m/n if
m<n, and E(S,,/S,) =1+ (m —n)aE (S;") if m> n.

Solution For m < n write

X, +---+X " X X
E Si :EQZZE 2 R ).
S S , S S

n n i=1

But for m =n:

()
1=nE[—).
S

Hence E(Sm/S,,) = m/n
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For m > n,
S S "X, " 1
E(Z2)=E({-2 E —1=1 EXE [ —
(S) (S>+ 2 5 =t L B (s)
n n j=m+1 ~n Jj=n+1 n

1
=1+(m—n)ak ( — ).
+m=nat ()
The mean value E(1/S,,) is finite (and is < b) since 1/S, <1/X,.
It is important to stress that S, and S,, are not independent. [J

Problem 1.34 Suppose that X and Y are independent real random variables with
|X|, |Y| <K for some constant K. If Z = XY show that the variance of Z is given by

Var Z = Var XVar Y + Var Y(EX)? 4 Var X(EY)?,

stating the properties of expectation that you use.

Solution Write Var (XY) = E(XY)? — (E(XY))?> =EX?EY? — (EX)*(EY)? and con-
tinue

=[VarX + (EX)*][Var Y + (EY)*] — (EX)*(EY)?
=VarXVarY + (EX)?Var Y + (EY)*Var X.

The facts used are: linearity of expectation, the equations EZ = EXEY and EZ% =
EX?EY? that hold due to independence, and finiteness of all mean values because of the
boundedness of random variables X and Y. O

Problem 1.35 Let a,, a,,...,a, be yearly rainfalls in Cambridge over the past n
years: assume a,, d,,...,a, are IID RVs. Say that k is a record year if a, > a; for all
i <k (thus the first-year is always a record year). Let ¥; =1 if i is a record year and
0 otherwise. Find the distribution of Y; and show that Y,, Y,,..., Y, are independent.
Calculate the mean and variance of the number of record years in the next n years.

Set N =j if j is the first record year after year 1, 1 <j<n, and N=nif a, or a, are
maximal among a,, . .., a, (i.e. the first or the last year produced the absolute record).
Show that EN — oo as n— oo.

Solution Ranking the g;s in a non-increasing order generates a random permutation of
1, 2,..., n; by symmetry, all such permutations will be equiprobable. Ranking the first
i rainfalls yields a random permutation of 1, 2, ..., i. Hence,

1 i—1 1 1 1
P(K:]):*,P(Yl:()):i,EYl:*,VarYI:*_*
i i i i 2
Observe that RVs Y, ..., Y, are independent. In fact, set

X, =the ranking of year i among 1,...,1,
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with

1
PX,=)=-, 1<i<i.
i
Then Y, is a function of X; only. So, it is enough to check that the X; are independent. In
fact, for any collection of pair-wise distinct values /;, i=1, ..., n, with [, <i, the event
(X;=1;, 1<i<n) is realised for a unique permutation out of n!. Thus,
1

—=P(X,=x,1<i<n)= [] P(X;=x)).

|
n I<i<n

Next,
n n 1
EY Y= -,
1 T
and

i P
Finally, for m=2, ..., n, the probability P(N > m) equals

1 2 m—2 1
P(2,...,m—1larenotrecords) =1 X = X —+++ X —— = ——.
2 3 m—1 m—1
Hence, EN >>"" _,1/(m — 1) which tends to oo as n — oo. Observe, however, that with
probability 1 there will be infinitely many record years if observations are continued
indefinitely. O

Problem 1.36 An expedition is sent to the Himalayas with the objective of catching
a pair of wild yaks for breeding. Assume yaks are loners and roam about the Himalayas
at random. The probability p € (0, 1) that a given trapped yak is male is independent of
prior outcomes. Let N be the number of yaks that must be caught until a pair is obtained.
(i) Show that the expected value of N is 1+ p/q+ q/p, where g=1— p.
(ii) Find the variance of N.

Solution (i) Clearly, P(N =n) = p"~'q+ q""'p for n>2. Then EN equals

i & 1 1 1 1
n—1 n—1
qE np +p§ nq =pq[ + + + }
r v l—p 1—g (1-p? (1-¢9)7

which gives 1+ (p/q) + (q/p).
(ii) Further,

VarN=EN(N — 1) + EN — (EN)?
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and

EN(N —1)=pgy_ _n(n—1)p"+pgy_ n(n—1)q""
2 2 2 2
(I-pp} (-9’ ¢ p
So, the variance of N equals

2p 2 1
f+§+p+q+1—<p+q+1) ——+--2_9_4 p
P q p g p q

Problem 1.37 Liam’s bowl of spaghetti contains n strands. He selects two ends at
random and joins them together. He does this until there are no ends left. What is the
expected number of spaghetti hoops in the bowl?

Solution Setting

X {1, if the ith join makes a loop,

0, otherwise,

find
1
PX,=1)=—7.
2n—2i+1

(By the ith join you have 2n — 2(i — 1) ends untied; for an end chosen there are 2n — 2i + 1
possibilities to choose the second end, and only one of them leads to a hoop.) Thus

1 n—1

n n n n 1
E) X,=) EX,=) P(X;=1)= = .
E ! g ! ; X;=1) EZn—2i+1 o 2i+1

Problem 1.38 Sarah collects figures from cornflakes packets. Each packet contains
one figure, and n distinct figures make a complete set. Show that the expected number of
packets Sarah needs to collect a complete set is

"1
i=1

Solution The number of packets needed is
N=1+Y, +--+7Y, .

Here Y, represents the number of packets needed for collecting the second figure, Y5 the
third figure, and so on. Each Y; has a geometric distribution:

P(Yj:s):<i>s_ n—j

n



48 Discrete outcomes

Hence, EY; = n/(n — j)- Then

n—1 n
EN:nzi.znzl,% nlnn. O

j:()n_] 1 J

Problem 1.39 The RV N takes values in the non-negative integers. Show that N has
mean satisfying

E(N)=Y P(N> k).
k=0
whenever this series converges.

Each packet of the breakfast cereal Soggies contains exactly one token, and tokens
are available in each of the three colours blue, white and red. You may assume that each
token obtained is equally likely to be of the three available colours, and that the (random)
colours of different tokens are independent. Find the probability that, having searched the
contents of k packets of Soggies, you have not yet obtained tokens of every colour.

Let N be the number of packets required until you have obtained tokens of every
colour. Show that E(N)=11/2.

Solution Write

> P(N=n)) 1=> > P(N=r=)Y P(N>n)=) P(N>k).
n=1 r=1 n=1r=n n=1 k=0

Further, the probability P(N > k) equals
P(not yet obtained after & trials) = P(all red or blue after k trials)

+ P(all red or white after k trials) + P(all blue or white after k trials)
— P(all red) — P(all blue) — P(all white) =3[(2/3)*—(1/3)"].

Then the expected value of N equals

00T PO 0] -

Example 1.3 A useful exercise is to prove formulas for the mean values of R =
min[X, Y] and S=max [X, Y], where X and Y are independent RVs with non-negative
integer values and finite means. Here

ER=) P(min[X,Y]>n)=) P(X>n)P(X >n).
n>1 n>1
Next, as R+ S =X +7, the mean value ES =EX + EY — ER, which is equal to
SIPX=n)+P(Y>n)—-P(X>nP(Y>n)]. A

n>1
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Remark Independence plays an important role in the analysis of gambling and betting
(which was a strong motivation for developing probabilistic concepts in the sixteenth—
nineteenth centuries). For example, the following strategy is related to a concept of a
martingale. (This term will appear many times in the future volumes.) A gambler bets
on a sequence of independent events each of probability 1/2. First, he bets $1 on the first
event. If he wins he quits, if he loses, he bets $2 on the next event. Again, if he wins he
quits, otherwise he bets $4 and then quits anyway. In principle, one could stick to the same
strategy for any given number of rounds, or even wait for the success however long it
took. The point here is that success will eventually occur with probability 1 (as an infinite
series of subsequent failures has probability 0). In this case the gain of $1 is guaranteed:
if success occurs at trial k, the profit is 2* and the total loss 1 +2 4 --- +2k1=2¢ — ],

In general, the gambler could also bet different amounts S, S,, . . . on different rounds.
It is easy to see that the expected gain EX, will be zero after any given number of rounds
n. For instance, after three betting rounds the expected gain is

S, $5-=8 S-5-85 S+5+S
Oy 22701 93T TOL ST 0

2 4 8 8 0

In general, this fact is checked by induction in n. It seems that it contradicts with the
previous argument that amount $1 could be obtained with probability 1. However, that
will occur at a random trial! And although the expected number of trials until the first
success is 2, the expected capital the gambler will need with doubled bets S; =2’ is

—) 21 =YY" = .
() -mees
(This is known as St Petersburg’s gambling paradox: it caused consternation in the
Russian high society in the early nineteenth century.)

It would be natural for the gambler to try to minimize the variance Var X, of his loss
after n rounds. Again, a straightforward calculation shows that for n =3:

St (8 =8 (53—52—51)2+(51+52+53)2

sz s
52 2 3

This is minimized when the bets are placed in increasing order, i.e. S; < S, <S;. The
same is true for any n.

Problem 1.40 Hamlet, Rosencrantz and Guildenstern are flipping coins. The odd man
wins the coins of the others; if all coins appear alike, no coins change hands. Find the
expected number of throws required to force one man out of the game provided Hamlet
has 14 coins to start with and Rosencrantz and Guildenstern have 6 coins each.

Hint: Look for the expectation in the form Kimn, where [/, m and n are the numbers of
coins they start with and K depends only on [/ + m + n, the total number of coins.
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Solution The conditions of the game are that the total number of coins is con-
stant. Hence, if H denotes the number of Hamlet’s coins, R of Rosencrantz’s and G
Guildenstern’s, then

H+R+G=26. (1.36)

The game corresponds to a random walk on integer points of a three-dimensional lattice
satisfying equation (1.36), with H >0, R>0 and G > 0. The game ends when at least
one of the inequalities becomes equality. The jump probabilities are

1
(H,R,G)— (H+2,R—1,G —1), probability YE

1
(H,R,G)— (H—1,R+2,G —1), probability —,

—

(H,R,G)— (H—1,R—1,G +?2), probability —,

N

|
(H,R,G)— (H, R, G) probability 7

The walk starts at H =14, R=G =6.
Let E}; ¢ be the expected number of throws to reach the end if the starting amounts
are H, R, G. Then, by the formula of conditional expectation,

1 1
EH,R,G = Z(l + EH,R,G) + Z(l + EH+2,R—1,G—1)

1 1
+ Z(l +Ey_1.r-1.642) Z(l + Ey_1 re2.6-1)5

where we condition on the first throw. That is
3 1

4EH,R,G —1= Z(EH+2,R—1,G—1 +Ey1ri2.6-1F Egoiro1,642)»
with the boundary conditions E p ¢ = E o ¢ =Epgo=0.
The conjectured form is Ey;  ; = K(H + G + R)HGR whence

4
K=
3(H+G+R-2)

and
4><14x6x6_336

REAE SRS 1
3x(26—2) 12

E14,6,6 =

Remark A suggestive guess is as follows: Ey p  is a symmetric function of H, R, G.
Hence, it must be a function of symmetric polynomials in H, R, G, viz.

H+R+G, HG+HR+ GR, HRG,

etc. The boundary condition yields that HRG should appear as a factor.

Problem 1.41 We play the following coin-tossing game. Each of us tosses one (unbi-
ased) coin; if they match, I get both coins; if they differ you get both. Initially, I have m
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coins and you n. Let E(m, n) be the expected length of play until one of us has no coins
left. Write down a linear relation between E(m, n), E(m—1,n+1) and E(m+1,n—1).
Expressing this as a function of m +n =k and n, deduce that E(m, n) is a quadratic
function of m and n, and hence, using appropriate initial conditions, deduce that

E(m, n) = mn.
Solution Proceed as above, getting
1 1
]E(m,n):EE(m— l,n—}—l)—{—EE(m—}—l,n— 1)+ 1.

The answer is E(m, n) =mn. O

Problem 1.42 In the Aunt Agatha problem (see Problem 1.15), what is the expected
time until the clockwork orange falls off the table?

Solution Continuing the solution of Problem 1.15, let E, be the (conditional) expected
time while starting at distance 10 x £ cm from the left end. Then E, = E,; =0 and

3 2
E,= gEl—l + gEHl +1,

or E,.,=(5/2)E,— (3/2)E,_, —5/2. For vectors u, = (E,, E,, ;) and v = (0, —5/2) we
have u, =u, ;A +v. Here A is as before:

0 -3/2
A:
(V)
with the eigenvalues A; =3/2 and A, =1 and eigenvectors e, = (1, 3/2) and e, = (1, 1).

Note that v=>5(e, —e,).
Iterating yields

u,=uA'+v Y A

1<j<i-1

and if vector uy, = a,e, + a,e,, then

A—1 3 3A-1
u,:(a,All+a2—5<A:_l —Z), Zal)\f—l—az—S(z )\1—1 —E)).

Now, substituting into the first component E, =0 (for £ =0) yields

a,;+a,=0,

and into the second component E,, =0 (for £ =19):

20
a, (3> +a,=5 <(3/2)20 —32_ 19) =5 ((3/2)20 -1 20) .
2 1/2 1/2
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Thus,
_10((3/2)* —1) — 100 100

=—a,= =10— ————,
R CTE (/2" —1

El():[w_(3/21;3_1][(;)“)_1}50_10[(;)‘“_1}
=so+w[(;>l°_l}_10[(;)”_1}_(3/;)0]3“

100
(3/2)'"+1°
A rough estimate yields E,, > 48.

and

=50

Remark A much shorter solution (sometimes adopted by students who feel it is correct
but cannot justify it) is as follows. Let 7 denote the time of the fall-off. As was found in
the solution of Problem 1.15, the position S, at time 7 is
1
20, ith probability ————,
N T
1

0, with probability 1 —

S =

3/2)"+1°
After n jumps, the position is the sum of independent RVs
Sn:SO+Xl+'“+Xn’
where S, is the initial position (in our case, equal to 10) and X; the increment at the

Jjth jump:

+1, with probability
X =

1

—1, with probability

N LW N

Writing
U,=8+X -EX)+ -+ (X,—EX,) =S, —nEX,

yields EU, = ES,. The fact (requiring use of the martingale theory) is that the same is
true for the random time 7: EU, = ES,. Then

10 2071 E 2_3
= — T — — =
(3/2)0+1 5 5)°

100 =z
(3/2)1041"

whence
Er=50-—

as before. [



1.4 Random variables 53

Problem 1.43 Define the covariance Cov (X, Y) of two random variables X and Y.
Show that

Var(X +Y)=VarX + VarY +2Cov (X, Y).

A fair die has two green faces, two red faces and two blue faces, and the die is thrown once.
Let

1 if a green face is uppermost
X= .
0 otherwise,

1 if a blue face is uppermost
Y= )
0 otherwise.

Find Cov (X, Y).

Solution Set: u, =EX, u, =EY, with E(X+Y) =EX +EY. Then
Cov(X,Y)=E (X —uy) (Y — iy),

and
Var (X +Y) = E(X 4+ Y — puy — 1)

=E(X — py)’ +E(Y — py)* +2E (X — py) (Y — y)
=VarX + VarY +2Cov (X, Y).

Now
1
P(green) = P(blue) = 3
)
| 1
py =P(green) = g; similarly, w, = 3
Finally,
Cov (X, Y)=EXY — uypy — xty + pxpy =EXY — uypy.

But XY =0 with probability 1, thus EXY =0. Hence, Cov (X,Y)=—-1/9. O

Problem 1.44 Let X be an integer-valued RV with distribution

n

]P’(X:n):?:),

where s > 1, and

()= n.

n>1
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Let 1 < p, <p, <p;<--- be the primes and let A, be the event {X is divisible by p,}.
Find P(A,) and show that the events A,, A,,... are independent. Deduce that

T — )=
H(I_Pk )_{(s)

k=1

Solution Write

n*S 7&‘ 7\
P(A) = > > =D Z =pc’
n:divisible by p; g(S) n:n=p;l 5( ) 1>1 g( )
Similarly, ¥ collection Ay , ..., A, (1 <k <---<k):

]P’(Ak1 ﬂ~~~ﬂAkl) :p,:ls. . .p,:f:]_[]P’(Akl),
I=1
i.e. the events A;, A,,... are independent.
Finally, 1 — p;* is the probability that X is not divisible by p,. Then [[;_,(1 — p;*)
gives the probability that X is not divisible by any prime, i.e. X = 1. The last probability
equals 1/{(s). O

Remark {(s) is the famous Riemann zeta-function that is the subject of the Riemann
hypothesis, one of the few problems posed in the nineteenth century which remain
unsolved. The above problem gives a representation of the zeta-function as an infinite
product over the prime numbers.

The name of G.F.B. Riemann (1826-1866), the remarkable German mathematician,
is also related to Geometry (Riemannian manifolds, Riemannian metric). In the context
of this book, we speak of Riemann integration, as opposed to a more general Lebesgue
integration; see below.

1.5 The binomial, Poisson and geometric distributions. Probability
generating, moment generating and characteristic functions

Life is good for only two things,
discovering mathematics and teaching mathematics.
S.-D. Poisson (1781-1840), French mathematician

The binomial distribution appears naturally in the coin-toss setting. Consider the random
variable X equal to the number of heads shown in the course of n trials with the same
type of coin. A convenient representation is

X=Y +--+7Y,
where RVs Y, ..., Y, are independent and identically distributed

Y — 1, if the jth trial shows head,
7] 0, if the jth trial shows tail.
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Assuming that P(Y; =1), the probability of a head, equals p and P(Y;=0), that of a tail,
qg=1—p, we have

n

P(X:k)=<k>pkq”, 0<k<n. (1.37)

This probability distribution (and the RV itself) is called binomial (or (n, p)-binomial)
because it is related to the binomial expansion

n n—. n
2 <k>pkq f=(p+aq =1
0<k<n
Values of binomial probabilities are shown in Figure 1.3.

Because of the above representation X =Y, +---+7,, the sum X 4+ X’ of independent

(n, p)- and (#’, p)-binomial RVs X and X’ is ((n + #’), p)-binomial. This representation
also yields that

EX =nEY, =np, Var X =nVarY, =npq. (1.38)

We write X ~ Bi(n, p) for a binomial RV X.

Other well-known expansions also give rise to useful probability distributions. For
example, if we toss a coin until the first head, the outcomes are numbers 0, 1,...
(indicating the number of tails before the first head was shown). Let X denote the number
of tails before the first head. The probability of outcome £ is

P(X =k)=pqg*, k=0,1,2,..., (1.39)

and equals the probability of sequence TT...TH where first k digits are T and the
(k+ 1)th one H. The sum of all probabilities (proportional to the sum of a geometric
progression) is p/(1 — ¢) = 1. The ‘tail’ probability P(X > k) = ¢*, k> 0.

|

0.05 0.10 0.15 0.20 0.25

1
N
—

L / .
.4 _ 1 . N\
i - I e Y

0 2 4 6 8 10 12 14

0.0

X n=14,p=02 © n=14,p=05 & n=14,p=07 |

Figure 1.3 The binomial PMFs.
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Figure 1.4 The geometric PMF.

Not surprisingly, the RV X giving the number of trials before the first head is said
to have a geometric distribution (or being geometric), with parameter ¢. The diagram of
values of geometric probabilities is shown in Figure 1.4.

The expectation and the variance of a geometric distribution are calculated below:

EX=Y(1-qkd =Y ¢* =1, (1.40)
k=1 k=1 p
and

2
q
VarX = EX* — (EX)* =) k’pq* — po

k=1
e
2 ) k=1
=pq* ) _k(k—=1q" 2 +pgd k¢ ' ==
k>2 k>1
&1 q ¢ _ 2 q ¢ _¢ 4q_4q
2 2
=pq -+t —5=pg St+-—S=-+-—=—. (1.41)
d¢>p p P’ P p p P p P
Note a special property of a geometric RV: V m < n:
P(X>n|X>m)=P(X >n—m), (1.42)

this is called the memoryless property. Another property of geometric distributions is that
the minimum min [X, X'] of two independent geometric RVs X and X’ with parameters
q and ¢’ is geometric, with parameter gq':

P(min [X, X'] > k) =(¢¢))*, k=0,1,...

Sometimes, the geometric distribution is defined by probabilities p, = pg*~!, for k =
1,2, ... which counts the number of trials up to (and including) the first head. This leads
to a different value of the mean value 1/p; the variance remains the same. We write
X ~ Geom (g) for a geometric RV X (in either definition).
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The geometric distribution often arises in various situations. For example, the number
of hops made by a bird before flying fits the geometric distribution.

A generalisation of the geometric distribution is a negative binomial distribution. Here,
the corresponding RV X gives the number of tails before the rth head. In other words,
X=X, +---+X,, where X; ~Geom (g), independently. A direct calculation shows that

n%xzky:<k+£_l>pwhk:OJ,z.“ (1.43)

In fact, X = k means that there were altogether k + r trials, with k tails and r heads, and
the last toss was a head.

We write X ~ NegBin (g, r) for the negative binomial distribution.

Another example is the Poisson distribution, with parameter A > 0; it emerges from
the expansion e* =), A*/k! and named after S.-D. Poisson (1781-1840), a prominent
French mathematician and mathematical physicist. Here we again assign probabilities to
non-negative integers, and the probability assigned to k equals A“e™*/k!. An RV X with

k

A
Mx:@:ﬁeﬂkzaLz”q (1.44)

is called Poisson. These probabilities arise from the binomial probabilities in the limit
n— oo, with p=A/n—0:

i (3) (1)

_n(n—=1)---(n—k+1) AE (L= A/n)"
N nk T (1= A/n)*

which approaches Afe™ /k!.

The last observation explains the fact that the sum X 4+ X’ of two independent Poisson
RVs X and X’, with parameters A and X', is Poisson, with parameter A 4+ A’. This fact can
also be established directly.

The graphs of values of Poisson probabilities are in Figure 1.5.

The expectation EX and the variance Var X of a Poisson RV equal A:

k k
Z)\—e_’\k:)\, X:)\—e_)‘k2 — A=A (1.45)
=0 k! i=o k!
We write X ~ Po (A) for a Poisson RV X.

The Poisson distribution is widely used in various situations. A famous (albeit chilling)
example (with which both authors of this book began their studies in Probability) is the
number of Prussian cavalrymen killed by a horse kick in each of the 16 corps in each
of the years 1875-1894. This can be perfectly fitted by the Poisson distribution! It is
amazing that this example found its way into most textbooks until the end of the twentieth
century, without diminishing the enthusiasm of several generations of students.
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Figure 1.5 The Poisson PMFs.

The probability generating function (PGF) ¢(s) (= ¢y(s)) of an RV X taking finitely
or countably many non-negative integer values n with probabilities p, is defined as

by (s) =Es* _ans = Z p(w)sx(“’)—Es (1.46)

wel)

it is usually considered for —1 < s <1 to guarantee convergence. A list of PGFs can be
found in Appendix 1, Table Al.1; here we give a few often used examples. If X takes
values 1 and O with probabilities p and 1 — p, then

dx(s)=ps+1—p; (1.47)

if X ~Bin(n, p), then

by(s) = Z( )pta s = lps+ -l (148)
if X ~Geom (p), then
— J— —_— pi'
<I>X(S)—k§)p(l p)”—l_s(l_p), (1.49)

and if X ~Po(A), then

Gy (s) = Z —e sk = Al (1.50)
io

An important fact is that the PGF ¢ (s) determines the distribution of RV X uniquely:
if px(s)=¢,(s) VO<s<1,then P(X=n)=P(Y=n) V n. In this case we write X ~ Y.
For X and Y taking finitely many values the uniqueness is obvious as ¢ (s) and ¢y (s)
are linear combinations of monomials s” (i.e. polynomials); if two polynomials coincide,
their coefficients also coincide. This is also true for RVs taking countably many values,

but here one has to deal with power series (i.e. the Taylor decomposition).
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Also,

d >

EX=—dy(s)| and EX(X —1)= —dy(s)| . (1.51)
ds 1 ds? o

implying that
VarX = EX(X — 1) + EX — (EX)?
> d d g
- (dsz¢x<s)+ds¢x(s>— [mm(s)]) (1.52)

Another useful observation is that RVs X and Y are independent iff
Gx1y(5) = dx()dy(s). (1.53)
In fact, let X, Y be independent. Then by convolution formula (1.14), ¢,y (s) equals

S P(X+Y=n)s"=3 Y P(X=k)sP(Y =n—k)s"*,
n n k

and by changing n — k+> [ is equal to

[Z P(X =k)sk] [Z P(N = l)S’} =bx(5)dy(s).

The converse fact is proved by referring to the uniqueness of the coefficients of a power
series. A short proof is achieved by observing that if X and Y are independent then s*
and s are independent, and hence by virtue of formula (1.27):

Es* = Es*s" = Es*Es”.
The use of PGFs is illustrated in the following example.
Example 1.4 There is a random number N of birds on a rock; each bird is a seagull

with probability p and a puffin with probability 1 — p. If S is the number of seagulls then
the PGFs ¢, (s) and ¢(s) are related by

bs(s)=dy(ps+1-p).

In fact, according to the definition, ¢s(s) =E,* =3,.( 5" Ps(n), with
Py(n) =P(S=n), and similarly for ¢, (s). Then

B =15" X Pyl (m) (L= )

m=>n

=2 3 (") epra - o
=Y Py(m)(ps+ (1= p))" = dy(ps+ (1 - p)).

m
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In short-hand notation:

¢5(s) =E[E(s°[N)] =3 Py(m)E (s'|N =m)

m

=Y Py(m)(ps+ (1= p))" =y[ps+ (1= p)].
Similarly, for the number of puffins,
dy_s(s)=dy[(1—p)s+p].
Now, suppose N has the Poisson distribution with parameter w. Then
dy(s)= eu(s'fl), and d’s(s) — ehpstl=p=1) _ qup(s—1)

By the uniqueness of the probability distribution with a given PGF, S ~ Po (up).
Similarly,

dy_s(s5)=e17P6=D je N —§~Po[u(l —p)l.
Also,
Dy (5) = bs(8)Py_s(5),

i.e. S and N — S are independent.
Of course, one could proceed directly to prove that S ~Po (pu), N—S~Po[(1 — p)u]
and S and N — S are independent. First,

P(S=k) =Y P(S=k|N =n)P(N =n)

n>k
n! ‘ e
= _— 1 — n
gk!(n—k)!p( -
_(pwfe o e u(—p)I"t  (pu)te
K4, (n—k)! ko

and similarly P(N — S =k) =[(1 — p)u]‘e~('"P* /k!. Next,

P(S=k,N—S=1)=P(S=k|N =k +)P(N =k +1)

k+l Mk+le—u
=( N )p"(l—p)’

(k+1)!
_ (wte ((1—pp)et=
Ok 1!

=P(S=k)P(N-S=1),

ie. S and N — § are independent.
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An elegant representation for S and N — § is:

N N
§S=>'X,, N-S=) (1-X,).
n=1 n—1
where X;, X,, ... are IID RVs taking values 1 and 0 with probabilities p and (1 — P),

respectively. It is instructive to repeat the above proof that S ~ Po(pu) and (N — S) ~
Po[(1 — p)u] by using this representation (and assuming of course that N ~ Po (w)).

An interesting fact is that a converse assertion also holds: here the use of PGFs will
be very efficient. Let N be an arbitrary RV, let p=1/2 and suppose that RVs S and
N — § are independent, without assuming that either of them is Poisson. By independence,
symmetry and the equation ¢4(s) = ¢y (ps+ (1 — p)):

39 =000y = [0 (55 1-3) |

Then the function ®(s) = ¢ (1 — s) satisfies

S\ 12 s\1*
w0=[o()] =~[s(3)] -
Thus, if s is small, the Taylor expansion yields
(s) =y (1 = 5) = by(1) = yy(Ds+o(s*) =1 — s + O(s?),

where w =EN. Hence, as n — o

S\ 42"
D(s) = |:1 — g +o0 (L)] —e M.

Thus, ¢y (1 —s)=e*t~D, ie. N~ Po(u). Then, by the above argument, S and N — S
will be Poisson of parameter u/2. W

Function
My (0) = ¢y (e”) =Ee™ (1.54)

is called the moment generating function (MGF). It is considered for real values of the
argument 6, but may not exist for some of them. If X takes non-negative values only,
My (0) exists V 0 <0 and possibly for some 6 > 0. Then one can also use the function

Ly(0) =¢y(e™") =Ee ™, (1.55)

which is called the Laplace transform. The name ‘moment generating function’ comes
from the representation M, (6) =3 ", (IEX")O" / n! as the expected value EX" is called
the nth moment of RV X.
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On the other hand, the characteristic function (CHF) () (= (7)) can be correctly
defined for all real ¢:

(p(t) EeltX ij 1tx/ _ Z p(w)eltX(m) (156)

we)

though it takes complex values, of modulus < 1. The usefulness of these two functions
can be seen from the following properties.

(i)

(ii)

(iii)

(iv)

The MGFs and CHFs can be effectively used for RVs taking real values, not
necessary non-negative integers. For many important RVs the MGFs and CHFs
are written in a convenient and transparent form. The CHFs are particularly
important when one analyses the convergence of RVs. Of course, /(1) = My (if)
and My () = dy(e”).

The MGFs and CHFs multiply when we add independent RVs: if X and Y are
independent then, by equation (1.27),

MX+Y(6) = MX(O)MY(6)7 lpx+y(9) = ‘px(t)llly(t)- (1-57)
In fact, if X and Y are independent then e’* and e’ are independent, and
My, y(0) = Ee"* ™) = Eee? = Ee™*Ee® = M, (0)M,(6),

and similarly for the characteristic functions.
The expected value EX and the variances Var X (and in fact other moments
EX/) are expressed in terms of their derivatives at ¢ =0, viz.

d 1d
EXZ @M 6:02 Tal[fx t t_o, (158)
d? d 2
Var X = (dGZMX(G) [ MX(G)] ) »
d i 1.59
= (~ a0+ 50 (1.59)

Each of M, (0) and ¢ (¢) uniquely defines the distribution of the RV: if M, (0) =
My (6) or P (f) =y (1) in the entire domain of existence then variables X and
Y take the same collection of values and with the same probabilities. In this
case we write, as before, X ~ Y. This property also ensures that if M, ,(6) =
My (0)My(0) or Py, =thy(1)hy(¢) then RVs X and Y are independent.

Property (iv) is helpful for identifying various probability distributions; its full proof
is beyond the limits of this course.

Problem 1.45 Let N be a discrete random variable with

P(N=k)=(1-p)"'p, k=1,2,3,...,

where 0 < p < 1. Show that EN =1/p.
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Solution A direct calculation:
i d 1 1
EN = ka—msz—p()z.
g dp\1-(1-p)/) p

Alternatively: EN=1x p+ (1 —p) x (1+EN), implying that EN=1/p. O

Problem 1.46 (i) Suppose that the RV X is geometrically distributed, so that P(X =
n)=pq", n=0,1,..., where g=1—p and 0 < p < 1. Show that

1 P
EQX+U>:‘qm”

(ii) Two dice are repeatedly thrown until neither of them shows the number 6. Find the
probability that at the final throw at least one of the dice shows the number 5.

Suppose that your gain is the total ¥ shown by the two dice at the last throw, and that
the time taken to achieve it is the total number N of throws.

(a) Find your expected gain EY.
(b)  Find your expected rate of return E(Y/N), using the approximation In (36/25) ~
11/30.

Solution (i) Observe that N = X + 1 with probability of success p =25/36. Then

1 1 p 1
El — =§:7n—l :—237”
(N) e p q nq

n>1 n n>1

q a 1
= BZ] x”_ldngf dx
q = Jo q o

n>1 1 —X
| 1
:3/ “du="1m-.
qJp u q P
(ii) By symmetry,

P(at least one 5 at the last throw)
__ P(at least one 5 and no 6 at the last throw) 9

P(no 6 at the last throw) - 25

Next, Y =Y, + Y,, where Y, is the number shown by die i. Hence, (a)
EY =2EY,, EY,=(14+2+3+4+5)/5=3, EY =6.
Now, N ~ Geom (g), with parameter ¢ = 11/36. Furthermore, Y and N are independent:

P(Y =y, N=n) = q" ' pP(total y by the nth throw|no 6)
=P(Y =y)P(N=n).



64 Discrete outcomes
So, (b)

Y 1 25 36
El—-)=EYE (- )=6x—In|—|~5 0O
N N 11 25
Problem 1.47 (i) Suppose that X and Y are discrete random variables with finite mean

and variance. Establish the following results:

(a) EX+Y)=EX+EY.
(b) Var(X+Y)=VarX+ VarY +2Cov(X,Y).
(¢) X and Y independent implies that Cov (X, Y) =0.

(ii) A coin shows heads with probability p > 0 and tails with probability g =1 — p. Let
X, be the number of tosses needed to obtain n heads. Find the PGF for X, and compute
its mean and variance. What is the mean and variance of X, ?

Solution (i) (a) Write

EX=) aP(X=a), EY=) bP(Y=Db)
a b

and observe that
{w: X=a}=U{w: X=a,Y=b}
where the union is pair-wise disjoint. Then

EX+EY =Y aP(X=a, Y=b)+bP(X=a, Y =b)

a,b

=Y ¢ ) P(X=a,Y=Db)

c a+b=c

=Y P(X+Y=c)=E(X+7Y).

(b) By definition, Var (X) = E((X — EX)?) =EX? — (EX)>. Then
Var(X+Y)=E(X+Y — (EX+EY))*
=E(X - EX)*+E(Y — EY)’
+2E(X — EX)(Y — EY)
=Var X + VarY +2Cov (X, Y).
(c) If X, Y are independent,

EXY=) c¢P(XY=c)=) c) P(X=a, Y=b)
=Y abP(X =a)P(Y =b)

a,b
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= |:Z aP(X = a)j| |:Z bP(Y = b)]
a b
=EXEY.
Now if X, Y are independent then so are X —EX, Y — EY, and so
Cov (X,Y)=E(X-EX)(Y —EY)=0.

(ii) We have P(X, =k) = pg*~", and so the PGF ¢(s) = ¢y, (s) = ps/(1 — gs) and the
derivative ¢'(s) = p/(1 — gs)*. Hence,

1 1
EX, =)=, EX =¢"(1)+ ¢/ ()= -7, andVarX, = L.
p P p
So EX,=n/p, Var X,=np/q*. O

Problem 1.48 Each of the random variables U and V takes the values 1. Their joint
distribution is given by

]P’(U:l):P(U:—l)z%,
]P’(V:1|U:1):]P’(V:—1|U:—1):%,
IP’(V:—1|U=1)=IP(V=1|U=—1)=§.

(i) Find the probability that x> + Ux 4+ V =0 has at least one real root.
(i) Find the expected value of the larger root of x> 4+ Ux + V =0 given that there is at
least one real root.

(iii) Find the probability that x> + (U + V)x + U + V =0 has at least one real root.

Solution Write

1 1
PU=1,V=1)=—, P(U=—1,V=1)=,
6 3
1 1
P(U=1,V=-1)==, P(U=—1,V=—1)=-.

3 6
(i) x* + Ux+ V has a real root iff U? —4V >0 which means V = —1. Clearly, if

V =—1, then U? —4V =35. So the probability of a real root is 1/2.
(ii) The expected value of the larger root is

(_%@P(Uz1|V=—1)+@]P’(U:—1|V=—l)
B 1 (1451 (1+V5 1) V5 1
“PV=—1 2 37 2 6)°2 %
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(iii) x> 4+ Wx + W has a real root if W? —4W >0. If W=U 4V, W takes values
2,0, —2 and the equation has a real root if W =0 or —2. Then P(W =0) =2/3 and
P(W=0or —2)=5/6. O

Problem 1.49 In a sequence of independent trials, X is the number of trials up to and
including the ath success. Show that

P(X:r):(fl:i)p“q’“,r:a,a—{—l,...

Verify that the PGF for this distribution is p“s?(1 — gs)~“. Show that EX =a/p and
Var X = aq/p*. Show how X can be represented as the sum of a independent random
variables, all with the same distribution. Use this representation to derive again the mean
and variance of X.

Solution Probability P(X =r) is represented as

P({a — 1 successes occurred in  — 1 trials} N {success on the rth trial})

-1 -1
(" a—lqr—l—a+1p: r P4, r>a.
a—1 a—1

The PGF for this distribution is

so=re 2 (17 )@= s (T @

r>a k>0

Observe that
<k +a—1 )
a—1
coincides with the number of ways to represent k as a sum of a non-negative integers
k=k +---+k,.

This fact may be geometrically interpreted as follows. You take & ‘stars’ and you inter-
sperse them with a — 1 ‘bits’:

The number of stars between the (j — 1)th and jth bits give you the value k;; k, is the
number of stars to the left of the first bit and &, is the number of stars to the right of the
(a — 1)th bit. But the number of different diagrams is

k+a—1
a—1 ’
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Now use the multinomial expansion formula

(;bk) =2 > l_[bkj

ko kyiky 4otk =k

and obtain
> (k :i; 1) (g9)" = (Z(qS)") =(1—gs)™

and ¢(s) = p“s*(1 — gs)~“. Further,
—ay/ a
EX =(p's"(1-48)"") =1 =~

E(X(X = 1)) = (p*s“(1 —g5)™")" |,
n 2a*(1—p) n ala+ 1}))51 —p)z.

=a(a—1)
Hence,

VarX =EX(X — 1)+ EX — (EX)*=¢"(1) + ¢'(1) — (¢'(1))?
_a(la—1)p*+2a’p(1 — p) +a(a+1)(1 - p)? L4 aj_ﬂ
P p P P
As ¢(s) = ((s))*, where s(s) = ps(1 — gs)~', you conclude that X may be represented
as a sum ij:l Y;, where Y;,..., Y, are IID RVs with the PGF Y(s). In fact, Y; is the

number of trials between the jth and (j + 1)th successes including the trial of the (j + 1)th
success. So,

EX =aEY;, VarX =aVarY,.

As Y;~Geom (¢q), EY;=1/p and Var (Y;)=q/p*>. O

Problem 1.50 What is a Poisson distribution? Suppose that X and Y are independent
Poisson variables with parameters A and u respectively. Show that X + Y is Poisson
with parameter A + . Are X and X + Y independent? What is the conditional probability
P(X=r|X+Y=n)?

Solution A Poisson distribution assigns probabilities

)\V

—A
=e _—
pr r!

to non-negative integers r =0, 1, ... Here A > 0 is the parameter of the distribution. The
PGF of a Poisson distribution is

) )\r
Ox(s)=Es*=)" e”‘sr—' =ertD,
r=0 r:
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By independence,

Dy (5) = by (s)py(s) = e HOD,

and by the uniqueness theorem, X + Y ~Po (A + ). A similar conclusion follows from
a direct calculation:

PX+Y=r)= Y PX=iY=))

i jiitj=r
= ¥ PX=)P(Y=))
i jiitj=r
B e M\leFu/
St
p o
_e <r! 1) w_:;:r (:) Nl = e (r! 1) Ay,

However, X and X + Y are not independent, as P(X + Y =2|X =4) =0. In fact,
Vr=0,1,..., n:

P(X=r,Y=n—r)

P(X=r|X+Y=n)=

P(X+Y=n)
_PX=nPY=n-r)
 P(X+Y=n)

e AAeFu " n!
e Atm (A + ) r!(n—r)!

-() () ()

ie. (X|X+Y=n)~Bin(n,A/A+pu). O

Problem 1.51 Let X be a positive integer-valued RV. Define its PGF ¢,. Show that
if X and Y are independent positive integer-valued random variables, then

¢X+y = ¢X¢Y~

A non-standard pair of dice is a pair of six-sided unbiased dice whose faces are num-
bered with strictly positive integers in a non-standard way (for example, (2, 2,2,3,5,7)
and (1,1,5,6,7,8)). Show that there exists a non-standard pair of dice A and B such
that when thrown

PP(total shown by A and B is n)
= ]P’(total shown by pair of ordinary dice is n)

forall 2 <n<12.
Hint: x+ x>+ 3 +x* + 5+ 0 =x(x + DA+ 2 +xH) =x(1 +x +x2) (1 + x%).
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Solution Use the PGF: for an RV V with finitely or countably many values v: ¢y (x) =
ExV =3, x'P(V =v). The PGF determines the distribution uniquely: if ¢, (x) = ¢ (x),
then U ~ V in the sense that P(U =v) =P(V =v). Also, if V=V, 4+ V,, where V, and
V, are independent then ¢y (x) = ¢y, (x) by, (x).

Now let S, be the total score shown by a pair of standard dice, then

1

bs,(x) = p5(x) = % (Zxk) = %x(l +0) (1422 +x)x(1+x+27) (14 x%),

where S is the score shown by a single die.
Therefore, if we arrange a pair of dice A and B such that the score T, for die A has
the PGF

1 1
b(x)= gx(l +x2 N1+ = g(x—i-x3 +xt 0+ 20448
and the score Ty for die B the PGF
1 2 1 2 3., 4
(bB(x):gx(l—{—x—}—x )(1+x)=8(x+2x +2x° 4+ x%)

then the total score T, + Tz will have the same PGF as S,. Hence, the die A with faces 1,
3,4,5, 6 and 8 and die B with faces 1, 2, 2, 3, 3 and 4 will satisfy the requirement. [

Problem 1.52 A biased coin has probability p, 0 < p < 1, of showing heads on a single
throw. Show that the PGF of the number of heads in n throws is

d(s)=(ps+1—p)".

Suppose the coin is thrown N times, where N is a random variable with expectation u
and variance o}, and let Y be the number of heads obtained. Show that the PGF ¢, (s)
of Y satisfies

by(s)=dy(ps+1-p),

where ¢ (s) is the PGF of N. Hence, or otherwise, find EY and Var Y.
Suppose P(N =k)=e *A%/k!, k=0, 1,2, ... Show that ¥ has a Poisson distribution
with parameter Ap.

Solution Denote by X the number of heads after n throws. Then X ~ Bin (n, p):
P(X =k) = (Z) P —p) ¥, k=0,1,...,n,
and

b =B =3 () 6P 1=y = (st 1=

k=0
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Next,

¢y (s)=Es" =E[E(s"|N)|=E(ps+1—p)" =dy(ps+1-p),

where ¢y (s) =Es". Then

y(5) = pdly(ps+1—p). sody(1)=pdi(1). ie. EY=ppuy.
Further,
v =pdy(ps+1-p)
and

VarY =p* ¢ (1) + pdy (1) — p*uy, = p*oy + pyp(1 — p).

Thus, if N ~Po (A), with

k

dy(s)= iske’)‘/\— =exp [/\(s - 1)],
o k!
then

by(s)=exp[A(ps+1—p—1D]=exp[Ap(s — D],

and Y ~Po(Ap). O

Problem 1.53 If X and Y are independent Poisson RVs with parameters A and w,
show that X + Y is Poisson with parameter A + .

The proofs of my treatise upon the Binomial Theorem which I hope will have a
European vogue have come back from the printers. To my horror I discover that the
printers have introduced misprints in such a way that the number of misprints on each
page is a Poisson RV with parameter A. If I proofread the book once, then the probability
that I will detect any particular misprint is p independent of anything else. Show that
after I have proofread the book once the number of remaining misprints on each page is
a Poisson random variable and give its parameter.

My book has 256 pages, the number of misprints on each page is independent of the
numbers on other pages, the average number of misprints on each page is 2 and p=3/4.
How many times must I proofread the book to ensure that the probability that no misprint
remains in the book is greater than 1/2?

Solution You can use the PGFs:

e (I/\)k — A=)

Px (1) =Es* ZZ A

k>0

)

and similarly ¢y (1) =e D, with ¢y, () = by (1) Py (1) =MD owing to the inde-
pendence. Then, by the uniqueness, X + Y ~Po (A + ).
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Another way is by direct calculation: by the convolution formula,

]P’(X+Y=r)=2r:]P’(X=k)IP’(Y=r—k)

k=0

r ef)t/\k efl.LI-erk
ST -

e A m I r!

k., r—k

= A,
l EO Kr—r

e (A4 p)

r!

If X is the number of original and Z of remaining misprints then Z ~Po (pA). In fact, the
PGF ¢,(1) =Et* can be written as E[E(¢*|X)] and equals

e Ak S k!
Y B X =k =Y Y P(1=p)’
k>0 : k>0 k! r=0 ( )
=y° 0 S+ 1-p)
k>0

— e)t(71+tpfp+l) — e/\p(rfl).

This implies that Z ~Po (pA). A direct calculation also works:

P(Z=r) =Y P(Z=r|X=k)P(X=k)

k>r
ek k!
_ ° 1 _ k—r
; k' orli(k— r)'p a=p)
e (pA) e A =) e M (pA)
T (k—r)! o

Finally, after n proofreadings, each Z, ~Po (p"A), 1<i <256, with p=3/4 and A =2.
If R=Y"7{Z,, then R ~Po (256 x 2 x (3/4)"), and

P(R=0)=¢*C/4" should be >

| =

Hence, we must have 512 (3/4)" <In2, i.e. (3/4)" < (In2)/2% or

8In2—InIn2

n> ~20.54939. O
In (4/3)
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Problem 1.54 State the precise relation between the binomial and Poisson distributions.
The lottery in Gambland sells on average 107 tickets. To win the first prize one must
guess 7 numbers out of 50. Assume that individual bets are independent and random
(this is a rather unrealistic assumption). For a given integer n > 0, write a formula for the
Poisson approximation of the probability that there are at least n first prize winners in
this week’s draw. Give a rough estimate of this value for n =35, 10. The Stirling formula
n! ~+/27nn"e™" can be used without proof.

Solution The limit

k n—k k
im (7)(2) (122) —eX
n— 00 k n n k'

means that if X, ~ Bin(n, A/n) then X, = Y ~Po(A) as n — oo. This fact is used to
approximate various binomial probabilities.
In the example

50 50
107 . 107
n—lO,p_1/<7>, and)\_10/<7>.

Further,

(57()) ~10°, A~0.1, e*~0.9.
Then

P(> n winners) =e™* g 2—]; ~e %
yields:

f 5:~0.9 102 7.5%x107%
or n=J: 09X ~ 1.0 X
120 ’

—10

~3x 1077, O

10
for n=10: 0.9 x 3

106

J. Stirling (1692-1770) was a Scottish mathematician and engineer. Apart from his
numerous mathematical achievements (and the Stirling formula is one of them), he was
interested in such applied problems as the form of the Earth, in which his results were
highly praised by his contemporaries. His life was not easy as he was an active Jacobite, a
supporter of James, the prominent pretender to the English throne. He had to flee abroad
and spent some years in Venice where he continued his academic work.

We conclude this section with a more challenging problem.

Problem 1.55 (i)LetS,=X,+---+X,,S,=0, and X,,..., X, be IID with

n’

1, probability p,
X, = p yp

| -1, probavility (1 — p),
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where p>1/2.Set 7,=min[n:S,=>b], b>0, and 7, =7. Prove that the Laplace transform
L.(6) (cf. (1.55)) has the form

1
L,(0)=Ee "= [ee —/e? —4p(1 — p)] .
2(1=p)
Verify equations for the mean and the variance:
b 4p(1—p)®
]E'Th = —, Var (Th) — M
291 2p—1)

(i1) Now assume that p < 1/2. Check that

P(r<oo)= L.
I—p
Prove the following formulas:
1
E[e"I(t<o0)]=—— (ee —ve¥ —4p(l— p)) ,
2(1-p)
and

p

E [tI(t<o0)]= T-pa-2)

Here and below,

1, if 71<oo,

0, if 7=o00.

I(T < oo) = {
(iii) Compute Var [TI(T < 00)].

Solution (i) We have that 7,= Z;:l T; where T; ~ 7,, independently.
Then

E7,=bE7, Var (r,) = bVar (7).
Next,
L.(0)=pe "+ (1 — p)E [e?+7+7)],
where 7' and 7" are independent with the same distribution as 7. Hence, E [e=%"+7)] =

(Ee~%)? and x = L_(0) satisfies the quadratic equation:

x=pe '+ (1 —p)ex’

Thus,
1

Ly(0) = 5 ——T[e" — Ve —4p(1 - p)]:

2(1—-p)
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the minus sign is chosen since L;(6) — 0 when 8 — oco. Moreover, omitting subscript 7,

, _ 1 0o 626
FO=30-p) [C m}

implying that

1
2p—1°

L'(0)=—

Alternatively, one can derive an equation L'(0) = p+ (1 — p)(1 +2L'(0)) that implies the
same result.
Using the formula Var (7) = L”(0) — (L'(0))? we get

Var (1) = ! |:1— 2 + ! i|— !
2(1-p) @2p—-1) 22p-1] (@p—-1)

8p’ —20p* +14p —244p> —6p+2  4p(1—p)
2(1-=p)@2p—1)° S @2p-1)

Alternatively, we can derive an equation for y= Var (1) = E(7 — E7)*:
y=p(1-En’+(1-p)E(+ 7'+ 1" —E7)’,
where 7" and 7" are independent RVs with the same distribution as 7. This implies

y=p(l— IE'r)2 +(A-pE[l+Er+ (7 +7"— ZIET)]2
=p(1—E7)?+ (1 —p)[Var (7' +7")+ (1 +E7)?],

since E(7" + 7”) =2E7. Finally, observe that Var (7' + 7”) =2Var(7) to get

o (1) o (i) J e s )

(ii) Observe that z=IP (7 < o) is the minimal solution of the equation z=p+ (1 — p)z>.
The equation for x =TE[e%I(7 < 00)] takes the same form as in (i):

x=pe '+ (1 —pleix’

However, the form of the solution is different:

__ 1 _ 1 _ p
Flrtr=eol= {zu—p) [1 W_zq)z“ T=n(i-2p)

as the square root is written differently.
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(iii) Differentiating E[e "I (7 < 00)] twice with respect to 8 we get that Var [7I(7 <
o0)] equals

1
— [0 -2p)°=2(1-2p)*+1
Syl 2 =20 =2 1]
_[ P T: p(1—4p* +4p°)
(I1-p)(1-2p) (1-p)*(1-2p)°
1.6 Chebyshev’s and Markov’s inequalities. Jensen’s inequality.

The Law of Large Numbers and the De Moivre-Laplace Theorem

Probabilists do it with large numbers.
(From the series ‘How they do it’.)

Chebyshev’s inequality is perhaps the most famous in the whole probability theory
(and probably the most famous achievement of the prominent Russian mathematician
P.L. Chebyshev (1821-1894)). It states that if X is a random variable with finite expec-
tation and variance then Ve > 0:

1
P(|X ~EX|>€) < S VarX. (1.60)

Chebyshev’s inequality gave rise to a number of generalisations. One is Markov’s inequal-
ity (after Chebyshev’s pupil A.A. Markov (1856-1922), another prominent Russian mathe-
matician). Markov’s inequality is that for any non-negative RV Y with a finite expectation,
Ve > 0:

1
P(Y > €) < -EY. (1.61)
€

Chebyshev’s inequality is obtained from Markov’s by setting ¥ =|X — EX|? and observing
that the events {|X — EX| > €} and {|X — EX|?> > €*} are the same.

The names of Chebyshev and Markov are associated with the rise of the Russian
(more precisely, St Petersburg) school of probability theory. Neither of them could be
described as having an ordinary personality. Chebyshev had wide interests in various
branches of contemporary science (and also in the political, economical and social life of
the period). This included the study of ballistics in response to demands by his brother
who was a distinguished artillery general in the Russian Imperial Army. Markov was a
well-known liberal opposed to the tsarist regime: in 1913, when Russia celebrated the
300th anniversary of the Imperial House of Romanov, he and some of his colleagues
defiantly organised a celebration of the 200th anniversary of the Law of Large Numbers
(LLN). See below.

We will now prove Markov’s inequality. This is quite straightforward: if the values
are x;, X,,... and taken with probabilities p,, p I then

IEX:ijpjz > x;p;>€ > pj=€P(X>e).
J

Jixj=e€ Jixjz€
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This can be made shorter using indicator /(X > €):
EX>E[XI(X>¢€)]>€eEI(X >€) =€eP(X >¢). (1.62)

Here we also see how the argument develops: first, the inequality X > XI(X > €) holds
because X > 0 (and of course 1> I(X >€)). This implies that EX > E[XI(X > €)].
Similarly, the inequality XI/(X > €) > el(X > €) implies that E [XI(X > €)] > Eel(X > €).
The latter is equal to €eEI(X > €) and finally, to eP(X > €).

It has to be noted that in Chebyshev’s and Markov’s inequalities € > 0 does not have
to be small or large: the inequality holds for any positive value.

In general, if g: R — R is a monotone non-decreasing function and X a real-valued
RV then, Vx € R with g(x) > 0 and a finite mean Eg(X)

P(X=x) =< %Eg(x); (1.63)

a popular case is where g(x) =e** with a > 0:
1
P(X >x) < —[Ee” (1.64)
e(l)(

(Chernoff’s inequality).

The domain of applications of these inequalities is huge (and not restricted to probability
theory); we will discuss one of them here: the LLN.

Another example of a powerful inequality used in more than one area of mathematics
is Jensen’s inequality. It is named after J.L. Jensen (1859-1925), a Danish analyst who
used it in his 1906 paper. Actually, the inequality was discovered in 1889 by O. Holder, a
German analyst, but for some reason is not named after him (maybe because there already
was a Holder inequality proved to be extremely important in analysis and differential
equations). Let X be an RV with values in an (open, half-open or closed) interval J C R
(possibly unbounded, i.e., coinciding with a half-line or the whole line), with a finite
expectation EX, and g: J — R a convex (concave) real-valued function such that the
expectation Eg(X) is finite. Jensen’s inequality asserts that

Eg(X) = g(EX) respectively, Eg(X) <g(EX). (1.65)

In other words, V x,,...,x, € (a,b) and probabilities p,, ..., p, (with p,...,p, >0
and p, +---+p,=1)

g <Z pjx_,-) <> p;g(x;) respectively, g <Z pjxj) > p;g(x;).  (1.66)
=1 =1 j=1 =1

Here we adopt the following definition: a function g on [a, b] is convex if Vx, y €[a, b]
and A € (0, 1),

g(Ax+ (1= A)y) < Ag(x) + (1 —A)g(y), (1.67)
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or, in other words, for a convex function g: J — R defined on an interval JCR V x,, x, €
J and p;, p, € [0,1] with p, +p, =1,

g(p1x; + paxy) < pig(x)) + prg(xy). (1.68)

See Figure 1.6.
To prove inequality (1.66), it is natural to use induction in n. For n =2 bound (1.66)
is merely bound (1.68). The induction step from 7n to n+ 1 is as follows. Write

i=1 i=1 L 7 Pnt1

n+1 n
Pi
g (Zp;xf) <Pu18& (X)) + (1 —puy1) g (Z 1xi)

and use the induction hypothesis for probabilities p;/(1 — p,,), | <i<n. This yields the
bound

i=1 L= Pns1

. Di
pn+1g('xn+l) + (1 - pn-H)g (Z 1xi>

n n+1
= Pur18(Xupr) + Zpig(xi) = Zp[g(xi)'
i=1 i=1
If X takes infinitely many values, then a further analytic argument is required which we
will not perform here. (One would need to use the fact that a convex/concave function g
is always continuous in interval J, where it has been defined; g may be not differentiable,
but only at an at most countable set of points x € J, and at each point x € J, where g is

<
twice-differentiable, —g” (x) = 0.)

Jensen’s inequality can be_strengthened, by characterising the cases of equality. Call a
convex (concave) function g strictly convex (concave) if equality in (1.66) is achieved iff
either x; =---=x, or all p; except for one are equal to zero (and the remaining to one).
For such function g, equality in (1.65) is achieved iff RV X is constant.

An immediate corollary of Jensen’s inequality, with g(x) =x*, x € [0, 00), is that
Vis>1:(EX)"<EX®,V RV X >0 with finite expected value EX®. For 0 < s < 1, the

y=9(x)

Figure 1.6
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inequality is reversed: (EX)* > EX®. Another corollary, with g(x) =Inx, x € (0, ),

is that >;x;p; > []; x_,p-j for any positive x;, ..., x, and probabilities p,, ..., p,. For
p,=---=p,, this becomes the famous arithmetic—geometric mean inequality:
1
—(n ) = (e x) (1.69)
n

We now turn to the LLN. In its weak form the statement (and its proof) is simple.

Let Xy, ..., X, be IID RVs with the (finite) mean value EX; = and variance
Var X = o2 Set

Sn=Xl+”'+Xn'

Then, Ye > 0,
1
]P’(Sn—,u Ze)—>0 as n— oo. (1.70)
n
Verbally, the averaged sum S,/n of IID RVs X, ..., X, with mean EX; = pu

The proof uses Chebyshev’s inequality:

1
P(Sn_M
n

and Var X; = o? converges in probability to .
Z(Xi — )

l n
Ze):]P’( Ze)
nl:]
1
EZX—Var ZX

1 1
= ZVarX = no’=—

€n’ 7 €2n? ne?

which vanishes as n — oo.
It is instructive to observe that the proof goes through when we simply assume that
X,, X,,... are such that Var (3L, X;) = o(n?). For indicator IID RVs X; with

1, probability p

- (heads and tails in a biased coin-tossing)
0, probability 1 — p

and EX, = p, the LLN says that after a large number n trials, the proportion of heads will
be close to p, the probability of a head at a single toss.

The LLN for IID variables X; taking values 0 and 1 was known to seventeenth and
eighteenth century mathematicians, notably J. Bernoulli (1654—1705). He was a member
of the extraordinary Bernoulli family of mathematicians and natural scientists of Flemish
origin. Several generations of this family resided in Prussia, Russia, Switzerland and other
countries and dominated the scientific development on the European continent.

It turns out that the assumption that the variance o is finite is not necessary in the LLN.
There are also several forms of convergence which emerge in connection with the LLN;
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some of them will be discussed in forthcoming chapters. Here we only mention the strong
form of the LLN:

For IID RVs X,, X,,... with finite mean u:

S
P(lim "=p,> =1.
n—o n
The next step in studying the sum (1.69) is the Central limit Theorem (CLT). Consider
IID RVs X,, X,, ..., with finitc mean EX;=a and variance Var X; = o’ and a finite

higher moment E|X; — EX j|2+’S = p, for some fixed 6 > 0. The integral CLT asserts that
the following convergence holds: V x € R,

S, — 1
e (=)= [ az
The map
P:xeR— Wiz / e Py (1.72)

defines the so-called standard normal, or N(O, 1), cumulative distribution function ®(x),
an object of paramount importance in probability theory and statistics. It is also called a
Gaussian distribution function, named after K.-F. Gauss (1777-1855), the famous German
mathematician, astronomer and physicist, who made a profound impact on a number of
areas of mathematics. He identified the distribution while working on the theory of errors
in astronomical observations. Gaussian distribution fitted the pattern of errors much better
than ‘double-exponential” distribution previously used by Laplace.

The values of ®(x) (or ®(x) =1— ®(x)) have been calculated with a great accuracy
for a narrow mesh of values of x and constitute a major part of the probabilistic and
statistical tables. See Table 1.1.

This table specifies 1 — ®(x) for 0 < x <3 with step 0.05.

At the present stage it is useful to memorise four facts.

(i)

lim ®(x) =0, lim ®(x) = dy=1

1 f“
— e
V21 Vo0

(these are standard properties of a distribution function; see below).
(i) P(x)=1—P(—x) Yx e R, implying that

1

D(0) = PPdy=2

1 /0
— e
V21 /-0
(which means that the median of the standard Gaussian distribution is 0 (see
below)). This follows from the previous property and the fact that the integrand
e™"/2 is an even function.
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Table 1.1. Values of 1 — ®(x)

X +0.00  +0.05 X +0.00  +0.05

0.0 0.5000 0.4801 1.5 0.0668 0.0606
0.1 04602 0.4404 1.6 0.0548 0.0495
0.2 04207 04013 1.7 0.0446 0.0401
0.3 03821 03632 1.8 0.0359 0.0322
04 03446 0.3264 1.9 0.0288 0.0256
0.5 0308 0.2912 2.0 0.0228 0.0202
0.6 02743 02578 2.1 0.0179 0.0158
0.7 02420 0.2266 2.2 0.0129 0.0122
0.8 02119 0.1977 2.3 0.0107 0.0094
0.9 0.1841 0.1711 2.4 0.0082 0.0071
1.0 0.1587 0.1469 2.5 0.0062 0.0054
1.1 0.1357 0.1251 2.6 0.0047 0.0040
1.2 0.1151 0.1056 2.7 0.0035 0.0030
1.3 0.0968 0.0885 2.8 0.0026 0.0022
1.4 0.0808 0.0735 2.9 0.0019 0.0016

(iii)

o [ yeay=0
27 /-0

(which means that the mean value of the standard Gaussian distribution is 0).
This follows from the above observation as ye‘yz/ 2 is an odd function.

(iv)

1 * 2
ye Ady=1
«/277/700

(which means that the variance of the standard Gaussian distribution is 1). This
again can be deduced by integration by parts; again see below.

(v)  Function x — ®(x) is strictly increasing with x and continuous in x. Hence, the
inverse function ®~! is correctly defined, taking y € (0, 1) to x € R such that
®(x) =y. The inverse function plays an important role in statistics.

The proof of the claim, in (i), that (o) =1, i.e.

/w e Pdx =27

—o0

is quite elegant. For brevity, write fR for the integral f:o over the whole line R. If
[oe™"?dx =G, then

G2:/ e"‘z/zdx/ efyz/zdy:/ e~ (P2 qydx
R R R?
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which in polar co-ordinates equals
) N 27 oo N %)
/ re " /? / dodr = 27T/ re " ?dr = 277/ e "du=2.
0 0 0 0
Hence, G = /2. Furthermore, in (iv):
/ Ve Py = (‘ye_yz/z)‘ +[ e Pdy=2m.
R —o© R

There also exists a local CLT that deals with a detailed analysis of probabilities

S —na
P2 = =P(S =
( — xn) (S, = na+ x,0/7)

for a suitable range of values x, € R. The aim here is to produce asymptotical expressions
for these probabilities of the form e /2 / V2mno which takes into account only the mean
value a and the variance 0.

The modern method of proving the CLT is based on the fact that the convergence
in (1.71) is equivalent to the convergence of the characteristic functions ¥(s, _..)/(o./m) (2)
to the characteristic function of the Gaussian distribution. The basics of this method will
be discussed later.

In the rest of this section we will focus on the CLT for the above example of coin-
tossing where

1, probability p .
X, = B , independently.
0, probability 1 — p

Again, for this example, the CLT goes back to the eighteenth century and is often called
De Moivre-Laplace Theorem (DMLT), after two French mathematicians. One of them,
A. De Moivre (1667-1754), fled to England after the Revocation of the Edict of Nantes,
and had a notable career in teaching and research. The other, P.-S. Laplace (1749-1827),
made significant contributions in several areas of mathematics. He also served (briefly
and not very successfully) as the Interior Minister under Napoleon (Laplace examined
the young Napoleon in mathematics in the French Royal Artillery Corps and gave the
promising officer the highest mark). Despite his association with Napoleon, Laplace was
the first to vote to oust Napoleon from power in 1814 in the French Senate; the returning
Bourbons promoted him from the title of Count to Marquis.

An initial form of the theorem was produced by De Moivre in 1733. He was also the
first to identify the normal distribution (which was named after Gauss almost a hundred
years later).

Informally, DMLT asserts that if X;, X,, ... is an IID sequence, with P(X;=1) =
p, P(X;=0)=1-p and hence EX; =p, Var X; = p(1 — p), then the RV (S, —
np)/+/np(1 — p) has, approximately, the standard N(O, 1) distribution. At the formal
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level, one again distinguishes a local and an integral DMLT. For a given positive integer
m <n, write

Sn —np
Vnp(l—p)

The formal statement of the local DMLT is:

m—np

P(S=m)=P - 7
( ) ( Vvnp(l—p)

:zn(m)) , where z,(m)=

As n, m — oo, the ratio

P(S,=m) __ exp [—lz,,(m)z] -1 (1.73)
v2mnp(1 —p) 2

as long as m — np = o(n*?). More precisely, (1.73) holds uniformly in n, m for
which the expression (m — np)n~%> is confined to a bounded interval and tends
to 0.

Recall, P(S, = m) is the probability that an event of probability p occurs m times in n
independent trials.
As before, the integral DMLT deals with cumulative probabilities and states that
VxeR:

. S, —np 1 x 2
ImP| ——— <x])=—= [ e/dy. (1.74)
nee (\/”P(l—P) ) vam /*w

Equivalently, V — oo <a < b < co:

lim P (a el b) L /he*xz/zdx. (1.75)
e Vnp(1—p) V2w e
Although the integral DMLT looks more amenable, its proof is longer than that of
the local DMLT (and uses it as a part). None of these theorems is formally proved in
Cambridge IA Probability, although they are widely employed in subsequent courses
(particularly, IB Statistics). The proof below is given here for completeness. It is not used
in the problems from this volume but gives a useful insight into how the normal distribution
arises as an asymptotical distribution for (properly normalised) sums of independent RVs.
The local DMLT can be proved by a direct argument. The main step is the fact that
for any sequence of positive integers {m,} such that m, <n and m,, n —m, — oo,

p(s,=m) [ {[2m" (1= )] Fesp [ ("2 0)) o1 a76)

Here,

h(ﬂ,p):ﬂlnﬂJrn_m”ln i (1.77)
n n np n n(l—p)

which is a particular case of a more general definition: for p* € (0, 1):

h(p*,p)=p ln;+(1—p )In ~

P (1.78)
=P
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Convergence (1.73) then follows for m, — np = o(n*?) as for p* close to p, the Taylor
expansion yields:

br =3 (5 1) 7= ol = ), (179
as

d
dp*

h(p*,p)‘p*_pz( h(p*,p)>* =0.

Remark Equation (1.76) (and the particular form —nh(p*, p) of the exponent, with
p*=m,/n and h(p*, p) given by formula (1.79), is important for the asymptotical analysis
of various probabilities related to sums of independent RVs. In particular, formulas (1.77)—
(1.79) play a significant role in information theory and the theory of large deviations.
Function h(p*, p) is called the relative entropy of the probability distribution {p*, 1 — p*}
with respect to probability distribution {p, 1 — p}.

The proof of equation (1.79) is straightforward and uses the Stirling formula:

n!~ «/2mnn"e™". (1.80)
Note that this formula admits a more precise form:
n!=+2mnn"e "t where ! <0(n) < L (1.81)
’ 12n+1 12n

However, for our purposes formula (1.80) is enough.
Omitting subscript » in m,,, the probability P(S, =m) equals

n n 172 n"
<m>p’"(1 —p)"'”%[ } p(l—p)"

2mm(n — m) m™(n — m)"—"

e (-2)] "

m
xexp[—mln ——(n—m)ln
n

n—

nm—l—mlnp—l—(n—m)ln(l—p)].

But the RHS of the last equation coincides with the denominator in formula (1.76).
To derive the integral DMLT, we take the sum

> P(S,=m)l (a<z,(m)<b)

and interpret it as the area between the x-axis and the piece-wise horizontal line repre-
senting the graph of the function

I,: xe Ri> /np(l — p)P(S,=m), for z,(m)<x<z,(m+1),
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on the interval z,(m) <x <z,(m) where m and m are uniquely determined from the
condition that

a<z,(m)<a+ b<z,(m)<b+

1 1
Vnp(I=p)’ Vnp(I=p)

Of course, this area equals the integral

2, ()
/ IT, (x)dx.
2, (m)

There are two things here that make the calculation tricky. First, the integrand II,,
and, second, the limits of integration z,(m) and z,(m) vary with n. To start with, one
considers first the case where @ and b are both finite reals. Then, because z,(m) — a and
z,(m) — b, the above integral differs from

/ab IT,(x)dx

negligibly. Next, in the interval (a, b) we can use the local DMLT which asserts that

1 2
I, (x) > ——e " /%
@)~ —=

With a bit of analytical work one deduces from this that

/bn()d —>/b L vng
L (x)dx — X.
a a 2w

To finish the proof, we must cover the case where a and/or b are infinite. This is done
by exploiting the fact that the convergence in the local DMLT is uniform when z,(m,,)
is confined to a finite interval, and the limiting function x — e/ / /27 is monotone
decreasing with |x| and integrable. The details are omitted.

One important aspect of the CLT is that it provides a (fairly accurate) normal approx-
imation to other distributions.

Problem 1.56 A cubic die is thrown n times, and Y, is the total number of spots
shown. Show that EY, =7n / 2 and Var Y, =35n / 12. State Chebyshev’s inequality and
find an n such that

Y,
Pl|——3.5
Solution Let Y, =) X, where X; is the number of spots on the ith throw.

n
RVs X;,..., X, are independent and identically distributed, with P(X, =r) = é, r=
1,2,...,6. Hence,

>0.1> <0.1.

3 11 n 35n
EX,=—, Var (X;,)=—, EY,=—, Var(¥,) = —.
2 6 2 12
Chebyshev’s inequality is P (|X —EX|>¢€) < (l/ez)VarX and is valid V RV X with
a finite mean and variance.
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By Chebyshev’s inequality, and independence,

>O.1) =P(Y,—EY,|>0.1n)

Y
P ( 35
n
VarY, 35n/12 1750
~ n20.12° 0.01n2 ~ 6n

We want 1750/(6n) <0.1, so n>2920. O

Problem 1.57 A coin shows heads with probability p > 0 and tails with probability
g=1—p. Let X, be the number of tosses needed to obtain n heads. Find the PGF for X,
and compute its mean and variance. What is the mean and variance of X,,?

Now suppose that p=1 / 2. What bound does Chebyshev’s inequality give for P(X,y, >
400)?

Solution We have P(X; =k)=pq"~', and so PGF ¢y, (s) = ps/(1 — gs). Then ¢y (s)=
p/(1—gs)?, and so

, 1 q
EX, = ¢ (1)=—, Var (X,) = —.
p p

We conclude that EX, = n/p, Var X = nq/p>. Now set p=gq=1/2, EX,y = 200,
Var (X,,,) =200, and write

200 1

2002 200°

P (X4, > 400) < P(] X, — 200| > 200) <
Remark X, ~NegBin (n, q).

Problem 1.58 In this problem, and in a number of problems below, we use the term
‘sample’ as a substitute for ‘outcome’. This terminology is particularly useful in statistics;
see Chapters 3 and 4.

(i) How large a random sample should be taken from a distribution in order for the
probability to be at least 0.99 that the sample mean will be within two standard deviations
of the mean of the distribution? Use Chebyshev’s inequality to determine a sample size
that will be sufficient, whatever the distribution.

(i1) How large a random sample should be taken from a normal distribution in order
for the probability to be at least 0.99 that the sample mean will be within one standard
deviation of the mean of the distribution?

Hint: $(2.58) =0.995

Solution (i) The sample mean X has mean w and variance o /n. Hence, by Chebyshev’s
inequality

2 1

— o
P(X —u|>20)< ——=—.
( Hlz20) = n(2o)* 4n
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Thus n =25 is sufficient. If more is known about the distribution of X;, then a smaller
sample size may suffice: the case of normally distributed X, is considered in (ii).
(i) If X;~ N(u, 0?), then X — u ~N(0, 0>/n), and probability P(|X — u|> o) equals

(5o 2o () rees

where Z ~ N(0, 1). But P(|Z] > 2.58) = 0.99, and so we require that n'/? >2.58, i..
n>7. As we see, knowledge that the distribution is normal allows a much smaller sample
size, even to meet a tighter condition. [

Problem 1.59 What does it mean to say that a function g: (0, o0) — R is convex? If
f:(0,00) — R is such that —f is convex, show that

/nn+1 e s f(n) +§(n +1) ’

and deduce that
N 1 1
| F0)dx = 270 S @) - SN = 1)+ 5 SN,
for all integers N > 2. By choosing an appropriate f, show that
NNH1/2=(N=1) > N!

for all integers N > 2.

Solution g: (0, 00) — R is convex if ¥V x, y € (0, 00) and p € (0, 1): g(px+ (1 —p)y)
< pg(x)+ (1 — p)g(y). When g is twice differentiable, the convexity follows from the
bound g'(x) >0, x> 0.

If —f is convex, then

—f(pn+ (1= p)n+ 1)) < —pf(n) — (1 = p)f(n+1).
That is for x=pn+ (1 —p)(n+1)=n+1—p

£ = pf(n) + (1= p) f(n+ 1),
implying that

[ fasz [ o)+ (= p)sin+ Dlax
As dx=—dp=d(1 —p),

[ @z [ 1= p)sin)+ pfn+ Dldp=2 50 + 5 7+ 1),

Finally, summing these inequalities from n=1 to n =N — 1 gives the first inequality.
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Now choose f(x)=In x: here, f”(x)=1/x, f'(x)=—1/x* Hence, —f is convex. By
the above:

N
/ Inxdx>1In2+--+In(N—1)+In (N3,
1
i.e.

1lnN—}—_/Nln)cdx—llnN—l—()clnx—x)|N
2 | 2 1
1
:(N+2>ln N—(N=1)=In(N)
which is the same as N! < NN+1/2e-(N-1) O

Problem 1.60 A random sample is taken in order to find the proportion of Labour
voters in a population. Find a sample size that the probability of a sample error less than
0.04 will be 0.99 or greater.

Solution 0.04/n >2.58./pg where pg < 1/4. So, n~1040. O

Problem 1.61 State and prove Chebyshev’s inequality.
Show that if X, X,, ... are independent identically distributed RVs with finite mean
u and variance o, then
> e) —0

IP) (
as n— oo for all € > 0.

Suppose that Y;, Y,, ... are independent identically distributed random variables such
that P(Y; =4") =2"" for all integers r > 1. Show that

nilZXl-—/.L

i=1

P(at least one of Y, Y,, ..., Y. takes value 4") — | —e™"

as n — oo, and deduce that, whatever the value of K,

o
P (2—"21/,.>K> 4 0.

i=1
Solution Chebychev’s inequality:
1
P(X —EX|>b)<—=VarX, Vb>0,
b2
follows from the argument below.
VarX=E (X —EX)’>E ((X _EX)I ((X ~EX)> b2>)
> PRI ((x _EX) > bz)

=P (X -~ EX) 2 6°) = 0P (IX —EX| 2 D).
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We apply it to n=' 37| X, obtaining

P (n_l > e) < #Var (Xn:(X[ —/.L))

(X - )

s—nVar (X;) —>0
n2e

as n— oo. For RVs Y}, Y,, ... specified in the question:

q,:=P(at least one of Y, Y,, . .., Y, takes value 4")

on

= 1 [P, #4) = 1 — [B(Y, £4")]"

i=1
=1—(1-P(Y,=4"))"
=1-(1-2"">1-¢".

Thus, if 2" > K,

i=1

o
P(Z”ZZ>K>an—>1—e1>O.

We see that if the Y; have no finite mean, the averaged sum does not exhibit convergence
to a finite value. [

Problem 1.62 (i) Suppose that X and Y are discrete random variables taking finitely
many values. Show that E(X +Y)=EX+ EY.

(ii) On a dry road I cycle at 20 mph; when the road is wet at 10 mph. The distance
from home to the lecture building is three miles, and the 9.00 am lecture course is 24
lectures. The probability that on a given morning the road is dry is 1/2, but there is no
reason to believe that dry and wet mornings follow independently. Find the expected time
to cycle to a single lecture and the expected time for the whole course.

A student friend (not a mathematician) proposes a straightforward answer:

3x24

average cycling time for the whole course = -—————— =4h48 min.
5104520

Explain why his answer gives a shorter time.

Solution (i) For RVs X, Y, with finitely many values x and y,

EX+Y)=) (x+y)P(X=x,Y=Yy)

X,y

=Y XY PX=x,Y=yp)+Y y) P(X=x,Y=y).
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The internal sums 37 P(X=x, Y =y) and }_, P(X =x, Y =) equal, respectively, P(X =
x) and P(Y =y). Thus,

E(X+Y)=) xP(X=x)+)> yP(Y=y)=EX+EY.

(ii) If T is the expected time to a single lecture, then

1 1 1 1 1
E(time to lectures) =3E =3[z Xx—4+=- %X —=]=13.5min.
( ) (speed) (2 10 2 20)
The total time =24 x 13.5 =135 h 24 min; the assumption of independence is not needed,
as E) ", T;=>,ET, holds in any case. The ‘straightforward’ answer gives a shorter time:

3x24 1 3x24 1 3x24
X .

(1/2)x 10+ (1/2)x20 27710 2720

However, the average speed # (1/2) x 10+ (1/2) x 20 =15. This is a particular case of
Jensen’s inequality with a strictly convex function

3x24
g(x)zix , x€(0,00). O
x

Problem 1.63 What is a convex function? State and prove Jensen’s inequality for a
convex function of an RV which takes finitely many values.
Deduce that, if X is a non-negative random variable taking finitely many values, then

E[X] < (E[X*])"? < (E[X'])/* <

Solution (The second part only) Consider g(x) =x""'/", a (strictly) convex function on
J =[0, 00). By Jensen’s inequality:

(EX)n+l/rl < IEX”Jrl/n.
Finally, let Y" = X to obtain

(Eyn)l/nE (EY'H'I)I/VH'I. O

Problem 1.64 (i) If X is a bounded random variable show that
P(X > A) <e *E(e*).
(ii) By looking at power series expansions, or otherwise, check that
coshr<e’?.

If Y is a random variable with P(Y =a) =P(Y = —a) = 1/2 show that

]E(eoy) < ea202/2.
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IfY,, Y,,..., Y, are independent random variables with P(Y, =a,) =P(Y, =—a,)=1/2
and Z=Y,+Y,+---+7Y,, show, explaining your reasoning carefully, that

E(eﬁz) < eAZGZ/Z,

where A? is to be given explicitly in terms of the a.
By using (i), or otherwise, show that, if A >0,

IP’(Z > )\) < e(A292—2A9)/2
for all 6> 0. Find the 6 that minimises e*’?~2A9/2 and show that
P(Z > \) <e /04,
Explain why
P(|Z| = A) <2e /AN,
(iii) If @, =a, =---=a, =1 in (ii), show that
P(Y,+ Y, +---+7Y,|>2nlne")"?) <2¢

whenever € > 0.

Solution (i) Chernoff’s inequality: P(X > A) <e*E [e*I(X > 1)] <e*Ee*.
(ii) We have
x > > (#2) &
h = de?= = .
cosh 1= 2. oy nd =2 T =25

n=0

Now, (2n)(2n—1)---(n+ 1) > 2" for n>2. So,
cosh £ <e'/? and E(e”) =cosh (6a) <e* />,

Similarly,

n n
E(eOY) — ]E(eOX]Jr.,A+0X”) — l_[ cosh (eak) < 1_[ eaiez/z — eA292/2,

k=1 k=1

with A2=3"}_, a?. This implies
P(Z > /\) < e’M’IE(e(’Z) < e(AZBZ—Z)\H)ﬂ

for all 6 > 0.
The function f = e ~240)/2 ychieves its minimum for § = A/A2. Thus,

P(Z> ) <e /4
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Now consider —Z=—(Y,+---+7Y,)=Y/+---+Y,, where Y/ =-Y,, k=1,...,n, has
the same distribution as Y,, k=1, ..., n; then

P(—Z > \) <e V724
Thus

P(|Z| > A) <2e 24
Ifa,=a,=---=a,=1, then A>=n, and

2nlne!
P(|Y, + Y, + -+ Y,|>2nlne")?) <2exp (_”2“6>=26. O
n

Problem 1.65 Let (X,) be a sequence of independent identically distributed random
variables with mean u and variance o. Show that

(X=X =3 (X, — w)’ —n(X —p),

where X =1 37| X,. Prove that, if E(X, — u)* < oo, then for every € >0

>e>—>()

> e/z> 0.

P (Iii(xk -X)*—o?

k=1

as n— oo,
Hint: By Chebyshev’s inequality

1 n
p (lzm—w-az
-

Problem 1.66 Letx,, x,,..., x, be positive real numbers. Then geometric mean (GM)
lies between the harmonic mean (HM) and arithmetic mean (AM):

-1 1/n
1 n 1 n 1 n
— — < X; <- X;.
The second inequality is the AM—GM inequality; establish the first inequality (called the
HM-GM inequality).

Solution An AM-GM inequality: induction in n. For n =2 the inequality is equivalent
to 4x,x, < (x; +x,)%

The inductive passage: AM—GM inequality is equivalent to

1 n n
=Y Inx;<In)_ x,.
e i=1
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Function In y is (strictly) concave on [0, co) (which means that In’ y < 0). Therefore, for
any a € [0, 1] and any y,;,y, >0

In(ay, + (1 —a)y,) > alny, + (1 —a)lny,.

Take a=1/n, y,=x;, y,=3}_,x;/(n—1) to obtain

n—1 1 &
< Zx) flnxl—i— " In (n_lgxl>

Finally, according to the induction hypothesis

| G | B
o i — ) Inx,.
n(n_lgx,)zn_lgnx,

To prove the HM-GM inequality, apply the AM—GM inequality to 1/x,,..., 1/x,:
L)
n i=1 Xi i=1 '
Hence,

(:,i;,.)‘s(ﬁ<;>“">‘=(ﬁxf>""- .

Problem 1.67 Let X be a positive random variable taking only finitely many values.

Show that
1 1
E—>—
X T EX
and that the inequality is strict unless P(X =EX) =1.

s

Solution Let X take values x,, x,,...,x, >0 with probabilities p;. Then this inequality
is equivalent to EX > [E1/X]!

-1
n n l
Zpixi = (Zpix> . (1.82)
i=1 i=1 i

We shall deduce inequality (1.82) from a bound which is a generalisation of the above
AM-GM inequality:

[Tx" <3 pix;. (1.83)
i=1 i=1

In fact, applying inequality (1.83) to the values 1/x; yields

—1
(zpﬂ) <[]
=1 i

i=

Then equation (1.82) follows, again by (1.83).
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To prove bound (1.83), assume that all x; are pair-wise distinct, and proceed by

induction in n. For n =1, bound (1.82) becomes an equality. Assume inequality (1.82)
holds for n — 1 and prove that

> pilnx;<In (Z p,-x,) .
i=1 i=1
We again use the strict concavity of In:
In [ay, + (1 - a)y,] = aln y, + (1 — @) In y,.

Take a=p,, y,=x,, y, =37, p;x;/(1 — p;) to obtain

In ZP:‘ ;=In (plxl +(1=py) ZP;%)

i=1 i=2
>pilnx; +(1-p)n <ZP;xi)
i=2

where pl=p,/(1 —p;), i=2,...,n. We can now use the induction hypothesis

In (Z p;xi) > pilnx
i—2 i—2

to get the required result. The equality holds iff either p;(1 — p,) =0 or x, =", pix;.
Scanning the situation for x,, ..., x,, we conclude that the equality occurs iff either

p;(1 = p;) =0 for some (and hence for all) i or x, =---=x,. According to our agreement,
this means that n =1, i.e.

P(X=EX)=1. O

Problem 1.68 Let b,,b,,...,b, be a rearrangement of the positive real numbers
a, a,,...,a,. Prove that
n al
b.

1

i=1

Hint: I—[f‘zl(ai/bi) =1.
Problem 1.69 Let X be an RV for which EX = u and E(X — u)* = 8,. Prove that
B
P(X —ul=1) =< 7:

Hint: Use Markov’s inequality for | X — u|*.
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Problem 1.70 What is a convex function? State and prove Jensen’s inequality for
convex functions. Use it to prove the arithmetic—geometric mean inequality which states
that if a,, a,, ..., a, >0, then
al+a2+...+an
n

1/n
> (ayay---a,) "
(You may assume that a function with positive second derivative is convex.)

Solution A function f : (a, b) - R is convex if Vx, x’ € (a, b) and p € (0, 1):

flpx+ (1= p)x) < pf(x) + (1 = p) f(x).

Jensen’s inequality for RVs with finitely many values x,, ..., x,, is that V f as above,
f (Z pixi> = Zpif(xi)
i=1 i=1
VXx,...,x,€(a,b)and py,...,p,€(0,1) with p;+---+p,=1.

For the proof, use induction in n. For n =1, the inequality is trivially true. (For n =2, it
is equivalent to the definition of a convex function.) Suppose it is true for some n. Then,
for n+1, let x;,...,x,.,€(a,b) and p;,...,p,,; €(0,1) with py+---+p,,, =1
Setting p;=p;/(1 — p,,), we have that p{,...,p, €(0,1) and p| +---+ p/, = 1. Then,
by the definition of convexity and induction hypothesis,

n+1 n
f (Z pixi) =f ((1 = Pus1) sz/‘xi +Pn+1xn+1>
i=1 i=1

< _Pn+|)f (ZP;xi) +Pn+1f(xn+1)

i=1

n+l1

<(1=pu1) Zpﬁf(xi) +Puiif (xn+l) = Zpif(xi)'

i=1 i=1
So, the inequality holds for n + 1. Hence, it is true for all n.

For f : (0, 00) — R with f(x)=—1In x: f'(x)=—1/x and f'(x)=1/x*> 0. So, f is
convex. By Jensen’s inequality, with p,=1/n, i=1,...,n:

f (’11 Zai) = %Z.f(ai)’

1/n
1 1 1
—In (Za,)f—zmai, i.e.In (Zal)zln(]—[ai) .
n n-; n i

ie.
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Problem 1.71 A box contains N plastic chips labelled by the numbers 1,..., N. An
experiment consists of drawing n of these chips from the box, where n < N. We assume
that each chip is equally likely to be selected and that the drawing is without replacement.
Let X, ..., X, be random variables, where X; is the number on the ith chip drawn from
the box, i=1,...,n.Set Y =X, + X, +---+ X,.

(i) Check that Var (X;)=(N+1)(N —1)/12.

Hint: N 2= N(N + 1)(N +2)/6.

(ii) Check that Cov (X;, X;) =—(N +1)/12, i # .

(iii) Using the formula

N
Var (Y)=) Var(X;)+ > Cov(X,. X)),
i=1 i#j
or otherwise, prove that

n(N+1)(N —n)

Var(Y) = B

Solution (i) Clearly, EX; = (N + 1)/2. Then

Nk (N+1)°
Var (X)) =) — — ()
o N 2

_INWN+1DQN+1)  (N+1)°
N 6 _( 2 )
_(N+D(N-1)
=0

(ii) As X; and X; cannot be equal to each other,

w2 () )

S G PGSy

k=1
1 X B N+1\> 1
N—1%5 2 N

The first sum equals zero, and the second equals — (Var X;) / (N —1). Hence, Cov
(Xi’ X,) = _(N + 1)/12-
(i)

(N+1)(N—1)

(N+1)  n(N+1)(N—n)
12 - ’

g
12 12

Var (Y)=n —n(n—1)
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1.7 Branching processes

Life is a school of probability.
W. Bagehot (1826-1877), British economist

Branching processes are a fine chapter of probability theory. Historically, the concept
of a branching process was conceived to calculate the survival probabilities of noble
families. The name of W.R. Hamilton (1805-1865), the famous Irish mathematician,
should be mentioned here, as well as F. Galton (1822-1911), the English scientist and
explorer, and H.W. Watson (1827-1903), the English mathematician. Since the 1940s
branching processes have been used extensively in natural sciences, in particular to
calculate products of nuclear fission (physics) and the size of populations (biology). Later
they found powerful applications in computer science (algorithms on logical trees) and
other disciplines.

The model giving rise to a branching process is simple and elegant. Initially, we have
an item (a particle or a biological organism) that produces a random number of ‘offspring’
each of which produces a random number of offspring and so on. This generates a ‘tree-
like’ structure where a descendant has a link to the parent and a number of links to its
own offspring. See Figure 1.7.

Each site of the emerging (random) tree has a path that joins it with the ultimate
ancestor (called the origin, or the root of the tree). The length of the path, which is equal
to the number of links in it, measures the number of generations behind the given site
(and the item it represents). Each site gives rise to a subtree that grows from it (for some
sites there may be no continuation, when the number of offspring is zero).

The main assumption is that the process carries on with maximum independence and
homogeneity: the number of offspring produced from a given parent is independent of the

Figure 1.7
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numbers related to other sites. More precisely, we consider RVs X, X,, X,, ..., where
X, gives the size of the population in the nth generation. That is

X,=1,

X, =the number of offspring after the 1st fission,
X, =the number of offspring after the 2nd fission,
etc.

RVs X, and X, are related by the following recursion:

X

X, =>r", (1.84)
i=1
where Yi(") is the number of descendants produced by the ith member of the nth generation.
RVs Y,-(") are supposed to be IID, and their common distribution determines the branching
process.
The first important exercise is to calculate the mean value EX,, i.e. the expected size
of the nth generation. By using the conditional expectation,

EX,=E[E(X,|X,_)] =Y P(X,_, = m)E (X, |X,_, = m)

= Z]P)(Xn—l = m)EZ Yi(n_l) — Z P(Xn—l — m)mIEYi(”_')

m i=1 m

=EY" " Y P(X,_,=m)m=EY" VEX,_,. (1.85)

n—1—
Value ]EYi(k) does not depend on k and i, and we denote it by EY for short. Then,
recurrently,

EX,=EY, EX,=(EY)% ..., EX,=(EY)",... (1.86)

We see that if EY < 1, EX,, — 0 with n, i.e. the process eventually dies out. This case is
often referred to as subcritical. On the contrary, if EY > 1 (a supercritical process), then
EX, — oo. The borderline case EY =1 is called critical.

Remark In formula (1.86) we did not use the independence assumption.

A convenient characteristic is the common PGF ¢(s) = Es' of RVs Yi(") (again it does
not depend on n and i). Here, an important fact is that if ¢, (s) = Es* is the PGF of the
size of the nth generation, then ¢, (s) = ¢(s) and, recursively,

Gui1(5) =0, (¢(s)), n=1 (1.87)
See Problems 1.72 and 1.80. In other words,
()= (P(... d(s)...))=co---0d(s) n times, (1.88)

where ¢o--- o ¢ stands for the iteration of the map s+ ¢(s). In particular, ¢, (s) =

¢ (¢.(5)).
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This construction leads to an interesting analysis of extinction probabilities
7, =P(X,=0)=¢,(0)=¢"(0). (1.89)

As m,, ;= ¢(,), intuitively we would expect the limit 7 = lim 7, to be a fixed point
of map s+ ¢(s), i.e. a solution to z = ¢(z). One such point ingo%as ¢(1) =1), but there
may be another solution lying between O and 1. An important fact here is that function
¢ is convex, and the value of ¢(0) is between 0 and 1. Then if ¢'(1) > 1, there will be
a root of equation z = ¢(z) in (0, 1). Otherwise, z =1 will be the smallest positive root.
See Figure 1.8.

In fact, it is not difficult to check that the limiting extinction probability g exists and
7 = the least non-negative solution to z = ¢(z). (1.90)

Indeed, if there exists z € (0, 1) with z=¢(z), then it is unique, and also 0 < ¢’(z) < 1 and
0<¢(0)=P(Y =0) <z (as ¢ is convex and ¢(1) =1). Then ¢(0) < Pp($(0)) <--- <z
because ¢ is monotone (and ¢(z) =z). The sequence ¢°"(0) must then have a limit
which, by continuity, coincides with z.

If the least non-negative fixed point is z =1, then the above analysis can be repeated
without changes, yielding that 7 = 1. We conclude that if P(Y =0) > 0, then 7> 0
(actually, 7> P(Y =0)). On the other hand, if ¢(0) =0 (i.e. P(Y =0) =0), then, trivially,
7r = 0. This establishes equation (1.90). We see that even in the supercritical case (with
¢'(1) > 1) the limiting extinction probability 7 can be arbitrarily close to 1.

A slight modification of the above construction arises when we initially have several
items (possibly a random number X).

Problem 1.72 1n a branching process every individual has probability p, of producing
exactly k offspring, k=0, 1, . . ., and the individuals of each generation produce offspring
independently of each other and of individuals in preceding generations. Let X, represent
the size of the nth generation. Assume that X, =1 and p, > 0 and let ¢, (s) be the PGF
of X,. Thus

¢b,(s) =Es" = Xn:pksk.

k=0

/ [ y= 0(2)

|
|
| /
!

z=l¢(z) 1 z

Figure 1.8
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(i) Prove that
b1 () =&, (¢, (5)).

(ii) Prove that for n < m

_ 4.056,.,(0)

E[s*|X,, =0] 5.0)

Solution (i) By definition,

¢n+l (S) = ESX"H = ZP(XV!+1 = k)sk’

k=0

where X, denotes the size of the nth generation. We write

Es*+ =Y p{"E(s"1|X, = ).
l

Here pl(") =PP(X, =), and the conditional expectation is

]E(SX"H |Xn — l) — ZP(XVH—I = klxn = l)sk.
k=1

Now observe that
E(s“|X, =) = (Es") = (¢,(s))’

because (a) under the condition that X, =1/,
I ~
Xn+1 = Z Xj
j=1

where 5( ; is the number of offspring produced by the jth individual of the nth generation,
(b) all the X are IID and E(s%|X, =) = Es* = ¢, (s). This relation yields

Es*t =3 pi" (6, (5) = b,(¢(5))-

(ii) Denote by Iém) the indicator I(X,, = 1). Then ]p(]ém) —1)= IEIém) —P(X, =0)=
&,,(0). Furthermore,

E[s%|X,, =0]=E(s1}")/¢,,(0).
Hence, it suffices to check that

E(s“1y") = §,(s$,,,(0)).
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Indeed,
E(s¥ 1) =Y s*P(X, =k, X,, =0)
k

=Y $"P(X, =k)P(X,, =0|X, =k).
k

Now, since P(X,, =0|X, =k) = ¢,,_,(0)*,
E(s°15") = §,(s¢,(0). O

Problem 1.73 A laboratory keeps a population of aphids. The probability of an aphid
passing a day uneventfully is ¢ < 1. Given that a day is not uneventful, there is a probability
r that the aphid will have one offspring, a probability s that it will have two offspring,
and a probability ¢ that it will die of exhaustion, where r + s + ¢t = 1. Offspring are ready
to reproduce the next day. The fates of different aphids are independent, as are the events
of different days. The laboratory starts out with one aphid.

Let X, be the number of aphids at the end of n days. Show how to obtain an expression
for the PGF ¢,(z) of X,,. What is the expected value of X,,?

Show that the probability of extinction does not depend on g and that if 2r +3s <1,
the aphids will certainly die out. Find the probability of extinction if r=1/5, s=2/5 and
t=2/5.

Solution Denote by ¢y (z) the PGF of X, i.e. the number of aphids generated, at the
end of a single day, by a single aphid (including the initial aphid). Then

by, (D) =0-q@t+qz+(1— Qr* + (1 —¢q)sz’, 2> 0.

Write EX, = (EX,)" with EX, = ¢} (1) =¢+2(1 — g)r +3(1 — g)s. Indeed, ¢y (z) =
¢x _, (dx, (z)) implies EX, =EX, |EX, or EX, = (EX,)". The probability of extinction
at the end of n days is ¢y (0). It is non-decreasing with n and tends to a limit as n — oo
giving the probability of (eventual) extinction 7. As we already know 7 < 1 iff EX, > 1.
The extinction probability 7 is the minimal positive root of

(1=@t+gz+(1—gr’ +(1 - g)sz’ =z
or, after division by (1 — ¢g) (since g < 1):
t—z4r +s2°=0.

The last equation does not depend on ¢, hence 7 also does not depend on g. Condition
EX, <1 is equivalent to 2r +3s < 1. In the case r=1/5,5s=2/5,t=2/5, the equation
takes the form 2z + z> — 5z +2 =0. Dividing by (z — 1) (as z=1 is a root) one gets
a quadratic equation 2z> + 3z — 2 =0, with roots z, = (—3 % 5) /4. The positive root is
1/2, and it gives the extinction probability. [
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Problem 1.74 Let ¢(s) =1— p(1 —s)?, where 0 < p <1 and 0 < 8 < 1. Prove that
¢(s) is a PGF and that its iterates are

b, (s)=1—p P (1 -9 n=12,...

Find the mean m of the associated distribution and the extinction probability 7 =
lim ¢, (0) for a branching process with offspring distribution determined by ¢.

n—oo

Solution The coefficients in Taylor’s expansion of ¢(s) are

_ &

a4 =—>
kT gst

) |mo=pBB—=1)---(B—k+1)(=1)*"'>0,
k:1,2,.-.,00=1—p’

and ¢(1) =>";.a,/k!=1. Thus, ¢(s) is the PGF for the probabilities p; = ak/k!.
The second iterate, ¢,(s) = ¢(¢p(s)) is of the form

$(b(s)=1-pl1 =) =1-ppP(1 -5
Assume inductively that ¢, (s) =1 — p'*B+ 8" (1 —5)8" k <n—1. Then

(;bn(s) =1- p[l — (r,sn—l(s)]ﬁ =1 —p I:p1+ﬁ+..4+lgn—2(1 _ S)B,,_I:Iﬁ

A () L

as required.
Finally, the mean value is ¢’(1) =lim,_,,_ ¢'(s) = 400 and the extinction probability,

m=1lim ¢, (0)=1-pY1=A 0O

Problem 1.75 At time 0, a blood culture starts with one red cell. At the end of 1 min,
the red cell dies and is replaced by one of the following combinations with probabilities
as indicated

1 2 1
two red cells: Z; one red, one white: g; two white cells: T

Each red cell lives for 1 min and gives birth to offspring in the same way as the parent
cell. Each white cell lives for 1 min and dies without reproducing. Assume that individual
cells behave independently.

(1) At time n+ % min after the culture began, what is the probability that no white cells
have yet appeared?

(i1) What is the probability that the entire culture dies out eventually?

Solution (i) The event

1
{by time n + 5 no white cells have yet appeared}
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implies that the total number of cells equals the total number of red cells and equals 2".
Then, denoting the probability of this event by p,, we find that

1 1 on
pozls p]ZZ’ and pn+l:pn Z ,Vlzl,
1

nN>" 71 22 1 20 12!
== - A=) =(- > 1.
P (4) (4) <4> (4) =

(ii) The extinction probability 7 obeys

whence

77—7772—{—%77—}-— or 7772—77T+L—0
4 3 12 4 3 12 7
whence
2 1
T=—1—.
33

We must take 7 = 1/3, the smaller root. [

Problem 1.76 Let {X,} be a branching process such that X, =1, EX, =u. If ¥, =
Xo+--+X,,andfor0<s<1

,(s) =Es",

prove that

P11 (5) =50(¥,,(5)).
where ¢(s) =Es*1. Deduce that, if Y =), X,,, then ¢(s) = Es" satisfies
P(s) =sd((s)),0=s=<1.

If w<1, prove that EY = (1 — u)~".

Solution Write Y,,, =1+Y'+---+ Y, where Y/ is the total number of offspring
produced by individual j from the first generation. Then the RVs Y/ are IID and have the
PGF ,(s). Hence

=1

U (5) = B =5 X, = ) [T, (9)
=5 X P(X, = )(,(9))) =5, (5).

The infinite series ¥ =3 ,., X, has the PGF s(s) =lim,_, 4, (s). Hence, it obeys

P(s) = s ((s))-
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By induction, EY, =1+ u+---+p". In fact, ¥, =1+ X, and EY, =1+ . Assume that
the formula holds for n <k — 1. Then

EY, = (1) = o1 (1) + ¢ (@ (D), (1)
=l+p(l4+p+-+u ) =T+p+p’++u,

which completes the induction. Therefore, EY = (1 —w)~!. O

Problem 1.77 Green’s disease turns your hair pink and your toenails blue but has
no other symptoms. A sufferer from Green’s disease has a probability p, of infecting n
further uninfected individuals (n =0, 1, 2, 3) but will not infect more than 3. (The standard
assumptions of elementary branching processes apply.) Write down an expression for e,
the expected number of individuals infected by a single sufferer.

Starting from the first principles, find the probability 7 that the disease will die out if,
initially, there is only one case.

Let e, and m, be the values of e and = when p,=2/5, p, =p, =0 and p; =3/5. Let
ey and g be the values of e and m when p,=p, =1/10, p, =4/5 and p; =0. Show that
e, >eg but my > mg.

Solution The expression for e is e= p, +2p, +3p;. Let X; be the number of individuals
in the jth generation of the disease and X, = 1. Assume that each sufferer dies once
passing the disease on to n <3 others. Call 7 the probability that the disease dies out:

m=y) P(X, =k)T* =py+ p, 7T+ p 7+ a7,
X

Direct calculation shows that e, =9/5, e; =17/10. Value 7, is identified as the smallest
positive root of the equation

3 3 2
0=p+ (p)— DT+ p,m + psym’ = (7 —1) (57T2+57T—5).

Hence

_ —3+4/33
e

7 ~0.46.

Similarly, 75 is the smallest positive root of the equation

O=(m—1) (:77—110),

and m;=1/8. So, e, >eg and w, > m;. O

Problem 1.78 Suppose that (X,, r > 0) is a branching process with X, =1 and that
the PGF for X, is ¢(s). Establish an iterative formula for the PGF ¢, (s) for X,. State a
result in terms of ¢(s) about the probability of eventual extinction.
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(i) Suppose the probability that an individual leaves k descendants in the next generation
is p, = 1/2L, for k > 0. Show from the result you state that extinction is certain. Prove
further that

_r—(r—l)s .
b=

and deduce the probability that the rth generation is empty.
(ii) Suppose that every individual leaves at most three descendants in the next genera-
tion, and that the probability of leaving k descendants in the next generation is

~(3)2 k=0,1,2,3
pk_k23’_a33~

What is the probability of extinction?

s

Solution (i) Let Y/ be the number of offspring of individual i in generation n. Then
Xy =¥+ Y
and

() = B[B(™1X,)] = 3 F(X, =RE(T+ )

k=0
=Y P(X,=EG") =Y P(X, =k)d(5)" = ¢,(d(s)),
k=0 k=0
and so ¢, ,(s) = ¢,(¢(s)). The probability of extinction is the least s € (0, 1] such that
s = ¢(s). Further,
1 1 1
PO=g st =y

Solving s =1/(2 — s) yields (s —1)>=0, i.e. s= 1. Hence the extinction is certain.
The formula for ¢, (s) is established by induction:

r—(r—1)/2-ys) (r+1)—rs
¢r+l (S) = = .
r+1—r/(2—y5) (r+2)—(r+1)s
Hence, the probability that the rth generation is empty is
r
0)= .
6.0 = —

(i) ¢(s) = 35 (1 +5)* whence solving 2%s = (1+s)* or (s — 1)(s* +4s— 1) =0 we get
solutions s=1, s = +/5— 2, and the extinction probability is V5-2~024. O

Problem 1.79 Consider a Galton—Watson process (i.e. the branching process where the
number of offspring is random and independent for each division), with P(X, =0)=2/5
and P(X, =2) =3/5. Compute the distribution of the random variable X,. For generation
3 find all probabilities P(X; = 2k), k=0, 1,2, 3, 4. Find the extinction probability for
this model.
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Solution The extinction probability 7=2/3 and the PGF for X,

2 1236, (3\ .,
Pu() =3+ 155t 125° +<5> s

The PGF ¢y (s) = ¢y, (2/5 + 35°/5). Then

12 36 3\?
P(X,=0)==>+—,P(X,=2)= —, P(X,=4)=( 2 ) ;
*,=0) 125° FXe=2)=135- P(a=4) <5>

2
5

P(X _0)_§+£+ﬁ 2 2+ 3 (2 4—054761-

3T T 5125 T 125\ 5 5 5) ’

24 %33 25x3*

4x3* 42x3 8x3 _
PXs=4) = ——+ 5+ =0.17833;

36 % 23
P(X,=6) = % —0.07465;

3 7
IP’(X3=8):(5> =0.02799. O

Problem 1.80 By developing the theory of extinction probabilities, or otherwise, solve
the following problem.

No-one in their right mind would wish to be a guest at the Virtual Reality Hotel.
The rooms are numbered 0 to (3" — 3)/2, where N is a very large integer. If 0 <i <
(3¥!'—3)/2 and j=1,2,3 there is a door between Room i and Room 3i + j through
which (if it is unlocked) guests may pass in both directions. In addition, any room with
a number higher than (3¥~! — 3)/2 has an open window through which guests can (and
should) escape into the street. So far as the guests are concerned, there are no other doors
or windows. Figure 1.9 shows part of the floor plan of the hotel.

Figure 1.9
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Each door in the hotel is locked with probability 1/3 independently of the others. An
arriving guest is placed in Room 0 and can then wander freely (insofar as the locked
doors allow). Show that the guest’s chance of escape is about (9 — +/27)/4.

Solution Denote by X, the number of rooms available at level r from 0. Writing

¢, (t) =Et*r, with ¢, = ¢:

¢, (1) =B =3 P(X, =0)E (X, =i)
=Y P(X,=i) (E5)'
= ZP(Xr =) (1)) =, (4(1)).

Then &, (1) = d(d(. .. ¢(1). . .)) = ¢ (¢,(1)), and

P (can’t reach level r) = ¢ ($,(0)) .

Now PGF ¢(t) equals

] 3+32 : 2t+3 2 2]r2+ 2 3t3—](1+6t+12r2+8t3)
3 3\3 3) 3 3 27 ’

Hence, the equation ¢(f) =t becomes
27t=1+61+ 121>+ 8, ie. 1 =211 + 12 + 81 =0.
By factorising 1 —21¢+ 12¢2 4+ 81> = (¢t — 1)(8¢> +20¢ — 1), we find that the roots are

—5+v27

t=1,
4

The root between 0 and 1 is (v27 —5) / 4. The sequence ¢,(0) is monotone increasing
and bounded above. Hence, it converges as N — oo:

V27 -5
PP(no escape) — R
Then
V27T-5 9—-v27
P(escape) —-1- ) = 1 ~0.950962. 0O

Problem 1.81 (i) A mature individual produces offspring according to the PGF ¢(s).
Suppose we start with a population of k immature individuals, each of which grows to
maturity with probability p and then reproduces, independently of the other individuals.
Find the PGF of the number of (immature) individuals in the next generation.
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(ii) Find the PGF of the number of mature individuals in the next generation, given
that there are k mature individuals in the parent generation.

Hint: (i) Let R be the number of immature descendants of an immature individual.
If X is the number of immature individuals in generation n, then, given that X =k,

x (D) =R, +---+R,,
where R; ~ R, independently. The conditional PGF is

E (s*" V) X® = k) = (g[p(s)])",

where g(x)=1—p+ px.
(i) Let U be the number of mature descendants of a mature individual, and Z™ be the
number of mature individuals in generation n. Then, as before, conditional on ARESY'S

Z0+1) U+---+U,
where U; ~ U, independently. The conditional PGF is

E (s“"0|Z2" =k) = ($[g(s)])" .

Problem 1.82 Show that the distributions in parts (i) and (ii) of Problem 1.81 have
the same mean, but not necessarily the same variance.

Hint:
d2

E

" n " dz n n "
@ (S'X " |X( ) = 1) =pd) (1)5 @E (SZ( +1)|Z( ) = 1) =p2¢ (1)
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2.1 Uniform distribution. Probability density functions.
Random variables. Independence

Probabilists do it continuously but discreetly.
(From the series ‘How they do it’.)

Bye, Bi, Variate
(From the series ‘Movies that never made it to the Big Screen’.)

After developing a background in probabilistic models with discrete outcomes we can
now progress further and do exercises where uncountably many outcomes are explicitly
involved. Here, the events are associated with subsets of a continuous space (a real line R,
an interval (a, b), a plane R?, a square, etc.). The simplest case is where the outcome
space () is represented by a ‘nice’ bounded set and the probability distribution corresponds
to a unit mass uniformly spread over it. Then an event (i.e. a subset) A C ) acquires the
probability

v(A)

P(A) = o)’ (2.1)

where v(A) is the standard Euclidean volume (or area or length) of A and v(Q) that of Q).
The term ‘uniformly spread’ is the key here; an example below shows that one has to
be careful about what exactly it means in the given context.

Example 2.1 This is known as Bertrand’s paradox. A chord has been chosen at random
in a circle of radius . What is the probability that it is longer than the side of the equilateral
triangle inscribed in the circle? The answer is different in the following three cases:

(i)  the middle point of the chord is distributed uniformly inside the circle;

(i) one endpoint is fixed and the second is uniformly distributed over the circum-
ference;

(iii) the distance between the middle point of the chord and the centre of the circle
is uniformly distributed over the interval [0, r].

108
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In fact, in case (i), the middle point of the chord must lie inside the circle inscribed in
the triangle. Hence,
area of the inscribed circle ~ wr?/4 1

(chord longer) area of the original circle mwr? 4

In case (ii), the second endpoint must then lie on the opposite third of the circumfer-
ence. Hence,

1
P(chord longer) = 3

Finally, in case (iii), the middle point of the chord must be at distance < r/2 from the
centre. Hence,

1
P(chord longer) = X |

A useful observation is that we can think in terms of a uniform probability density
function assigning to a point x € ) the value

o' () = —=Io (%), (22)

( )

with the probability of event A C () calculated as the integral
P(A) = / £ (x)dx = / dx 2.3)
(Q)

giving of course the same answer as formula (2.1). Because f&" >0 and [, f"(x)dx=1,
the probability of event A C () is always between 0 and 1. Note that the mass assigned to
a single outcome w represented by a point of () is zero. Hence the mass assigned to any
finite or countable set of outcomes is zero (as it is the sum of the masses assigned to each
outcome); to get a positive mass (and thus a positive probability), an event A must be
uncountable.

Problem 2.1 Alice and Bob agree to meet in the Copper Kettle after their Saturday
lectures. They arrive at times that are independent and uniformly distributed between
12:00 and 13:00. Each is prepared to wait s minutes before leaving. Find a minimal s
such that the probability that they meet is at least 1/2.

Solution The set Q is the unit square § with co-ordinates 0 < x, y < 1 (measuring the
time in fractions of an hour between 12:00 and 13:00). Each w = (x,y) € Q specifies
Alice’s arrival time x and Bob’s y. Then the event: ‘they arrive within s minutes of each
other’ is a strip around the diagonal x =y:

A={eyes: =}
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1-5/60

1-5/60

s/60

s/60
Figure 2.1

Its complement is formed by two triangles, of area (1/2) (1 —s/60)* each. So, the area
v(A) is

and we want it to be > 1/2. See Figure 2.1.
This gives s > 60(1 — +/2/2) ~ 18 minutes. [J

Problem 2.2 A stick is broken into two at random; then the longer half is broken
again into two pieces at random. What is the probability that the three pieces will make
a triangle?

Solution Let the stick length be £. If x is the place of the first break, then 0 < x < ¢
and x is uniform on (0, £). If x > £/2, then the second break point y is uniformly chosen
on the interval (0, x). See Figure 2.2. Otherwise y is uniformly chosen on (x, £).

Thus

Q={(x,y):0=<x,y<¥; y<x forx>¢/2 and x <y < ¢ for x <¢/2},

and the area v(Q)) =3¢2/4. See Figure 2.3.
To make a triangle (x, y) must lie in A, where

] Y4 . [ ] V4 | | L

A = {max >—,min[x,y]< =, [x—y|< =1},
X,y 7 X,y 7 xX—y 7
which yields the area ¢2/4. The answer then is 1/3.

0 y X I

Figure 2.2
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0 1

Tt
)

Figure 2.3

It is also possible to reduce () to a ‘half’ of the above set just assuming that x is always
the length of the longer stick:

Q={(x,y): £/2<x<t; y<x};

the probability will still be 1/3. O

Problem 2.3 A stick is broken in two places chosen beforehand, completely at random
along its length. What is the probability that the three pieces will make a triangle?

Answer: 1/4. The loss in probability occurs as we include into the outcomes the
possibility that a shorter stick is broken again while in the previous example it was
excluded.

Problem 2.4 The ecu coin is a disc of diameter 4/5 units. In the traditional game of
drop the ecu, an ecu coin is dropped at random onto a grid of squares formed by lines
one unit apart. If the coin covers part of a line you lose your ecu. If not, you still lose
your ecu but the band plays the national anthem of your choice. What is the probability
that you get to choose your national anthem?

Solution Without loss of generality, assume that the centre of the coin lies in the unit
square with corners (0;0), (0;1), (1;0), (1;1). You will hear an anthem when the
centre lies in the inside square § described by
2 3 2
< <

3
Z < B <.
5='=5 55Y=5

Hence,

1
P (anthem) = area of S = % d

There are several serious questions arising here which we will address later. One is
the so-called measurability: there exist weird sets A C () (even when () is a unit interval



112 Continuous outcomes

(0,1)) which do not have a correctly defined volume (or length). In general, how does one
measure the volume of a set A in a continuous space? Such sets may not be particularly
difficult to describe (for instance, Cantor’s continuum X has a correctly defined length),
but calculating their volume, area or length goes beyond standard Riemann integration,
let alone elementary formulas. (As a matter of fact, the correct length of X is zero.) To
develop a complete theory, we would need the so-called Lebesgue integration, which is
called after H.L. Lebesgue (1875-1941), the famous French mathematician. Lebesgue was
of a very humble origin, but became a top mathematician. He was renowned for flawless
and elegant presentations and written works. In turn, the Lebesgue integration requires
the concept of a sigma-algebra and an additive measure which leads to a far-reaching
generalisation of the concept of length, area and volume encapsulated in a concept of a
measure. We will discuss these issues in later volumes.

An issue to discuss now is: what if the distribution of the mass is not uniform?
This question is not only of a purely theoretical interest. In many practical models () is
represented by an unbounded subset of a Euclidean space R whose volume is infinite (e.g.
by R itself or by R, =[0, o), for d = 1). Then the denominator v({2) in equation (2.1)
becomes infinite. Here, the recipe is: consider a function f >0 with |, o J(x)dx=1 and set

IP’(A):/Af(x)dx, ACQ

(cf. equation (2.3)). Such a function f is interpreted as a (general) probability density
function (PDF). The following natural (and important) examples appear in problems
below:

A uniform distribution on an interval (a, b), a < b: here Q =(a, b) and

fx)= blial(a <x<b). 24

A Gaussian, or normal, distribution, with () =R and

f(x)= exp <_2;'2(x — M)2> , xeR. (2.5)

1
V2mo
Here u € R, o> 0 are parameters specifying the distribution.

The graphs of normal PDFs on an interval around the origin and away from it are
plotted in Figures 2.4 and 2.5.

This is the famous curve about which the great French mathematician J.-H. Poincaré
(1854-1912) said ‘Experimentalists think that it is a mathematical theorem while the
mathematicians believe it to be an experimental fact.’

An exponential distribution: here Q=R and

f(x)=Xe™™I(x>0), xeR. (2.6)

Here A > 0 is a parameter specifying the distribution.
The graphs of the exponential PDFs are shown in Figure 2.6.



2.1 Uniform distribution
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Figure 2.5 The normal PDFs, II.
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Figure 2.6 The exponential PDFs.
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A generalisation of formula (2.6) is the Gamma distribution. Here again ) =R and
the PDF is

(o3

=@ x* e I(x > 0), 2.7)

f(x)

with parameters a, A >0. Here I' (&) = [;~ x*~'e™*dx (the value of the Gamma function)
is the normalising constant. Recall, for a positive integer argument, I (n) = (n — 1)!; in
general, fora>1: I'(a) = (e — DI' (e —1).

The Gamma distribution plays a prominent role in statistics and will repeatedly appear
in later chapters. The graphs of the Gamma PDFs are sketched in Figure 2.7.

Another example is a Cauchy distribution, with Q) =R and

1 T
f(x):;m, xeR, (2.8)
with parameters & € R and 7> 0. There is a story that the Cauchy distribution was
discovered by Poisson in 1824 when he proposed a counterexample to the CLT. See
below. The graphs of the Cauchy PDFs are sketched in Figure 2.8.

Cauchy was a staunch royalist and a devoted Catholic and, unlike many other prominent
French scientists of the period, he had difficult relations with the Republican regime. In
1830, during one of the nineteenth century French revolutions, he went into voluntary
exile to Turin and Prague where he gave private mathematics lessons to the children of
the Bourbon Royal family. His admission to the French Academy occurred only in 1838,
after he had returned to Paris.

The Gaussian distribution will be discussed in detail below. At this stage we only

indicate a generalisation to the multidimensional case where () = R¢ and

1 1 -1
9= rmqarsy 0| 2 -l ¢
0
o

---------------- lambda = 1, alpha = 0.5

< lambda = 1,alpha=1.5
s1 [/ + N\  |=-=-===- lambda = 1, alpha = 5.5
@
o
N
ST I N N S
S
Q 1l - e T
o

Figure 2.7 The Gamma PDFs.
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alpha=0,tau=1
alpha=0,tau=1.5
alpha=0,tau=2

0.05 0.10 0.15 0.20 0.25 0.30

Figure 2.8 The Cauchy PDFs.

Here, x and p are real d-dimensional vectors:

X1 M
x=|:|.n=]| : | eRY,
Xa Mg

and 2 is an invertible positive-definite d x d real matrix, with the determinant det 3 > 0
and the inverse matrix X' = (2'). Matrix ¥ is called positive-definite if it can be
represented as the product 3, = AA* and strictly positive-definite if in this representation
matrix A is invertible, i.e. the inverse A~' exists (in which case the inverse matrix
3= A*TA! also exists). It is easy to see that a positive-definite matrix 3, is always
symmetric (or Hermitian), i.e. obeys 2* = 3. Hence, a positive-definite matrix has an
orthonormal basis of eigenvectors, and its eigenvalues are non-negative (positive if it is
strictly positive-definite). Further, (, ) stands for the Euclidean scalar product in R

(x—p. 2T (x =)= 30 (= )2y (= ).

i,j=1

A PDF of this form is called a multivariate normal, or Gaussian, distribution.

Remark We already have seen a number of probability distributions bearing personal
names (Gauss, Poisson, Cauchy; more will appear in Chapters 3 and 4). Another example
(though not as frequent) is the Simpson distribution. Here we take X, Y ~U(0, 1),
independently. Then X 4 Y has a ‘triangular’ PDF known as Simpson’s PDF:

u, O<u<l,
fxpy(W)=12—u, 1<u<2,
09 ¢[O’2]
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T. Simpson (1700-1761), an English scientist, left a notable mark in interpolation and
numerical methods of integration. He was the most distinguished of the group of itinerant
lecturers who taught in fashionable London coffee-houses (a popular way of spreading
scientific information in eighteenth-century England).

As before, we face a question: what type of function f can serve as PDFs? (The
example with f(x) =1I(x € (0, 1)\ X'), where X C (0, 1) is Cantor’s set, is typical. Here
f >0 by definition but how fol f(x)dx should be defined?) And again, the answer lies in
the theory of Lebesgue integration. Fortunately, in ‘realistic’ models, these matters arise
rarely and are overshadowed by far more practical issues.

So, from now until the end of this chapter our basic model will be where outcomes
o run over an ‘allowed’ subset of ) (such subsets are called measurable and will be
introduced later). Quite often ) will be R?. The probability P(A) will be calculated for
every such set A (called an event in Q) as

P(A) = /A F(x)dx. (2.10)

Here f is a given PDF f >0 with [, f(x)dx=1.
As in the discrete case, we have an intuitively plausible property of additivity: if
A,, A,,... is a (finite or countable) sequence of pair-wise disjoint events then

P(U,4,) =L P4), @.11)

while, in a general case, ]P’(Uj A_/-) < Z_/}P’(Aj). As P(Q) =1, we obtain that for the
complement A°=Q\ A, P(A°) =1 — P(A), and for the set-theoretical difference A \
B, P(A\ B)=P(A) — P(AN B). Of course, more advanced facts that we learned in the
discrete space case remain true, such as the inclusion—exclusion formula.

In this setting, the concept of a random variable develops, unsurprisingly, from its
discrete-outcome analogue: a RV is a function

X:weQr X(w),

with real or complex values X(w) (in the complex case we again consider a pair of
real RVs representing the real and imaginary parts). Formally, a real RV must have the
property that V x € R, the set {w € Q: X(w) < x} is an event in () to which the probability
P(X < y) can be assigned. Then with each real-valued RV we associate its cumulative
distribution function (CDF)

yER > Fy(x)=P(X <x) (2.12)

varying monotonically from O to 1 as y increases from —oo to co. See Figure 2.9.
The quantity

Fy(x)=1-Fy(x)=P(X >x) (2.13)

describing tail probabilities is also often used.
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Figure 2.9

Observe that definition (2.12) leads to CDF Fy(x) that is left-continuous (in Figure 2.9
it is presented by black dots). It means that Fy(x,) /' Fy(x) whenever x, /' x. On the
other hand, V x, the right-hand limit lim, . , Fy(x,) also exists and is > Fy(x), but the
equality is not guaranteed (in the figure this is represented by circles). Of course the tail
probability F(x) is again left-continuous.

However, if we adopt the definition that Fy(x) = P(X < x) (which is the case in some
textbooks) then Fy, will become right-continuous (as well as Fy (x)).

Example 2.2 If X =5 is a (real) constant, the CDF Fy, is the Heaviside-type function:

Fx(y)=1(y>b). (2.14)

If X =1,, the indicator function of an event A, then P(X < y) equals O for y <0, 1 —P(A)
for 0 <y <1 and 1 for y> 1. More generally, if X admits a discrete set of (real) values
(i.e. finitely or countably many, without accumulation points on R), say y; € R, with
¥; <Yjs1- then Fy(y) is constant on each interval y; <x <y, and has jumps at points y;
of size P(X =y;).

Observe that all previously discussed discrete-outcome examples of RVs may be fitted
into this framework. For instance, if X ~ Bin (n, p), then

Ro= ¥ (B)ra-prio=o. @.15)
If X ~ Po (1),
Fy(y)=e™ 3 %I(WO); (2.16)

O<n<y

Figure 2.10 shows the graphs of Fy ~Po (A).
If X ~ Geom (g),

Fx()=1(y>0)(1—¢q) Y ¢" (2.17)

O<n<y

The graph of the CDF of RV X ~Geom (g) is plotted in Figure 2.11, together with that
of a Poisson RV with A =1 (both RVs have the same mean value 1).
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Figure 2.10 The Poisson CDFs.
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Figure 2.11 The geometric and Poisson CDFs.

We say that an RV X has a uniform, Gaussian, exponential, Gamma or Cauchy distribu-
tion (with the corresponding parameters) if CDF Fy(y) is prescribed by the corresponding
PDF, i.e. P(X <y) = [ f(x)I(x < y)dx. For example: for a uniform RV

0,y=<a,
Fx(W={(—a)/(b—a),a<y<b, (2.18)
1L,y>b;

for a Gaussian

FX(y)=JszT/;exp[—z;(x—M)z]dx=<D<y;'u>, yeR,; (2.19)
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for an exponential RV

0, y=0,
F = 2.20
<) [1 by, (2.20)
for a Gamma RV
AC Y
Fy(y)= *~le=MdxI(y > 0); 221
=g [ x> 0) (2.21)
and for a Cauchy RV
1 —
Fe(y)= — [tan_l (u) n f] , yeR. (2.22)
T T 2

Correspondingly, we write X ~ U(a, b), X ~N(u, 02), X ~ Exp(A), X ~ Gam (a, A)
and X ~ Ca(a, 7).
In Figures 2.12-2.15 we show some graphics for these CDFs.
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Figure 2.13 The exponential CDFs.
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Figure 2.14 The Gamma CDFs.
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Figure 2.15 The Cauchy CDFs.

In general, we say that X has a PDF f (and write X ~ f)if V yeR,
y
P(X <y)= f F(x)dx. (2.23)
Then, V a, be R with a < b:
b
Pla<X<b)= / f(x)dx, (2.24)

and in general, ¥ measurable set ACR: P(X € A) = [, f(x)dx.

Note that, in all calculations involving PDFs, the sets C with f c dx =0 (sets of
measure 0) can be disregarded. Therefore, probabilities P(a < X <b) and P(a < X < b)
coincide. (This is, of course, not true for discrete RVs.)
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The median m(X) of RV X gives the value that ‘divides’ the range of X into two
pieces of equal mass. In terms of the CDF and PDF:

m(X) = max [y: Fe) > ﬂ — max [y: [ o ;] | (225)

If Fy is strictly monotone and continuous, then, obviously, m(X) equals the unique value
y for which Fy(y) =1/2. In other words, m(X) is the unique y for which

[ fr@ar= [ peax

The mode of an RV X with a bounded PDF f, is the value x where fy attains its
maximum; sometimes one refers to local maxima as local modes.

Problem 2.5 My Mum and I plan to take part in a televised National IQ Test where
we will answer a large number of questions, together with selected groups of mathematics
professors, fashion hairdressers, brass band players and others, representing various sec-
tions of society (not forgetting celebrities of the day of course). The IQ index, we were
told, is calculated differently for different ages. For me, it is equal to

—801In (1 —x),

where x is the fraction of my correct answers, which can be anything between 0 and 1.
In Mum’s case, the IQ index is given by a different formula
3/4 —
—701n / y:—701n(3/4—y)+701n 3/4,
3/4
where y is her fraction of correct answers. (In her age group one does not expect it to
exceed 3/4 (sorry, Mum!).)
We each aim to obtain at least 110. What is the probability that we will do this? What
is the probability that my IQ will be better than hers?

Solution Again, we employ the uniform distribution assumption. The outcome
o = (x,, x,) is uniformly spread in the set (), which is the rectangle (0, 1) x (0, 3/4), of
area 3/4. We have a pair of RVs:

X(w)=-80In(1 —x,), for my 1Q,

3/4—
Y(w)=—-701n u, for Mum’s 1Q,
3/4

andV y>0:

1 3/4
1 1
]P’(X<y)=3/4//1[—1n(1—x1)<80yi| dx,dx,
00

1—e/80

— / dy,=1—e je. X ~ Exp(1/80),
0
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1 3/4
1 3/4 x2 1
]P(Y<y)—f3/4// ( <70y)dx2dx]
00

3(1—e™/70) /4
=34 dx,=1—-e7" ie. Y ~ Exp(1/70).

0
Next, P(min[X, Y] <y) =1 —P(min [X, Y] > y), and

13/4
3/4— X

B(min X, Y]20) =3 7 f/ ( 1n(1—x1)3810,—1n T 70)dx2dx1
=e M0e 0 =12 je min[X, Y] ~ Exp(3/112).
Therefore,
P(both reach 110) =e >*"/12 xe™3

(pretty small). To increase the probability, we have to work hard to change the underlying
uniform distribution by something more biased towards higher values of x; and x,, the
fractions of correct answers.

To calculate P(X > Y), it is advisable to use the Jacobian d(x,, x,)/d(u,, u,) of the
‘inverse’ change of variables x; =1 —e /%, x, =3(1 —e™/7)/4 (the ‘direct’ change
is u; =—80In(1 —x,), u,=—70In[(3/4 — X,)/(3/4)]. Indeed,

d(x,, 31 1
(x5 x,) =2 L emm/80 L o—uy/70

—_ 5 ) O,
3y, uy) 4 80 70 ot =
and
| 13/4 34—
P(X>Y)_/O/ ( 80In (1 x,) > =701 = )dxzdx]

1 1
7eful/80 7e*“2/701(u1 > ],{z)dlxlzdul

3
480 70

Fl A 8
= [ soee ™ [ e duduy = O
J 80 15

In the above examples, the CDF F either had the form

Fo) = [ fdx, yer,

or was locally constant, with positive jumps at the points of a discrete set X C R. In the
first case one says that the corresponding RV has an absolutely continuous distribution
(with a PDF f), and in the second one says it has a discrete distribution concentrated
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on X. It is not hard to check that absolute continuity implies that F is continuous (but not
vice versa), and for the discrete distributions, the CDF is locally constant, i.e. manifestly
discontinuous. However, a combination of these two types is also possible.

Furthermore, there are CDFs that do not belong to any of these cases but we will not
discuss them here in any detail (a basic example is Cantor’s staircase function, which is
continuous but grows from 0 to 1 on the set X which has length zero). See Figure 2.16.

Returning to RVs, it has to be said that for many purposes, the detailed information
about what exactly the outcome space () is where X(w) is defined is actually irrelevant.
For example, normal RVs arise in a great variety of models in statistics, but what matters
is that they are jointly or individually Gaussian, i.e. have a prescribed PDF. Also, an
exponential RV arises in many models and may be associated with a lifetime of an item
or a time between subsequent changes of a state in a system, or in a purely geometric
context. It is essential to be able to think of such RVs without referring to a particular ).

On the other hand, a standard way to represent a real RV X with a prescribed PDF
f(x),x € R, is as follows. You choose ) to be the support of PDF f, i.e. the set
{xeR: f(x) >0}, define the probability P(A) as [, f(x)dx (see equation (2.10)) and set
X(w)=w (or, if you like, X(x) = x, x € Q). In fact, then, trivially, the event {X < y} will
coincide with the set {x e R: f(x) >0, x <y} and its probability will be

P(X<y)= / J)I(x <y)dx= K; f(x)dx.

In the final part of the solution to Problem 2.5 we did exactly this: the change of
variables u; = —801n (1 — x;), u, =—70In[(3/4 — x,)/(3/4)] with the inverse Jacobian

31 o Lo

4 80 70

has put us on the half-lines u; >0 and u, > 0, with the PDFs e~*1/%" /80 and e~"/" / 70
and the factor I(u; > u,) indicating the event.

So, to visualise a uniform RV on interval (a, b), we take the model with Q = (a, b)
and define f by equation (2.4); for an exponential or Gamma distribution, ) =R, the
positive half-line, and f is defined by equation (2.6) or (2.7), and for a Gaussian or
Cauchy distribution, ) =R, the whole line, and f is defined by equation (2.5) or (2.8).

0 1

Figure 2.16
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In all cases, the standard equation X(x) = x defines an RV X with the corresponding
distribution.

Such a representation of an RV X with a given PDF/CDF will be particularly helpful
when we have to deal with a function Y = g(X). See below.

So far we have encountered two types of RVs: either (i) with a discrete set of values
(finite or countable) or (ii) with a PDF (on a subset of R or C). These types do not exhaust
all occurring situations. In particular, a number of applications require consideration of
an RV X that represents a ‘mixture’ of the two above types where a positive portion of a
probability mass is sitting at a point (or points) and another portion is spread out with a
PDF over an interval in R. Then the corresponding CDF Fy has jumps at the points x;,
where probability P(X = x;) > 0, of a size equal to P(X = x;) > 0, and is absolutely
continuous outside these points. A typical example is the CDF Fy, of the waiting time W
in a queue with random arrival and service times (a popular setting is a hairdresser’s shop,
where the customer waits until the hairdressers finish with the previous customers). You
may be lucky in entering the shop when the queue is empty: then your waiting time is 0
(the probability of such event, however small, is > 0). Otherwise you will wait for some
positive time; under the simplest assumptions about the arrival and service times:

0, y<0,

1— ﬁe,(ﬂ,)\)y’ y=>0. (2.26)

Fy(y)=P(W<y)=

Here A, > 0 are the rates of two exponential RVs: A is the rate of the interarrival time
and u that of the service time. Formula (2.26) makes sense when A < u, i.e. the service
rate exceeds the arrival rate which guarantees that the queue does not become overflowed
with time. The probability P(W =0) that you wait zero time is then equal to 1 —A/u >0
and the probability that you wait a time > y equals Ae=*~2Y/pu.

In this example we can say that the distribution of RV W has a discrete compo-
nent (concentrated at point 0) and an absolutely continuous component (concentrated on
(0, 00)).

Very often we want to find the PDF or CDF of a random variable Y that is a function
g(X) of another random variable X, with a given PDF (CDF).

Problem 2.6 The area of a circle is exponentially distributed with parameter A. Find
the PDF of the radius of the circle.
Answer: fr(y) =2mAye ™ I(y > 0).

Problem 2.7 The radius of a circle is exponentially distributed with parameter A. Find
the PDF of the area of the circle.

Answer: f,..(s) = Ae W57 | J4s.

In these two problems we have dealt with two mutually inverse maps given by the
square and the square root. For a general function g, the answer is the result of a
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straightforward calculation involving the inverse Jacobian. More precisely, if ¥ = g(X),
then the direct change of variables is y = g(x), and

fr()=1I(yeRange(g)) > fx(x )| ()|
x: g(x)=y

Here, Range (g) stands for the set {y: y = g(x) for some x € R}, and we have assumed

(2.27)

that the inverse image of y is a discrete set which allows us to write the summation.
Equation (2.27) holds whenever the RHS is a correctly defined PDF (which allows
that ¢’(x) =0 on a ‘thin’ set of points y).

Example 2.3 If b, c € R are constants, ¢ #0, then

L.
]

Combining these two formulas, it is easy to see that the normal and Cauchy distributions
have the following scaling properties:

fx+b()’) =fx(y—>b), and f.x(y)=

1
if X ~N(u,o?), then—(X — )~ N(0, 1),
o

and

if X~Ca(a, ), then %(X —a)~ Ca(1,0).
Also,

if X ~N(u, 0?) then cX +b~N(cu + b, *o?),
and

if X~ Ca(a, 1) then cX+b~Ca(ca+b,ct). R

A formula emerging from Problem 2.6 is

() =25/ () 1(y>0)

(assuming that RV X takes non-negative values). Similarly, in Problem 2.7,

()= f(fx(f)+fx( V) 1(y>0)

(which is equal to 1/(2\/§)fx (V/¥) I(y> 0) if X is non-negative).
Assuming that g is one-to-one, at least on the range of RV X, formula (2.27) is
simplified as the summation is reduced to a single inverse image x(y) =g~ (y):

) =rfx(x (Y))| (x ( 0]

= fx [x(M]|x'(»)[1(y € Range(g)). (2.28)

I(y € Range(g))
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Example 2.4 Let X ~U(0, 1). Given a, b, ¢, d > 0, with d < ¢, consider RV

X
y=athX
c—dX

Using formula (2.28) one immediately obtains the PDF of Y:

£.() = bc+ad ye<a’a+b>. -

(b+dy)?’ ¢ c—d
Dealing with a pair X, Y or a general collection of RVs X, ..., X,, it is convenient
to use the concept of the joint PDF and joint CDF (just as we used joint probabilities in
the discrete case). Formally, we set, for real RVs X, ..., X,
Oy oo 2)=PX <y, o0 X, <) (2.29)
and we say that they have a joint PDF f if, Vy, ..., y, eR,
1 Yn
FeGoeov)= [ [ fdx. (2.30)
Here X is a random vector formed by RVs X, ..., X,, and x is a point in R", with
entries x;, ..., X,:
X, X1
X = N X =
X X

Next, dx =dx; x --- x dx, the Euclidean volume element. Then, given a collection of
intervals [aj, bj), j=1,...,n

b by
]P’(a1<X1<b1,...,an<Xn<bn):f1-~~/ F(x)dx,
ay a

and, in fact, P(X € A) = [, f(x)dx for V measurable subsets A € R".

In Chapters 3 and 4 of this book (dealing with IB statistics) we will repeatedly use the
notation fx for the joint PDF of RVs X, ..., X, constituting vector X; in the case of
two random variables X, Y we will write fy y(x, y) for the joint PDF and Fy y(x, y) for
the joint CDF, x, y € R. A convenient formula for fy , is

d2
fx,y(xs )’)=MFX,Y(X’ y). (2.31)

As before, joint PDF f(x,y) has only to be non-negative and have the integral
fRZ f(x, y)dydx = 1; it may be unbounded and discontinuous. The same is true about
fx(x). We will write (X,Y)~ fif f=fyy.
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In Problem 2.5, the joint CDF of the two IQs is
Fyy(x,y) =U<{(Xlsx2)30 <x,x% =1,

3/4 —
—80In(1 —x,) <x, —70In % <y}>1(x,y>0)

= (1= ™) (1 =) I(x, y > 0) = Fy (1) Fy ().

Naturally, the joint PDF is also the product:

1 1,
Frr(@3) = gge 1= 0)25e iy > 0).

If we know the joint PDF fy , of two RVs X and Y, then their marginal PDFs fy and
fy can be found by integration in the complementary variable:

12 = [ FerCedy. fr0)=[ fer(ey)dx, (232)

This equation is intuitively clear: we apply a continuous analogue of the formula of
complete probability, by integrating over all values of Y and thereby ‘removing’ RV Y
from consideration. Formally, V y € R,

Fo(y) = B(X <) = P(X < y, 00 < Y < )
=/ ym / : frer(e ¥)dxdr= [ ; gy (1)dx, (2.33)
where
@)= feyln)dv.

On the other hand, again V y € R,
Fe)= [ flodx. (2:34)
Comparing the RHSs of equations (2.33) and (2.34), one deduces that fy = gy, as required.

Example 2.5 Consider a bivariate normal pair of RVs X, Y. Their joint PDF is of the
form (2.9) with d = 2. Here, positive-definite matrices X, and 3! can be written as

E:( 0'12 ‘710'2") s 1 ( 1/0'12 _”/(0'1‘72))

g0, 03 T 1=r2\=r/(oy0,) 1/}

where o, o, are non-zero real numbers (with o, o > 0) and r is real, with |r| < 1.
Equation (2.9) then takes the form

1 -1
270,05V 1 — 12 =P { 2(1—=r2)
N [(x—ul)z o, L)) (y—uz)z]}.

2 2
o 0,0, o,

fX,Y(x7 y) =

(2.35)
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We want to check that marginally, X ~ N(u,, 07) and Y ~ N(u,, 07), i.e. to calculate
the marginal PDFs. For simplicity we omit, whenever possible, limits of integration;
integral | below means [, or [, an integral over the whole line. Write

) L [ o] -5
)= — [exp{————
X 2o 0,V 1 —r? 2(1—r?)
— 2 — e — 2
8 [(x ;;1) o, )0 M2)+()’ f;z) “dy
g 0,0, %)
1 / { 1
=—— | exp{————
270,05,V 1 — r? 2(1—=r?)
1= ) (x — )2 _ _ 2
X{( r)()zc ®1) +<y Py X /‘Ll):“dy
(o %) g
—(x—p1)?/207 1 —
i : X /exp |:_()’21V1)2:| dy, ¢ -
V2w, N2mo,/1—r? 205(1-r7)
Here
g3
VI=Y— My Vi=r—(x—p@y).
g

The last factor in the braces equals 1, and we obtain that

e 2 /202
e~ (mm)/207

1
fX('x) = mo_l

i.e. X ~ N(u,, 07). Similarly, ¥ ~ N(u,, 03). W

The above ‘standard representation’ principle where a real-valued RV X ~ f was
identified as X(x) = x for x € R with the probability P(A) given by formula (2.12) also
works for joint distributions. The recipe is similar: if you have a pair (X,Y) ~ f, then
take w = (x, y) € Q =R?, set

P(A) :/ Sf(x, y)dydx for A C R2
A
and define
X(w)=x, Y(w)=y.

A similar recipe works in the case of general collections X, ..., X,.

A number of problems below are related to transformations of a pair (X,Y) to
(U, V), with

U=g(X,Y), V=g(X,Y).
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Then, to calculate the joint PDF f;,, from fy,, one uses a formula similar to for-
mula (2.27). Namely, if the change of variables (x,y) — (u,v), with u = g,(x,y),
v=g,(x, y), is one-to-one on the range of RVs X and Y, then

I(x, )
fuv(u,v)= 1((’4’ v) € Range (g;, gz))fx,y(x(”, v), y(u, U)) ‘ o, v) | (2.36)
Here,
a(x,y) — det dx/du dx/dv
au,v) dy/du  dy/dv
is the Jacobian of the inverse change (u, v) — (x, y):
.y
ox/ou dx/dv du/dx du/dy
det =det
¢ (ay/au ay/au> © (av/ax v/ dy
The presence of the absolute value |d(x, y)/d(u, v)| guarantees that f, (u, v) > 0.
In particular, the PDFs of the sum X + Y and the product XY are calculated as
Feor@ = [ foy(xu=x)dr= [ fuy(u—y,)dy (2.37)
and
Fer@) = [ Fy (v, u/x) ax= [ fur(u/y.y) r (2.38)
cf. equations (1.21) and (1.22). For the ratio X/Y:
Fe@) = [ D1fy (G, v)dy. (2.39)

The derivation of formula (2.37) is as follows. If U = X + Y, then the corresponding
change of variables is u = x + y and, say v =y, with the inverse x =u — v, y=v. The
Jacobian

o v) | 9x,)
ey dw)’

hence

fX+Y,Y(u’ v) zfx,y(u -, 0).
Integrating in dv yields

Fxar(u)= / fx,y(” —v, v)do,

which is the last integral on the RHS of (2.37). The middle integral is obtained by using
the change of variables u = x +y, v=x (or simply by observing that X and Y are
interchangeable).
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The derivation of formulas (2.38) and (2.39) is similar, with 1/|x|, 1/|y| and |y|
emerging as the absolute values of the corresponding (inverse) Jacobians.
For completeness, we produce a general formula, assuming that a map u, = g,(x),...,

u, = g,(x) is one-to-one on the range of RVs X, ..., X,. Here, for the random vectors
X, U
X=|:|andU=]| : |,/
Xn UV!
with U, = g;(X):
[ CTR .|
ol o) = S )
Uy, ... u,)
x I (ueRange(g, ..., g,))- (2.40)

Example 2.6 Given a bivariate normal pair X, Y, consider the PDF of X + Y. From
equations (2.35), (2.37):

B 1 -1 [G=—mw)
Frer) = 270, 0,/ 1 —r2/ exp{z(] —r?) [ i

_zr(x_ﬁ’«l)(”_x_ﬂz) + (u_x_ﬂz)z]}dx

0,0, 0'22

1 / { -1
= exp
270,05V 1 — 12 2(1—r2)
x|:x%2— rxl(ul_xl)+(ul_xl)2]}dx1,

2
toF 0,0, o5

where x; =x — W, Uy =u— b, — My

Extracting the complete square yields
x

2
x(u; —x U, —x
Lo 1 (uy 1)_|_(1 21)
o 0,0, oy

2
) )
_{, Voi+2roo,+ 05w o, +ro, N w(l—r?)
=|x -— 3 2
0,0, 0, \J/a? +2ro,0, + 07 oy +2ro,0,+ 05

We then obtain that

- ¥
exp | —
P 2(07 +2roy 0, + 03) s
fyay(u) = = eV /2dv
X+Y > >
2w/ o7 +2ro0, + 0;
[ (e =) }
exp
2(0’l +2roy0, + 03)

(2.41)
\/277 0'1 +2ro,0, + 0'2)
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Here, the integration variable is

1 Voi+2roo,+0o3 o, +ro,
X - .
Vi—2\" 0,0, 0, \Ja? 4+ 2r0 05+ 0F

We see that

V=

X+Y~ N(/.Ll+/.L2,O'12+2I‘0'10'2+0'22),

with the mean value u, + u, and variance o} +2roy0, +05. R
Another useful example is

Example 2.7 Assume that RVs X, and X, are independent, and each has an exponential
distribution with parameter A. We want to find the joint PDF of

Y,=X,+X,, and Y,=X,/X,,
and check if ¥, and Y, are independent.

Consider the map

X
T: (x, %) = (y1,,), where y;=x;+x,, y,= ;l’
2

where x,, x5, ¥;, ¥, > 0. The inverse map T~! acts by

Y1 Y2 Y1
s X = s
I+y, l+y,

T (91, y2) = (%1, x,), where x, =
and has the Jacobian

J(, y,) = det <y2/(1 +32) 31/ +y,) =y /(1 +y2)2>

1/(14y,) /(1 + )
__ M N ___n
I+y)* (A+y,)’ (I+y)*

Then the joint PDF

Y1 Y1 ) _ V1
1+y, 1+, (1+y,)?

Substituting fy, x (X, ;) =Ae "1 Ae 2, x;, x, > 0, yields

le,yz(YH)’z):fxl,xz (

o
) 2=t

le,Yz(yl’ )= ()\zyle—m) [

The marginal PDFs are

Sy, ) = fy,,yz(%s)’z)d)’z:/\2)’137”', » =0,
0
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and
o© 1
fr,(v2) :/0 Sy s ¥2)dy, = mv ¥, =0.
As fy v, ¥2) = fr, 1) fr,(»2), RVs ¥, and Y, are independent. W

The definition of the conditional probability P(A|B) does not differ from the discrete
case: P(A|B)=P(AN B)/]P(B). For example, if X is an exponential RV, then, V y, w> 0

P(X>y+w) [i,Aedu
P(X>w)  [Ae*dv
ef)\(erw)

= ¢ "=P(Xzy). (2.42)

P(X>y+wlX>w)=

This is called the memoryless property of an exponential distribution which is similar
to that of the geometric distribution (see equation (1.42)). It is not surprising that the
exponential distribution arises as a limit of geometrics as p=e~*" 1 (n— o). Namely,
if X ~Exp (A) and X" ~ Geom (e /") then, V y > 0,

(I1—e™)=P(X <y)= lim P(X" <ny). (2.43)

Speaking of conditional probabilities (in a discrete or continuous setting), it is instruc-
tive to think of a conditional probability distribution. Consequently, in the continuous
setting, we can speak of a conditional PDF. See below.

Of course, the formula of complete probability and Bayes’ Theorem still hold true
(not only for finite, but also for countable collections of pair-wise disjoint events B; with
P(B;) > 0).

Other remarkable facts are two Borel-Cantelli (BC) Lemmas, named after E. Borel
(1871-1956), the famous French mathematician (and for 15 years the minister for the
Navy), and F.P. Cantelli (1875-1966), an Italian mathematician (the founder of the Italian
Institute of Actuaries). The first lemma is that if B;, B,,... is a sequence of (not
necessarily disjoint) events with }°;IP(B;) < oo, then the probability P(A) =0, where A
is the intersection (5, U;, B;- The proof is straightforward if you are well versed in
basic manipulations with probabilities: if A, =J;.,B; then A, €A, and A=, A,.
Then AC A, and hence P(A) <IP(A,) V n. But P(A,) <3_,., P(B;) which tends to 0 as
n— oo because };IP(B;) < 0. So, P(A) =0.

The first BC Lemma has a rather striking interpretation: if 3_;P(B;) < oo, then with
probability 1 only finitely many of events B; can occur at the same time. This is because

jzn

the above intersection A has the meaning that ‘infinitely many of events B; occurred’.
Formally, if outcome w € A, then w € B; for infinitely many ;.

The second BC Lemma says that if events B, B,, . . . , are independent and }_; IP(B;) =
oo, then P(A) = 1. The proof is again straightforward: P(A°) =P(U,>, 45) <. P(A}).
Next, one argues that P(AS) =P (ﬂjzn Bj) =[1-, P(Bj) =exp {Z_izn In[l1— IP’(B_/-)]} <
exp [— > ion IP’(Bj)], as In(1 —x) <—x for x>0. As } ., P(B;) =00, P(A}) =0V n.
Then P(A¢) =0 and P(A) =1.
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Thus, if By, B,, . . . are independent events and }_; P(B;) = oo, then ‘with probability 1
there occur infinitely many of them’.

For example, in Problem 1.35 the events {year k is a record} are independent and have
probabilities 1/k. By the second BC Lemma, with probability 1 there will be infinitely
many record years if observations are continued indefinitely.

In the continuous case we can also work with conditional probabilities of the type
P(A|X = x), under the condition that an RV X with PDF f, takes value x. We know
that such a condition has probability 0, and yet all calculations, while being performed
correctly, yield right answers. The trick is that we consider not a single value x but all of
them, within the range of RV X. Formally speaking, we work with a continuous analogue
of the formula of complete probability:

P(A) = / P(A|X = x) fy (x)dx. (2.44)

This formula holds provided that P(A|X = x) is defined in a ‘sensible’ way which is
usually possible in all naturally occurring situations. For example, if fy ,(x, y) is the joint
PDF of RVs X and Y and A is the event {a < Y < b}, then

P =)= [ ity [ [ iateo

The next step is then to introduce the conditional PDF fyx(y|x) of RV Y, conditional
on {X =x}:

f X, Y (.X >y )
fx(x) 7
and write natural analogues of the formula of complete probability and the Bayes formula:

£ = [ FixOWA0A fi0l0 =iy [ [ farxDf@dz. 246)

As in the discrete case, two events, A and B are called independent if

Frix(ylx) = (2.45)

P(ANB)=P(A)P(B); (2.47)
for a general finite collection A,,...,A,,n > 2, we require that V k=2,...,n and
1<ij<...<i,<n:

P (Mo, ) = | ]—[kIP’(Aij). (2.48)

<j<

Similarly, RVs X and Y, on the same outcome space (), are called independent if
PX<x,Y<y)=PX<x)P(Y<y) Vx,yeR. (2.49)

In other words, the joint CDF Fy y(x,y) decomposes into the product Fy(x)Fy(y).
Finally, a collection of RVs X, ..., X, (again on the same space ), n > 2, is called
independent if V k=2,...,nand 1 <i; <---<i, <nm:

P(X;, <y n Xy <y) = 1—[ IF’(XI»‘/, <¥)s Vs> M ER (2.50)

1=<j<k
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Remark We can require equation (2.50) for the whole collection X, . .., X, only, but
allowing y; to take value +oo:

P(X, <y, X, <y)= ] P(X; <) yi»--.. 3 €ER=RU{oo}. (2.51)
I<j<n
Indeed, if some values y; in equation (2.51) is equal to oo, it means that the corresponding
condition y; < oo is trivially fulfilled and can be omitted.
If RVs under consideration have a joint PDF fy , or fx, then equations (2.50) and
(2.51) are equivalent to its product-decomposition:

Ty (6, 3) = fx () fy(v), fx(x) :fx1 (xy)- - 'fx,l (x,), (2.52)

The formal proof of this fact is as follows. The decomposition Fy y(y,, y,) = Fx (y;)Fy(y,)
means that V y,, y, € R:

/j; [fo,y(x, y)dydx:/: /j:fX(X)fy(y)dydx.

One deduces then that the integrands must coincide, i.e. fy y(x,y) = fx(x)fy(y). The
inverse implication is straightforward. The argument for a general collection X, ..., X,,

is analogous.
For independent RVs X, Y, equations (2.37)—(2.39) become

Feor@= [ f@fw=x)de= [ fu=f0)dy (2.53)

forw)= [ fx(X)fy(u/X) dr=[ fx(u/y)fy(y)l | (2.54)
and

Fen (@)= [ o1 Gu fy (). (2.55)

Cf. Problem 2.13. As in the discrete case, equation (2.53) is called the convolution formula
(for densities).

The concept of IID RVs employed in the previous chapter will continue to play a
prominent rdle, particularly in Section 2.3.

Problem 2.8 Random variables X and Y are independent and exponentially distributed
with parameters A and w. Set

U=max[X,Y], V=min[X,Y].

Are U and V independent? Is RV U independent of the event {X > Y} (i.e. of the RV
I(X>Y))?

Hint: Check that P(V>y,, U<y, ZP(V>y)P(U<y,) and P(X>Y,U<y) #
P(X>Y)P(U<y).
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Problem 2.9 Random variables X and Y are independent and exponentially distributed,
each with parameter A. Show that the random variables X +Y and X/(X +Y) are
independent and find their distributions.

Hint: Check that

fov(u,v)= ANue™ M I(u>0)I0<v<1)=fy(u)fy(v).

Problem 2.10 A shot is fired at a circular target. The vertical and horizontal co-
ordinates of the point of impact (taking the centre of the target as origin) are independent
random variables, each distributed N(0, 1).

Show that the distance of the point of impact from the centre has the PDF re~""/2 for
r> 0. Find the median of this distribution.

olution In fact, X ~N(0, 1), Y ~N(0, 1), an X, y)= m)e” W2 x yeR.
Solution In fact, X ~N(0, 1), ¥ ~N(0, 1), and fy y 1/27)e 072 R
Set R=+/X2+Y?2 and ® =tan'(Y/X). The range of the map

N7
y 0
is {r>0, 6 € (—m, )} and the Jacobian

a(r, 6) — det <8r/ax ar/ay)

ax,y) 96/dx 36/ dy
equals
X y
r r 1
det —y/x 1/x =;,X,y€R,I’>O,9€(—’7T,7T).

L+ (y/x)? 1+ (y/x)?

Then the inverse map

"\ (*
0 y
has the Jacobian d(x, y)/d(r, ) = r. Hence,
2 1
fro(m O =re™ *I(r>0)—I(—m, 7).
’ 2
Integrating in d6 yields
fr(n) = re_’z/zl(r >0),
as required. To find the median m(R), consider the equation

Y > o 2
/ re”" /zdr:/ re " Adr,
0

y

giving e /2 =1/2. So, m(R) =+In4. O
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We conclude this section’s theoretical considerations with the following remark. Let
X be an RV with CDF F and 0 <y < 1 be a value taken by F, with F(x*) =y at the left
point x* =inf[x € R: F(x) > y]. Then

P(F(X) <y)=y. (2.56)
In fact, in this case the event {F(X) <y} = {X < x*}, implying P(F(X) <y) = F(x*). In

general, if g: R — R is another function and there is a unique point a € R such that
F(a)=g(a), F(x) < g(x) for x < a and F(x) > g(x) for x > a, then

P(F(X) < g(X)) =g(a). (2.57)
Problem 2.11 A random sample X, ..., X,,,, is taken from a distribution with PDF
f.LetY,, ..., Y, be values of X,..., X, arranged in increasing order. Find the

distribution of each of ¥, k=1,...,2n+1.

Solution If X;~ f, then

2n+1 2n+1 ) )
Ph) =P <)) =3 (77T )FOYI - FOP™ Y, yeR.
=k
The PDF fyk, k=1,...,2n+1, can be obtained as follows. Y, takes value x, iff k — 1
values among X,..., X,,,, are less than x, 2n+ 1 — k are greater than x, and the
remaining one is equal to x. Hence

2n+1)!
(k—DICn+1—k)!

fr (%)= [FOOTL = FOo P ().

In particular, if X; ~U[0, 1], the PDF of the the sample median Y, is

fry @ =2 Dy, o

n+1

Problem 2.12 (i) X and Y are independent RVs, with continuous symmetric distribu-
tions, with PDFs f, and f, respectively. Show that the PDF of Z = X/Y is

h(a) =2 /O ) yfx(ay) fy(y)dy.

(ii) X and Y are independent normal random variables distributed N(0, o?) and
N(0, 7%). Show that Z = X/Y has PDF h(a) = d/[7(d* + a*)], where d = o/7 (the PDF
of the Cauchy distribution).

Hint:

F@=2[" [ f@foddy
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Problem 2.13 Let X and Y be independent RVs with respective PDFs fy and fy.
Show that Z =Y/X has the PDF

h(@) = [ £ () xldx.
Deduce that T =tan~!(¥/X) is uniformly distributed on (—/2, 7/2) if and only if
1
dx=———
/fX(X)fy(XZ)|X| X (1 +22)

for z € R. Verify that this holds if X and Y both have the normal distribution with mean
0 and non-zero variance o~.

Solution The distribution function of RV Z is

F,(u)=P(Z<u)=P(Y/X<u,X>0)+P(Y/X<u, X<0)
o0 ux 0 o0
= [ @ [ HG)dvdx+ [ () [ (0)dydx.
0 —o0 —o0 ux
Then the PDF

o) = SRy ) = / Fe (o) fy ) xdx — / Fe (o) fy () xdx

= [ fe(0)fyux)lxlax,

which agrees with the formula obtained via the Jacobian.
If T is uniformly distributed, then

F,(u)y=P(tan"' Z <tan™'u) = MT—HT/Z,
1
fz(u)= Fz( )= (u2 )’
Conversely,
1 . . |
fz(u)= m implying F,(u) = - tan™ u+ -

We deduce that
1 1
P(T<u)=—u+ -
T 2

or fr(u)=1/m on (—m/2, w/2).
Finally, take

_ 1 e 220 —y?/20?
fx(x) = —— x/ﬁo , fr) = ﬁae )
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Then
1 .
/fX(X)fY(MX)|X|dx: 72/ e~/ Qo) =207 x4
mo? )

2
_ b (29 e
mor \u?+1

1
(14 u?)’

=}

0

Problem 2.14 Let X,,X,,...be independent Cauchy random variables, each
with PDF

d

J) = @t 2D

Show that A, = (X, + X, 4+ --- + X,,)/n has the same distribution as X,.

Solution For d=1and n=2, f(x)=1/[w(1+x?)]. Then A, = (X, + X,)/2 has the
CDF F,,(x) =P(X, + X, < 2x), with the PDF

1/ 1 du
) 14w 14+ (y—u)?

8(x) =2g(2x), where g(y) =

Now we use the identity

1 m(m+1)

n T+ + =) 12+

which is a simple but tedious exercise (it becomes straightforward if you use complex
integration). This yields

which implies

11
=29(2x) = —
8(x) =2g(2x) e

= f(x).

In general, if Y =¢X, + (1 — ¢) X,, then its PDF is

d (x—=qu)/(1-q) 1 X—qu
sl [T aae= [ (70 s

which, by the same identity (with m = (1 — gq)/q), is

11/1—¢q 1
= 1 = .
cm( q * )1/612+xz/q2 f®)




2.1 Uniform distribution 139

Now, for d =1 and a general n we can write S, =[(n —1)S, + X,]/n. Make the
induction hypothesis: S,_; ~ f(x). Then by the above argument (with two summands,
S,y and X,), S, ~ f(x).

Finally, for a general d, we set )~(l- = X,/d. Then §n ~ ?(x) = 1/[m(1 + x?)]. Hence,
for the original variables, S, ~ f(x) =d/[m(d*+x?)]. O

Remark A shorter solution uses characteristic functions, see equation (2.91). For the
proof, see Problem 2.52.

Problem 2.15 If X, Y and Z are independent RVs each uniformly distributed on (0, 1),
show that (XY)Z is also uniformly distributed on [0, 1].

Solution Take
In[(XY)?*]=Z(InX +1nY).

To prove that (XY)Z is uniformly distributed on [0, 1] is the same as to prove that
—Z(InX +1nY) is exponentially distributed on [0,00). Now W =—InX —InY has
the PDF

V,0<y<oo,

fw ()= {0 y<0.

The joint PDF f, ,(x, y) is of the form

if0<x<l1,0<y<oo,

ye™,
fz,w(xs y)= {0’

otherwise.

We are interested in the product ZW. It is convenient to pass from x,y to variables
u=xy, v=y/x with the inverse Jacobian 1/(2v). In the new variables the joint PDF f;
of RVs U=ZW and V = W/Z reads

L) e~y v>0,0<ujv<l,

fU,V(M’ v) = {Zv

0, otherwise.

The PDF of U then is
| 1
u) = u,v dv: — (uv)Pe= )" 4y
fo = [ fuuv) -

= —/ ( ’(‘“)I/z) - [e’(””)'/z]co =e™", u>0,
u

with f,;(u) =0 foru<0. O
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Problem 2.16 LetRVs X|,..., X, be independent and exponentially distributed, with
the same parameter A. By using induction on 7 or otherwise, show that the RVs

1 1
max [X,,...,X,] and X1+§X2+...+,Xn
n

have the same distribution.

Solution Write

Y,=max[X,,...,X,], Z,=X, —|—%X2+-~-+%Xn.
Now write

P(Y, <y)=(P(X; <y)"=(1—e )"

For n=1, Y, =Z,. Now use induction in n:

1
P(Z,<y)=P <Zn1 +-X, < y) .
n

As X, /n~ Exp(nA), the last probability equals

y
/ (1—e™)"Tnde ™0 dz
0
y oM
=nie™ / (1 —e ) lel g :ne_")‘y/(u —1)"'du
0 1
eM—1

=ne [ v ldv=e e -1y =(1-e ). D
0

Problem 2.17 Suppose a > 1 and X, is a positive real-valued RV with PDF
fo(D) =Agt*exp (—1%)

for t > 0, where A, is a constant. Find A, and show that, if « > 1 and s, > 0,
P(X,>s+1t|X,>1) <P(X,>5).

What is the corresponding relation for o =1?

Solution We must have [;°f,(1)dr=1, so

A f *Lexp (—¢%)dt
0

a! / exp(—t*)d(r*) =a™! [e_’n];o =a,
0
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and A,=ca. If a> 1, then, V 5,7>0,

=)

P(X,>s+1X,>1)= PEPXQ =10 LZ’ xp (Zud(u)
X,z [ exp(—u)d(ue)
_exp(=(s+1)%)
exp (—1%)
= exp (—s” + negative terms)

=exp (1 — (s +0)%)

<exp(—sY)=P(X,>5s).

If a=1, t*— (s+1)*=—s, and the above inequality becomes an equality as P (X, > 1) =
exp (—?). (This is the memoryless property of the exponential distribution.) O

Remark If you interpret X, as the lifetime of a certain device (e.g. a bulb), then the
inequality P(X, > s+ t|X, > 1) < P(X, > s) emphasises an ‘aging’ phenomenon, where
an old device that had been in use for time ¢ is less likely to serve for duration s than a
new one. There are examples where the inequality is reversed: the quality of a device (or
an individual) improves in the course of service.

Problem 2.18 Let a point in the plane have Cartesian co-ordinates (X, Y) and polar
co-ordinates (R, ®). If X and Y are independent identically distributed RVs each having
a normal distribution with mean zero, show that R? has an exponential distribution and is
independent of .

Solution The joint PDF fy , is (1/2m0%)e~"*"/2° and R and © are defined by
Y
R=T=X"+Y*, O=tan"' X

Then

a(x, y)
a(t, 0)

Fre.o(t, 0) = fy.y (x(1, 8), (2, ))I(t > 0)I(0 < 6 < 277)

il

where the inverse Jacobian

a(x,y) _(6(1‘, 0))_l—det|:< 2x 2y ):|_l
ar,0)  \ax,y)) —y/ (% +y*) x/(F* +?)
(2247
_< X2t y? ) T2
Hence,
1 2
fro(t,0)= e e 27 I(t>0)1(0 < 0 <21) = fr2(£) fo (6),
with
fr () = Le—fﬂ”zl(t >0), fo()= iz(o <6 <2m).
202 2

Thus, R> ~ Exp (1/2¢?), ®~U(0, 27) and R? and © are independent. [
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2.2 Expectation, conditional expectation, variance, generating
function, characteristic function

Tales of the Expected Value
(From the series ‘Movies that never made it to the Big Screen’.)

They usually have difficult or threatening names such as
Bernoulli, De Moivre—Laplace, Chebyshev, Poisson.
Where are the probabilists with names such as Smith,
Brown, or Johnson?

(From the series ‘Why they are misunderstood’.)

The mean and the variance of an RV X with PDF fy are calculated similarly to the
discrete-value case. Namely,

EX = / xfy(x)dx and VarX = / (x — EX)? £ (x)dx. (2.58)
Clearly,

Var X = f (% — 2xEX + (EX)?) f (x)dx

=/xzfx(x)dx—ZIEX/fo(x)dx—I—(EX)z/fx(x)dx
=EX* —2(EX)? + (EX)’ =EX* — (EX)’. (2.59)

Of course, these formulas make sense when the integrals exist; in the case of the expec-
tation we require that

/ | x| fx (x)dx < oo.

Otherwise, i.e. if [ |x|fy(x)dx = oo, it is said that X does not have a finite expectation
(or EX does not exist). Similarly, with Var X.

Remark Sometimes one allows a further classification, regarding the contributions to
integral [ xfy(x)dx from [;* and fio. Indeed, [;° xfx(x)dx corresponds to EX, while
ffw(—x)fx(x)dx to EX_, where X, =max [0, X] and X_ = —min [0, X]. Dealing with
integrals fow and ffoo is simpler as value x keeps its sign on each of the intervals (0, o)
and (—oo, 0). Then one says that EX = oo if [ xfy(x)dx=o00 and [°_(—x)fy(x)dx < co.
Similarly, EX = —oo if [;" xfy(x)dx < oo but [*_(—x)fy(x)dx = cc.

Formulas (2.58) and (2.59) are in agreement with the standard representation of RVs,
where X(x) =x (or X(w) = w). Indeed, we can say that in EX we integrate values X(x) and
in Var X values (X(x) — EX)? against the PDF f, (x), which makes strong analogies with
the discrete case formulas EX =Y, X(w)py(w) and Var X =Y (X(w) — EX)*p(w).
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Example 2.8 For X ~U(a, b), the mean and the variance are

b _ 2
—l—a’ VarX:(b @) .
2 12

EX =
In fact,

b lbz—az_b—l-a

1 b 1 x?
EX = f xdx = — | == = ,
b—al, b—a \2)|, 2 b-a 2

the middle point of (a, b). Further,

1o, P-d 1
dx= =—(b*4+ab+d.
b—a/u rdr=s gy~ 3 Tabta)

Hence, Var X = 1(b* +ab+a*) — {(b+a)’=5(b—a)>. R

Example 2.9 For X ~ N(u, 0?):

EX =pu, VarX =0".

In fact,
EX = «/1_0' / xexp [— (xz_al; )z]dx
Fgf(x—u+u)exp[ (x _“)} x
L el E)oesnfon(2)o]
—0+ Fg_/exp(—j)dx:u,
and

VarX_\/_ /(x M)zexp[ (_“)2]

[ e (-5 )
o= [ exp (- )ax=

Example 2.10 For X ~ Exp(\),

1 1
EX=—, Var X = —.
A A2

In fact,

oo

= —Ax 1 —Xx 1
]EX:)\/ xe 'dx:ff xe dx=—,
0 AJo A

143

(2.60)

(2.61)

(2.62)
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and

implying that Var X =2/A2 —1/A2=1/A2. R

Example 2.11 For X ~ Gam(a, M),

EX = %, VarX = %. (2.63)
In fact,
EX=T (a) / Tletdy=1p (a) ‘e
_Tla+1) a
Al (@) A
Next,

=)

1 (o]
2 a 1 —Ax +1
e
/ TN (@) *

0

_TI'(a+2) (a+Da
COANT () A2

This gives Var X = (a + 1)a/A> —a?/A =a/A2. R
Example 2.12 Finally, for X ~ Ca(a, 7), the integral

7|
———dx= 2.64
/Tz+(x_a)z x =00, (2.64)

which means that EX does not exist (let alone Var X). W

A table of several probability distributions is given in Appendix 1.

In a general situation where the distribution of X has a discrete and an absolutely
continuous component, formulas (2.58), (2.59) have to be modified. For example, for the
RV W from equation (2.26):

A

A oo
=[0-P(W=0)]4+= [ xe ®Vidy=—"—"—.
® /o p(p — A)?

An important property of expectation is additivity:

E(X+Y)=EX+EY. (2.65)
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To check this fact, we use the joint PDF fy :
EX+EY = [ xfy(0de+ [ 3/, ()dy
= f x / Jxy(x, y)dydx + / y / Jxy(x, y)dxdy
= [ [ G+ 9)frr (o y)dyde = E(X + ).

As in the discrete-value case, we want to stress that formula (2.65) is a completely
general property that holds for any RVs X, Y. It has been derived here when X and Y
have a joint PDF (and in Section 1.4 for discrete RVs), but the additivity holds in the
general situation, regardless of whether X and Y are discrete or have marginal or joint
PDFs. The proof in its full generality requires Lebesgue integration and will be addressed
in a later chapter.

Another property is that if ¢ is a constant then

E(cX)=cEX. (2.66)

Again, in the case of an RV with a PDF, the proof is easy: for ¢ #0:

]E(CX):/X CX(x)dx:/x%fx(x/c)dxchxfx(x)dx;

when ¢ > 0 the last equality is straightforward and when ¢ <0 one has to change the
limits of integration which leads to the result. Combining equations (2.65) and (2.66), we
obtain the linearity of expectation:

E(c;X+¢,Y)=c,EX+c,EY. (2.67)

It also holds for any finite or countable collection of RVs:

E (Z c,-X,-) =) ¢EX, (2.68)

provided that each mean value EX; exists and the series ), ¢;EX; is absolutely convergent.
In particular, for RVs X, X,, ... with EX;=u, E(}L, X,) =nu.
A convenient (and often used) formula is the Law of the Unconscious Statistician:

Eg(X) = [ g(0)fx(x)dx, (2.69)

relating the mean value of ¥ = g(X), a function of an RV X, with the PDF of X. It holds
whenever the integral on the RHS exists, i.e. [ |g(x)]fy(x)dx < oo.

The full proof of formula (2.69) again requires the use of Lebesgue’s integration, but
its basics are straightforward. To start with, assume that function g is differentiable and
¢ >0 (so g is monotone increasing and hence invertible: V y in the range of g there exists
a unique x =x(y)(=g~'(y)) € R with g(x) =y). Owing to equation (2.28),

Be(0 = [ fin = [ s sy
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The change of variables y = g(x), with x(g(x)) = x, yields that the last integral is equal to
1
g'(x)
i.e. the RHS of formula (2.69). A similar idea works when g’ < 0: the minus sign is

compensated by the inversion of the integration limits —oo and oo.

The spirit of this argument is preserved in the case where g is continuously differentiable
and the derivative g’ has a discrete set of zeroes (i.e. finite or countable, but without
accumulation points on R). This condition includes, for example, all polynomials. Then
we can divide the line R into intervals where g’ has the same sign and repeat the
argument locally, on each such interval. Summing over these intervals would again give
formula (2.68).

Another instructive (and simple) observation is that formula (2.69) holds for any locally
constant function g, taking finitely or countably many values y;: here

Eg(X) =2 yP(e(X)=y))

[ ¢ @ fi(x)——dx= [ g(x)fe()dx,

=0, [ S g0 =y)dx= [ g(x)fx(x)ax.

By using linearity, it is possible to extend formula (2.69) to the class of functions g
continuously differentiable on each of (finitely or countably many) intervals partitioning

0, x=<0, . . . . o
R, viz. g(x) = { t= 0 This class will cover all applications considered in this volume.
x, x>0.

Examples of using formula (2.69) are the equations
b
El(a<X<b) =/ fx(x)dx=P(a< X <b)
and
b
EXI(a <X <b) :/ xfy(x)dx.

a

A similar formula holds for the expectation Eg(X, Y), expressing it in terms of a
two-dimensional integral against joint PDF fy ,:

Eg(X. V)= [ g(x.3) fry(x. y)dxdy. (2.70)

Here, important examples of function g are: (i) the sum x + y, with

EX+Y)= [ [ (43 fus(xy)dxdy

= [ xfe@dx+ [ yf,()dy=EX +EY

(cf. equation (2.65)), and (ii) the product g(x, y) = xy, where

E(XY):/ / xyfx y(x, y)dxdy. (2.71)
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Note that the CS inequality (1.30) holds:
IE(XY)| < (EX*EY?)"”,

as its proof in Section 1.4 uses only linearity of the expectation.
The covariance Cov (X,Y) of RVs X and Y is defined by

Cov(X.¥) = [ [ (x=EX)(y = EY)fy, (x, »)dxdy
=EX-EX)(Y —EY) (2.72)
and coincides with

/ / Fer(x.y)(xy — EXEY )dydx = E(XY) — EXEY. (2.73)

By the CS inequality, [Cov (X, ¥)| < (Var X)'*(Var ¥)""*, with equality iff X and ¥ are
proportional, i.e. X = cY where c is a (real) scalar.
As in the discrete case,

Var(X+Y)=VarX+ VarY +2Cov (X, Y) (2.74)
and
Var (cX) = c¢*Var X. (2.75)
If RVs X and Y are independent and with finite mean values, then
E(XY)=EXEY. (2.76)

The proof here resembles that given for RVs with discrete values: by formula (2.69),
E(XY) = [ [ 3xfx(0)f,()dxdy
= [ xfx()dx [ y,(y)dy =EXEY.

An immediate consequence is that for independent RVs

Cov(X,Y)=0, (2.77)
and hence
Var(X+Y)=VarX + VarY. (2.78)

However, as before, neither equation (2.76) nor equation (2.77) implies independence. An
instructive example is as follows.

Example 2.13 Consider a random point inside a unit circle: let X and Y be its co-
ordinates. Assume that the point is distributed so that the probability that it falls within a
subset A is proportional to the area of A. In the polar representation:

X=Rcos0®,Y=Rsin0®,
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where R € (0, 1) is the distance between the point and the centre of the circle and
® €0, 27) is the angle formed by the radius through the random point and the horizontal
line. The area in the polar co-ordinates p, 0 is

1

—p1(0=p = 1)1(0 = 0 < 2m)dpdd = f(p)dpSfo(6)de.

whence R and ® are independent, and
1

feP)=2p10=p=1). [o(0)=-_1(0=0=<2m).

Then
1

EXY =E(R?cos ©sin ©) =E(R*)E (2 sin(2®)) =0,

as
1 2
Esin(20) = — / sin(26)df = 0.
2 Jo

Similarly, EX =ERE cos® =0, and EY =ERE sin® =0. So, Cov (X,Y)=0. But X
and Y are not independent:

P<X>ﬁ,Y>ﬁ>:0, but ]P’(X>\/§>:]P’<Y>ﬁ)>0. |
2 2 2 2

Generalising formula (2.78), for any finite or countable collection of independent RVs
and real numbers

Var (Z cl»X,) =Y ¢/VarX, (2.79)

provided that each variance Var X; exists and >_, ¢} Var X; < oo. In particular, for IID
RVs X,, X,, ... with Var X; =02, Var (X, X;) =no™.
The correlation coefficient of two RVs X, Y is defined by

Cov(X,Y)
Corr (X, Y) = ——————. 2.80
( ) +/Var X+/VarY ( )

As|Cov (X, Y)| < (Var X)'*(Var¥)'”*, =1 < Corr(X, Y) < 1. Furthermore, Corr (X, ¥) =
0 if X and Y are independent (but not only if), Corr (X, Y) =1 iff X =cY with ¢ >0,
and —1 iff X =cY with ¢ <0.

Example 2.14 For a bivariate normal pair X, Y, with the joint PDF fy , of the form
(2.35), parameter r € [—1, 1] can be identified with the correlation coefficient Corr (X, Y).
More precisely,

VarX =07}, VarY =o;, and Cov (X, Y)=ro,0,. (2.81)
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In fact, the claim about the variances is straightforward as X ~ N(u,, 07) and Y ~

2
N(u,, 03).
Next, the covariance is

COV(X,Y):ﬁ//(X—M)()’_Mz)

1 (x —py)? (=) —py) | (=)’
e T R e |

1 1 x? xy yZiH
= Xyex —2r + dydx
2770'10'2\/1—r2// p{ 2(1 r?) [ 0,0, 0,

1 1 x2(1—7r?) i”
=——— | x| yexpy— dydx.
2770'10'2\/1—r2/ -/ p{ 2(1—”2)[ ot

where now

g,
yi=y—rx—.

o,
Therefore,
Cov(X,Y)= / xe V2 / (y + rx)
270, 0'2\/1 —r? 1 o,
¥
X exp |: 2(1)j| dy,dx

ro, _ 2 ro, 0, )
/xze PPRoigx=—122 [ x2e YRAx =ro,0,.

- V2ma? V2

In other words, the off-diagonal entries of the matrices % and 3~' have been identified
with the covariance. Hence,

Corr(X,Y)=r.

A simplified version of the above calculation, where u; = u, =0 and 07 =05 =1 is
repeated in Problem 2.23.

We see that if X and Y are independent, then r =0 and both = and 37! are diagonal
matrices. The joint PDF becomes the product of the marginal PDFs:

1 e [_ (x—p)* O _Mz)2i|

2 2
20; 203

X, y) =
Txy(x,) )
e~ (—p1)?/207 o= (y—p2)*/203

V2mo, V2mo,

An important observation is that the inverse is also true: if » =0, then = and 37!
are diagonal and fy ,(x,y) factorises into a product. Hence, for jointly normal RVs,
Cov (X,Y)=0iff X, Y are independent. W
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The notion of the PGF (and MGF) also emerges in the continuous case:
by (s) =Es* :/ s*fy(x)dx, s>0,
My (0) = Ee™ = / e £, (x)dx = ¢ (), O eR. (2.82)

The PGFs and MGFs are used for non-negative RVs. But even then ¢ (s) and My (6)
may not exist for some positive s or 6. For instance, for X ~ Exp (A):

o A
ox()=A [ s dr=  My(6) =

A—Ins

Here, ¢ exists only when In s < A, i.e. s <e?*, and My(0) when 6 < A. For X ~ Ca(a, 7),
the MGF does not exist: Ee?* = oo, 6 € R.

In some applications (especially when the RV takes non-negative values), one uses the
argument e~? instead of e’; the function

Ly(0) =Ee ™ = M, (—6) = / e " (x)dx, BER, (2.83)

which as in the discrete case, is called the Laplace transform (LTF) of PDF fy. Cf.
equation (1.55).
On the other hand, the characteristic function (CHF) iy (7) defined by

Py (1) = Ee™ = / e £, (x)dx, 1€R, (2.84)
exists V t € R and PDF fy. Cf. (1.56). Moreover: 5 (0) =E1=1 and
()] = [ || fe()dx= [ fr(0dx=1,
Furthermore, as a function of #, iy is (uniformly) continuous on the whole line. In fact:
(1 +8) = (D] = [ 47" = ™| f(x)dx
= [ [e"] e = 1] fe(x)dx
:/ |ei5x — 1|fX(x)dx.

The RHS does not depend on the choice of 7 € R (uniformity) and goes to 0 as § — 0.

The last fact holds because |ei5" — 1‘ — 0, and the whole integrand |ei5x - 1| fx(x) is
<2fx(x), an integrable function. A formal argument is as follows: given € > 0, take A >0
so large that

—A .
2/ fx(x)dx+ 2/ fr(x)dx < €/2.
oo "
Next, take 6 so small that

|ei3x—1|<e/4A, V —A<x<A;
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i8¢ 1 as 6 — 0 uniformly on (—A, A). Then split the entire

integral and estimate each summand separately:

we can do this because e

/|e'5" 1‘fx(x)dx_ / / / ‘e“s‘ l|fx(x)dx

—A 00
2Ae€

A
<2 /+/ fX(x)dx—i—/ ‘ei‘sx—1|fx(x)dx<6+ﬂ .

\— 00
We want to emphasise a few facts that follow from the definition:

(1) IfY=cX+b, then ¢, (1) =iy (ct).
(2) As in the discrete case, the mean EX, the variance Var X and higher moments
EX* are expressed in terms of derivatives of i, at t =0:

, (2.85)

t=0

1d
= - t
o

d? d 2
Var X = {—dtzlpx(t) + [dt(px(t)] } (2.86)

t=0

(3) CHF ¢4(¢) uniquely defines PDF fy(x): if ¢4 () = ¢, (¢), then fy(x) = f,(x).
(Formally, the last equality should be understood to mean that fy and f, can
differ on a set of measure 0.)

(4) For independent RVs X and Y: iy, (1) = (), (¢). The proof is similar to
that in the discrete case.

Example 2.15 In this example we calculate the CHF for: (i) uniform, (ii) normal, (iii)
exponential, (iv) Gamma and (v) Cauchy. (i) If X ~ U(a, b), then

eitb eim

Py (1) = —/ =i _a) (2.87)
(ii) If X ~ N(w, o?), then
Yy (1) =exp (im - ;tzaz) : (2.88)

To prove this fact, set w =0, 0> =1 and take the derivative in ¢ and integrate by parts:

1t\f —x2/2 _L ix itx 7x22x
ng()_m‘(\/_f /dx)_m/(l Yele ™ /2d

= E (—ie_"z/zei”‘> - 1€ e " Pdx = — i, (1).

1
—o /21T
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That is
? ,
(In ¢y (1)) = —t, whence In () = -5 T, ie ()= 7

As i, (0) =1, ¢ =0. The case of general w and o is recovered from the above property
(1) as (X —u)/o~ N(0, 1).
The MGF can also be calculated in the same fashion:

1
Ee® =exp (0,% + 29202> .

Now, by the uniqueness of the RV with a given CHF or MGF, we can confirm the
previously established fact that if X ~ N(u,, 07) and ¥ ~ N(u,, 07), independently,
then X + Y ~ N(u, + iy, 07 + 07).

(iii) If X ~ Exp (A), then

Yy (£) = A /0 " et Mdy = - f - (2.89)
(iv) If X ~ Gam(a, A), then
Py(1)= (1 - 1;)_ . (2.90)

To prove this fact, we again differentiate with respect to ¢ and integrate by parts:

/\(1
I'(@)

d _ d A" r itx a—1,—Axq. ¥ agli-Ax
dtle(t)_dtl_‘(a)O/e x e Mdx = /(; e dx

AY ; L i
— a— (1t7)x)xd — 1.
F(a))\—itofx ey = T ¥ (0

That is
(In Y4 (2)) = (—aln (A —ir))’, whence i () = c(A —ir)™".

As f,(0) =1, ¢ = A*. This yields the result.
Again by using the uniqueness of the RV with a given CHF, we can see that if
X ~ Gam(a, A) and Y ~ Gam(c/, A), independently, then X + Y ~ Gam(a + o/, A).
Also, if X,, ..., X, are IID RVs, with X; ~ Exp(A), then X, +---+ X, ~ Gam(n, A).
(v) To find the CHF of a Cauchy distribution, we make a digression. In analysis, the
function

teRH/ei”‘f(x)dx, teR,

is called the Fourier transform of function f and denoted by ? The inverse Fourier
transform is the function

1 —itx g
xeR— ﬁ/e f(ds, xeR.
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If fy is a PDF, with fy >0 and [fy(x)dx=1, and its Fourier transform _/fz Yy has

i l?(t)‘ dt < oo, then the inverse Fourier transform of ¢y coincides with fy:

fu) =5 [t

Furthermore, if we know that a PDF fy is the inverse Fourier transform of some func-

tion ¥(¢):
fy) =5 [ w0,

then (1) = ¥ (¢). (The last fact is merely a re-phrasing of the uniqueness of the PDF
with a given CHF.)

The Fourier transform is named after J.B.J. Fourier (1768-1830), a prolific scientist
who also played an active and prominent role in French political life and administration.
He was the Prefect of several French Departements, notably Grenoble where he was
extremely popular and is remembered to the present day. In 1798, Fourier went with
Napoleon’s expedition to Egypt, where he took an active part in the scientific identification
of numerous ancient treasures. He was unfortunate enough to be captured by the British
forces and spent some time as a prisoner of war. Until the end of his life he was a staunch
Bonapartist. However, when Napoleon crossed the Grenoble area on his way to Paris
from the Isle of Elba in 1814, Fourier launched an active campaign against the Emperor
as he was convinced that France needed peace, not another military adventure.

In mathematics, Fourier created what is now called the Fourier analysis, by studying
problems of heat transfer. Fourier analysis is extremely important and is used in literally
every theoretical and applied domain. Fourier is also recognised as the scientific creator
of modern social statistics.

Now consider the PDF

1
fx)= Ee_‘xl, xeR.

Its CHF equals the half-sum of the CHFs of the ‘positive’ and ‘negative’ exponential RVs
with parameter A = 1:

1/ gy (L, 1 1
— | e™e ™ Mdx == = ,
2 2\1—ir " 1+ir)  1+2

which is, up to a scalar factor, the PDF of the Cauchy distribution Ca (0, 1). Hence, the
inverse Fourier transform of function e~

L/e’""e""dt:l ! .
2 7 1+ x2

Then, by the above observation, for X ~Ca (1, 0), i, (f) =e~".. For X ~Ca (a, 7):
Py (1) =", (2.91)
as (X —a)/T~ Ca(0,1).
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Note that ¢ () for X ~Ca («a, 7) has no derivative at  =0. This reflects the fact that
X has no finite expectation. On the other hand, if X ~Ca(a,, ) and Y ~Ca(a,, 7,),
independently, then X +Y ~Ca(a; + a,, 7, +7,). B

Problem 2.19 A radioactive source emits particles in a random direction (with all
directions being equally likely). The source is held at a distance d from a photographic
plate which is an infinite vertical plane.

(i)  Show that, given the particle hits the plate, the horizontal coordinate of the point
of impact (with the point nearest the source as origin) has PDF d/m(d* + x?).
(i) Can you compute the mean of this distribution?

Hint: (i) Use spherical co-ordinates r, ¢, 0. The particle hits the photographic plate
if the ray along the direction of emission crosses the half-sphere touching the plate; the
probability of this equals 1/2. The conditional distribution of the direction of emission
is uniform on this half-sphere. Consequently, the angle ¢ such that x/d =tan¢s and
x/r=sin is uniformly distributed over (0, 7) and 6 uniformly distributed over (0, 27).
See Figure 2.17.

In fact, the Cauchy distribution emerges as the ratio of jointly normal RVs. Namely,
let the joint PDF fy , be of the form (2.35). Then, by equation (2.39), the PDF fy y(u)
equals
v / |y exp [_yz(a'zu2 —2ro,0u + 0'2):| dy
2o 0,V 1 —r? 20703(1—r2) "7 ]

—y*  (c?u? —2ro,0,u+o?
M ( 2 102 1) dy

1 =]
—— | yex
770'10'2«/1—1’2/0 p|:2(1—”2) oio;

o0,V 11— 71?2 *
= 2 9 2 (S dyl’
m(osu? —2royou+ o7) Jo
where
Y 0w =200, + 0}

= 2(1—r2) alo} '

We see that
V1 —r2oy /o
Fyyy(u)= L2 (2.92)

7((u—roy/0y)? + (1= r?)o}/o3)’

Figure 2.17
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ie. X/Y ~Ca (rol/(rz, V11— I”ZO'I/O'z). For independent RVs,

0,/0,
7(u? +o7/03)’

ie. X/Y ~Ca (0, 0y/0,). Cf. Problem 2.13.

Ty () = (2.93)

Problem 2.20 Suppose that n items are being tested simultaneously and that the items
have independent lifetimes, each exponentially distributed with parameter A. Determine
the mean and variance of the length of time until » items have failed.
Answer:
! 1 d 1
ET,=)" CETEETY Var (T,) = Zm.

i=1

i=1

Problem 2.21 LetU,, U,, ..., U, be IID random variables. The ordered statistic is an
arrangement of their values in the increasing order: Uy <--- < U,.

(i) LetZ,,Z,,...,Z, be IID exponential random variables with PDF f(x) =e™*,
x > 0. Show that the distribution of Z;, is exponential and identify its mean.

(i) Let X,,...,X, be IID random variables uniformly distributed on the inter-
val [0,1], with PDF f(x) =1, 0 <x < 1. Check that the joint PDF of
Xays Xy o s Xy has the form

fxm,x(z),..,,x(,,) (xpseeox,)=n10<x <--- < X, = 1).
(iii) For random variables Z,, Z,,...,Z, and X;, X,, ..., X, as above, prove that
the joint distribution of X(l), X(z), o, X(n) is the same as that of
Sl Sn
Sivt Sus
Here, for 1 <i<n, S, is the sum Zj.:l Z;,and S, =S, +Z,,,, where Z, | ~
Exp (1), independently of Z,, ..., Z,.
(iv)  Prove that the joint distribution of the above random variables X ;), X5, . . ., X,
is the same as the joint conditional distribution of §;,S,,...,S, given that
Sn+l =1
Solution (i) P(Z,) > x) =P(Z, > x,...,Z, > x) =e " Hence, Z,, is exponential,
with mean 1/n.
(ii) By the definition, we need to take the values of X,,...,X, and order them.
A fixed collection of non-decreasing values x|, . . ., x,, can be produced from »! unordered

,,,,,

samples. Hence, the joint PDF fx(l), Xepr- Xon (x(,...,x,) equals

nf(x)...fx)I0<x, <---<x,<1)=nll0<x,<---<x,<1)

n

in the case of a uniform distribution.



156 Continuous outcomes

(iii) The joint PDF fy /s . s /s,.,.s,,, Of random variables S,/S,,,...,S,/S,,, and
S,.1 is calculated as follows:
Sn+1 = t)

J
ZfSn+1(t)mP(Sl <xit,...,8, <x,t| S, =1)
="fs,. (Dfs, s, (xit, oo X, 2|8, =1)
=115, 50501 (txy, ..., tx,, 1)

— t"eftxle*t(xzfxl) . e*[(lfxn)l(o < X <...<x

fSl/Sn+1"“’SH/SIH»I’SIH»I (xl’ Xos e Xy t)

" S S
=fs,,+1(t)P<Sl<x1’-~~’sn<xn

axl s axn n+l n+1

n

<1

n

=t"e ' I(0<x, <---<x,<1).

Hence,

oo
T5/SmeroensSufSues (K15 X250 05 X,) :fo t"e”'dt1(0<x; <---<x,<1).

This equals n!/(0 <x; <---<x, <1), which is the joint PDF of X;), X ), ..., X(,, by (ii).
(iv) The joint PDF fy 5 (x),...,x,.) equals

le,m,z,ﬁ,(xl’xz =X Xy — X0 <X <0 <x, < x,4)

—e Mg~ (—x) ... e*()‘n+1*)fu)[(() <x<---<x,< an)

:e*(xrﬁr])l(o Exl <-... an an+l)'

The sum S, has PDF fg (x)=(1/n!)x"e""I(x > 0). Hence, the conditional PDF could
be expressed as the ratio

s S,,H(xl""’xn’l)

fs,, (D)

=nll0<x,<---<x,<1). O

Problem 2.22 1Let X, X,,... be independent RVs each of which is uniformly dis-
tributed on [0, 1]. Let

U,=max X;,V, = min X,.

1<j=n 2o 1<j=n

By considering

Pv<X, <v+6v,v<X,, X5,.... X, | <u,u<X, <u+déu)

with 0 < v < u < 1, or otherwise, show that (U,, V,) has a joint PDF given by
n(n—1D(u—v)"2, if0<v<u<l,
, otherwise.

S, v) =

Find the PDFs f;, and fy . Show that P(1 —1/n < U, <1) tends to a non-zero limit as
n — oo and find it. What can you say about P(0 <V, <1/n)?
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Find the correlation coefficient 7, of U, and V,. Show that 7, — 0 as n — co. Why
should you expect this?

Solution The joint CDF of U, and V, is given by
PU,<u,V,<v)=PU, <u)—-PU, <u,V,>v)
=PU,<u)—Pv<X,<u,...,v<X,<u)
= (F(u))" — (F(u) — F(v))".
Hence, the joint PDF

i :0) = 7o [(F@)" — (F) — )]

_!n(n—l)(u—v)”‘z, ifo<v<u<l

0, otherwise.

The marginal PDFs are

fu,(u) = /Ou n(n—1)(u—v)">dv=nu""

and
fv, (v) =/1 n(n—1)(u—v)"*du=n(1—-v)"".

Then the probability P(1 —1/n < U, <1) equals

1

1 1\"
fU(u)du:n/ u"lduzl—(l—> —1—e'asn— 0.
" —1/n n

1-1/n 1

Similarly, P(O<V, <1/n)— 1 —e\.

Next,
n 1
EU,= , EV, = ,
n+1 n+1
and
n
VarU,=VarV, =

(n+1)*(n+2)
Furthermore, the covariance Cov (U,, V,) is calculated as the integral

1 u

O/O/f(u,v)<u—nil)<v—nil>dvdu
zofjn(n—l)(u—v)"_2<u—nil>(v—nil)dvdu
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:n(n—l)/ <u—ni]>du/(u—v)"2 (v—nj_l>dv

n u" un—l
_|: u"+? , ny"t! nu" ]1_ 1
=12 (n+1)2+(n+1)2 o (m+1)2(n+2)

Hence,
Cov (U,, V,) 1

7,=Corr (U,,V,) = ————""—=—==——0
" (U V) JVarU, /VarV, n

asn—oo. O
Problem 2.23 Two real-valued RVs, X and Y, have joint PDF

(51020) = 5 exp |~ (6 2 ) |

p(xy, %) = ——=exp | ————= (&7 —2rx;x, + x3) |,

S PV 2(1—r2) e

where —1 < r < 1. Prove that each of X and Y is normally distributed with mean 0 and

variance 1.
Prove that the number r is the correlation coefficient of X and Y.

Solution The CDF of X is given by
t
P(X<1) :f_ / p(xy, x,)dx,dx,.

The internal integral [ p(x,, x,)dx, is equal to

1 1
27Tvl—r2/exp{_2(l —r?)

e—11/2 f 2 q i X, — X,
= exp| —= ) dy, | with y=
2 ) P\ ) Y=o

1
=——e
N2

[(x2 — rxl)2 +(1- rz)xf] } dx,

—x3/2
’

which specifies the distribution of X:

2
e Xl/zdxl,

t 1
P(X <1)= /
(X< .
ie. X~ N(0, 1). Similarly, ¥ ~ N (0, 1).
Hence,

Corr (X,Y)=Cov (X,Y)=E(XY) =/ / XX, p(xy, xp)dx,dx, .
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Now
/xzp(xl,xz)dxz
= o / X, eXp {—l [(x2 - rxl)2 +(1— r2)x2] } dx,
271 —r? 2(1=r?) :
_ rx,e4/2
B 2 .
Then

oo 2
E(XY)= ﬁ/_ X7 exp (—le> dx, =r.

Hence, Corr (X, Y)=r, as required. O

Problem 2.24 Let X, Y be independent random variables with values in [0, co) and
the same PDF 2~ //7. Let U = X>+ Y2, V = Y/X. Compute the joint PDF f,, and
prove that U, V are independent.

Solution The joint PDF of X and Y is
4 2
ey ()= —e @),
T

The change of variables u = x*> +y?, v=y/x produces the Jacobian

d(u, v) —det( 2x 2y

y2 2
)=2+2xz=2(l+v ),

ax,y) —y/x* 1/x
with the inverse Jacobian
ax,y) 1

Au,v)  2(14+v?)
Hence, the joint PDF
Ix,y) -
A(u, v) (1 +1?)°

It means that U and V are independent, U ~ Exp (1) and V ~ Ca (0, 1) restricted to
(0,0). O

u>0,v>0.

fU,v("" v) :fx,y(x(“s v), y(u, v))

Problem 2.25 (i) Continuous RVs X and Y have a joint PDF

2)!
flxyy = SRR e,
m.n!

for 0 <y <x <1, where m, n are given positive integers. Check that f is a proper PDF
(i.e. its integral equals 1). Find the marginal distributions of X and Y. Hence calculate

1 2
PlY<-|X=-]).
3 3
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(ii) Let X and Y be random variables. Check that
Cov(X,Y)=E[l-X]xEY —E[(1—-X)Y].

(iii) Let X, Y be as in (i). Use the form of f(x, y) to express the expectations E(1 — X)),
EY and E[(1 — X)Y] in terms of factorials. Using (ii), or otherwise, show that the
covariance Cov (X, Y) equals

(m+1)(n+1)
(m+n+3)2(m+n+4)

Solution (i) Using the notation B(m, n) =T (m)T (n)/F (m+ n),

(m+n+2) " . (m+n—|—2)' X
- /(1 x) dx/yd - f(1
2)! 1
:(m+n+ ) B(m+1,n+2)
m!n! n+1

_(m+n+2)! 1 ml(n+1)!
N m!n! n+1(m+n+2)

1 2 1 m1/3 1 mz/3 1 n+1
Ply<-|x=2)=(- nd - rdy=(-) .
(—3‘ 3) (3) O/y y/<3> O/yy (2)

(ii) Straightforward rearrangement shows that

Hence,

E(1 - X)EY — E[(1 — X)Y] = E(XY) — EXEY.

(iii) By the definition of Beta function (see Example 3.5),

(m+n+2)! 1 m+1
E(l—X)= B 1, )= —m,
( ) m!n! n+1 (m+1,n+2) m+n—+3
2) 1 1
gy mtnt2) Bm+1,n+3)=—"1T1_
m!n! n+2 m+n—+3
and
21
B[(1—x)y)= DL g0
m!n! 2
_ (m+1)(n+1)
(m+n+3)(m+n+4)
Hence,
Cov (X, )= (m+1)(n+1) (m+1)(n+1)

(m+n+3)2  (m4+n+3)(m+n+4)

. (m+D(n+1)
T (m+n+3)2(m+n+4)
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In Problem 2.26 a mode (of a PDF f) is the point of maximum,; correspondingly, one
speaks of unimodal, bimodal or multimodal PDFss.

Problem 2.26 A shot is fired at a circular target. The vertical and horizontal co-
ordinates of the point of impact (taking the centre of the target as origin) are independent
random variables, each distributed normally N(0, 1).

(i)  Show that the distance of the point of impact from the centre has PDF re~""/2

for r> 0.
(i) Show that the mean of this distance is /7/2, the median is +/In4, and the
mode is 1.

Hint: For part (i), see Problem 2.10. For part (ii): recall, for the median x
/ re”"2dr :f re”"2dr.
0 %
Problem 2.27 Assume X;, X,,... form a sequence of independent RVs, each uni-
formly distributed on (0, 1). Let
N=min{n: X, +X,+---+X,>1}.

Show that EN =e.

Solution Clearly, N takes the values 2,3, ... Then

EN=) IP(N=0)=1+)Y P(N>I).

=2 1>2
Now P(N >1)=P(X,+ X, +---+ X,_; < 1). Finally, setting
PX,+ X+ +X,<y)=¢q(),0<y<1,

write ¢,(y) =y, and

at = (011 (v — w)du = | "4 — wdu,

yielding ¢,(y) =*/2!, g;(y) =¥*/3!, . . .. The induction hypothesis g, ;(y) =y~ /(I —1)!
now gives

!

y oyl y
q,<y)=/o o=

and we get that
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Alternatively, let N(x) =min{n: X, + X, +---+ X, > x} and m(x) = EN(x). Then

m(x) =1+ / m(u)du, whence m'(x) = m(x).

Integrating this ordinary differential equation with initial condition m(0) =1 one gets
m(l)y=e. O

Problem 2.28 The RV X has a log-normal distribution if Y =InX is normally dis-
tributed. If ¥ ~ N(u, %), calculate the mean and variance of X. The log-normal distri-
bution is sometimes used to represent the size of small particles after a crushing process,
or as a model for future commodity prices. When a particle splits, a daughter might be
some proportion of the size of the parent particle; when a price moves, it may move by
a percentage.

Hint: E(X") = M, (r) =exp (ru + r*c?/2). For r =1, 2 we immediately get EX and
EX?.

Problem 2.29 What does it mean to say that the real-valued RVs X and Y are inde-
pendent, and how, in terms of the joint PDF fy , could you recognise whether X and Y
are independent? The non-negative RVs X and Y have the joint PDF

1
fX,Y(x’ y) = E(x + y)e—(x+)')1(x’ y > O)’ X, y € R

Find the PDF f, and hence deduce that X and Y are not independent. Find the joint PDF
of (1X,tY), where ¢ is a positive real number. Suppose now that 7" is an RV independent
of X and Y with PDF

2t, if0<t<l1
p()= .
0, otherwise.

Prove that TX and TY are independent.
Solution Clearly,

0 1
Sx@)= [ )y =31 +0e7 x>0,

Similarly, fy(y)=(14y)e™/2, y>0. Hence, fxy # fxfy, and X and Y are dependent.
Next, for #, x,ye R,

frxy(t x,y)=t(x +y)e_("+Y)I(O <t<1)I(x,y>0).

To find the joint PDF of the RVs TX and 7Y we must pass to the variables ¢, u and v,
where u = tx, v=ty. The Jacobian

a(t, u, v)

1 x vy
=det |0 ¢ 0]=¢
e, x,) 00 ¢
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Hence,

1

Frx.rv(u, v) zf t_sz,x,y(t, u/t, v/t)dt

0

I
= / t‘zt@ exp (_u—l—v) de.

0

Changing the variable t — 7=1¢"" yields
Frxry(u, v) :/ dr(u+v)exp (—(u+v))=e “ u,v>0.
1

Hence, TX and TY are independent (and exponentially distributed with mean 1). O

Problem 2.30 A pharmaceutical company produces a drug based on a chemical
Amethanol. The strength of a unit of a drug is taken to be —In (1 — x) where 0 <x <1
is the portion of Amethanol in the unit and 1 — x that of an added placebo substance.
You test a sample of three units taken from a large container filled with the Amethanol
powder and the added substance in an unknown proportion. The container is thoroughly
shaken up before each sampling.

Find the CDF of the strength of each unit and the CDF of the minimal strength.

Solution It is convenient to set w = (x, y, z), where 0 < x, y, z < | represent the portions
of Amethanol in the units. Then € is the unit cube {w = (x,y,2): 0<x,y,z<1}. If X|,
X,, X5 are the strengths of the units, then

X, (w)=—In(1 —x), X,(w)=—1In(1 —y), X;(w)=—In(1—2z).

We assume that the probability mass is spread on ) uniformly, i.e. the portions x, y, z
are uniformly distributed on (0, 1). Then V j=1,2, 3, the CDF ij (x)= IP’(Xj <y) is
calculated as

1 I—e™
/ I(—In(1-x) < y)dx:/ dxI(y>0)=(1—e™)I(y>0),
0 0
i.e. X; ~ Exp(1). Further, P(min; X; <y) =1—P(min; X; > y) and

P(minX;>y)=P(X, >y, X, >y, X; = y) =[[P(X; > y) =e .
J A
J
That is min; X; ~ Exp (3).
In this problem, the joint CDF Fy, y y (¥, y,,y3) of the three units of drug equals the
volume of the set

{(x,y,2):0=<x,y,z<1,
—In(1—-x)<y, —In(1—-y)<y,, —1n(l—z)<y3}
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and coincides with the product
(=) (1=e) (1 =e™),
i.e. with Fy (y;)Fy,(y2)Fy,(y;)- The joint PDF is also the product:

fx,,xz,x3 (xp, xp, x3) =e Me e, O

Problem 2.31 Let X;, X,,... be a sequence of independent identically distributed
RVs having common MGF M(6), and let N be an RV taking non-negative integer
values with PGF ¢(s); assume that N is independent of the sequence (X;). Show that
Z=X,+X,+---+ X, has MGF ¢(M(6)).

The sizes of claims made against an insurance company form an independent identically
distributed sequence having common PDF f(x) =e™, x > 0. The number of claims during
a given year had the Poisson distribution with parameter A. Show that the MGF of the
total amount 7 of claims during the year is

X

P(0)=exp{r6/(1—0)} forO<1.

Deduce that T has mean A and variance 2A.

Solution The MGF

M,(0) =Ee?” =E[E (et +X

N=n)]

=Y P(N=n) (My,(0)" = (My,(6)),
n=0
as required.
Similarly, for T:
T=X,+--+Xy,

where X, ..., X, represent the sizes of the claims, with the PDF fy (x) =e™"I(x > 0),
independently, and N stands for the number of claims, with P(N =n) = A"e™/n!.

Now, the PGF of N is ¢(s) =e**~", and the MGF of X, is My (6) =1/(1 — ). Then
the MGF of T is

1 A0
df(@) =exXp |:A (1_0 - 1)i| =exXp []_0],
as required. Finally,
Y (0)=ET=A\, ¢"(0)=ET?> =21+ A%,

and Var T=2A. O
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Problem 2.32 Let X be an exponentially distributed random variable with PDF
I _
f(x)=—e™*, x>0,
o

where p > 0. Show that EX = u and Var X = u>.

In an experiment, n independent observations X, ..., X, are generated from an expo-
nential distribution with expectation u, and an estimate X =Y X,/n of p is obtained.
A second independent experiment yields m independent observations Y;, ..., Y, from
the same exponential distribution as in the first experiment, and the second estimate
Y= Z;”Zl Y;/m of u is obtained. The two estimates are combined into

T, =pX+(1-p)Y,

where 0 < p < 1.
Find ET, and Var T, and show that, for all e >0,

P(|T,—u|>€)—0 as m,n— .

Find the value p of p that minimises Var 7, and interpret T;. Show that the ratio of
the inverses of the variances of X and Y is /(1 — p).

Solution Integrating by parts:

EX = l[wxe_"/“d)c: (—xe_x/”)‘zo-f—/we_x/”dxzﬁ’«
o 0

and

© 1 o
]EX2=/ X —e Hdx = (—x’e )| 4+ 2uEX =2u,
o W

which yields
Var X =2u” — u> = pu’.

Now,

and
ET,=pEX +(1—p)EY = p.

Similarly,

2

. 1 n . 1 m 2
VarX:;ZVarXi:%, VarY:—ZZVarYJ«:%,

i=1 j=1
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and

_ _ 2 1= p)?
VarT,=p’VarX + (1 — p)*VarY =’ [’; + (m”)] .

Chebyshev’s inequality P(|Z]| > €) < (1/€*)EZ? gives

1 1
P(T,—pl>e€) < ?E(TP —u)i= gVar T,

w [172+ (1-p)°

€2

— — 0 as n, m— oo.
n m

To minimise, take

d 1-—

—Var T, =2u? p__7P =0, with ﬁ:i

dp P n m n+m
As

d? 1 1

—VarT, :2pd2 —+—1>0,

dp2 p=p n m

p is the (global) minimum. Then

_ nX+mY

n+m

P

is the average of the total of n 4+ m observations. Finally,

=

n 1/VarX u?/m n
—=—, and — = =—. O
I-p m 1/VarY up?/n m

Problem 2.33 Let X, X,,... be independent, identically distributed RVs with PDF

foy =] e =D

0, x<1,

where a > 0.

There is an exceedance of u by {X;} at jif X; > u. Let L(u) =min {i > 1: X; > u}, where
u> 1, be the time of the first exceedance of u by {X,}. Find P(L(u)=k) fork=1,2,...
in terms of & and u. Hence find the expected time EL(u) to the first exceedance. Show
that EL(u) — oo as u — oo.

Find the limit as u — oo of the probability that there is an exceedance of u before time
EL(u).

Solution Observe that

o 1
PO >w)= [ axldr= (- )[F =
u u“
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Then

P(L(u):k):(l—ul) L s

a ua

i.e. L(u) ~ Geom (1 —1/u®), and EL(u) = u®, which tends to co as u — oo.
Now, with [ -] standing for the integer part:

P(L(u) <EL(u))=P (L(u) < [u“]) =1-P (L(u) > [u“])
1\
=1- Z 1—— —
k>[uv]+1 ( ua) us

1 1\ 1
=1-—(1-= S
u® u® 1—(1—1/u®)

1 [u®]
=l—<l—) —1l—e!, asu—oo. O
ua

Problem 2.34 Let A and B be independent RVs each having the uniform distribution
on [0, 1]. Let U =min {A, B} and V =max {A, B}. Find the mean values of U and hence
find the covariance of U and V.

Solution The tail probability, for 0 < x < 1:
1—F,(x)=P(U>x)=P(A>x, B>x)=(1—x).

Hence, still for 0 <x < 1: F,(x) =2x — x2, and
fu(x)=F,(x)I[0<x<1)=2—-2x)I(0<x<1).

Therefore,

|

1 2
]EU:/ x(2—=2x)dx= <x2 — 3x3) 3
0 0

AsU+V=A+Band E(A+B)=EA+EB=1/2+1/2=1,
EV=1-1/3=2/3.
Next, as UV = AB, Cov (U, V) =E(UV) — EUEV which in turn equals

2 2 1
E(AB)— ==FEAEB—~-=-—~=—. O
9 9 4 36

Ol o
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2.3 Normal distributions. Convergence of random variables and
distributions. The Central Limit Theorem

Probabilists do it. After all, it’s only normal.
(From the series ‘How they do it’.)

We have already learned a number of properties of a normal distribution. Its impor-
tance was realised at an early stage by, among others, Laplace, Poisson and of course
Gauss. However, progress in understanding the special nature of normal distributions was
steady and required facts and methods from other fields of mathematics, including analysis
and mathematical physics (notably, complex analysis and partial differential equations).
Nowadays, the emphasis is on multivariate (multidimensional) normal distributions which
play a fundamental rdle wherever probabilistic concepts are in use. Despite an emerging
variety of other exciting examples, they remain a firm basis from which further develop-
ment takes off. In particular, normal distributions form the basis of statistics and financial
mathematics.

Recall the properties of Gaussian distributions which we have established so far:

(i)  The PDF of an N(u, 0?) RV X is

! ( ! ( )2) eR (2.94)
—exXp| ———(x — , X s .
V2mo P 2072 H

with the mean and variance

EX=pu, VarX =o” (2.95)
and the MGF and CHF

Ee’ =eft107" | FeiX =177 g reR. (2.96)

If X ~ N(u, 0?), then (X —w)/o~ N(0,1) and V b, ceR: cX +b~ N(cu+

b, a?).
(il) Two jointly normal RVs X and Y are independent iff Cov(X,Y) =
Corr (X,Y)=0.

(iii) The sum X + Y of two jointly normal RVs X ~ N(u,, 07) and ¥ ~ N(,, 03)
with Corr (X, Y)=r is normal, with mean u, + u, and variance o? + 2ro, o, +
o?. See equation (2.41). In particular, if X, Y are independent, X + Y ~
N(w, + iy, 02 + 02). In general, for independent RVs X, X,, . .., where X; ~
N(u;, 07), the linear combination }_; ¢,X; ~ N (X, c;u;, Y, c?o?).

Problem 2.35 How large a random sample should be taken from a normal distribution
in order for the probability to be at least 0.99 that the sample mean will be within one
standard deviation of the mean of the distribution?

Hint: (2.58) =0.995.
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Remark (cf. Problem 1.58). Observe that knowing that the distribution is normal allows
a much smaller sample size.

As has been already said, the main fact justifying our interest in Gaussian distributions is
that they appear in the celebrated Central Limit Theorem (CLT). The early version of this,
the De Moivre-Laplace Theorem (DMLT), was established in Section 1.6. The statement
of the DMLT can be extended to a general case of independent and identically distributed
RVs. The following theorem was proved in 1900-1901 by a Russian mathematician
A.M. Lyapunov (1857-1918).

Suppose X,, X,,... are IID RVs, with finite mean IEXj = a and variance
Var X; =0 If S, =X, +---+ X,,, with ES, = na, VarS, = no*, then V y € R:

n’

S, —ES
IimP| —-—= <y | =®(). 2.97
imvos ( Nars, y) ») (2.97)

In fact, the convergence in equation (2.97) is uniform in y:

S, —ES
Pl X _— ~ )
< NS, y) »

Lyapunov and Markov were contemporaries and close friends. Lyapunov considered

lim sup,.g =0.
n— 0o -

himself as Markov’s follower (although he was only a year younger). He made his name
through Lyapunov’s functions, a concept that proved to be very useful in analysis of
convergence to equilibrium in various random and deterministic systems. Lyapunov died
tragically, committing suicide after the death of his beloved wife, amidst deprivation and
terror during the civil war in Russia.

As in Sectionl.6, limiting relation (2.97) is commonly called the integral CLT and
often written as (S, —ES,)//Var S, ~N(0, 1). Here, the CLT was stated for IID RVs,
but modern methods can extend it to a much wider situation and provide an accurate
bound on the speed of convergence.

The proof of the integral CLT for general IID RVs requires special techniques. A pop-
ular method is based on characteristic functions and uses the following result that we will
give here without proof. (The proof will be supplied in Volume 3.)

Let Y, Y,,Y,,...be a sequence of RVs with distribution functions
Fy, Fy] s FYz’ ... and characteristic functions i, lj/Yl, 1,[fy2, . ... Suppose that, as
n— oo, CHF iy (t) — sy (1)Vt € R. Then Fy (y) — Fy(y) at every point y € R
where CDF F, is continuous.

In our case, Y ~ N(0, 1), with F, = ® which is continuous everywhere on R. Setting

S,—an
Y =

" o
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we will have to check that the CHF ¢, (1) — e /2Vr € R. This follows from a direct
calculation which we perform below. Write

Sn—an_ Xj_a

g

(o

I<j<n

and note that the RV (X; —a)/o is IID. Then

t n
(5, —any (i) (1) = [l!«x,_a)/g (ﬁ)] .

RV (X; —a)/o has mean 0 and variance 1. Hence its CHF admits the following Taylor
expansion near 0:

() = (0) + ' (0) + 54 (0) 4 00’ = 1 = =+ 0(us)

(Here and below we omit the subscript (X; —a)/c.) This yields

()5

But then

[w<~%)}n:[l_;;+0(i)}h*eﬂy? (2.98)

A short proof of equation (2.98) is to set

? 2 2
A(=A)=1——+o0|— ), B(=B,)=1——,
2n n 2n

and observe that, clearly, B" — e~""/2. Next,
A"—B"=A"'(A-B)+ A" *(A-B)B+---+(A—B)B"',
whence
|A" — B"| < (max [1, A, B])"~' |A — B|

which goes to 0 as n — oo.

Problem 2.36 Every year, a major university assigns Class A to ~16 per cent of its
mathematics graduates, Class B and Class C each to ~34 per cent and Class D or failure
to the remaining 16 per cent. The figures are repeated regardless of the variation in the
actual performance in a given year.

A graduating student tries to make sense of such a practice. She assumes that the
individual candidate’s scores X, ..., X, are independent variables that differ only in
mean values EX j» SO that ‘centred’ scores X i EX ; have the same distribution. Next,
she considers the average sample total score distribution as approximately N(u, o). Her
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guess is that the above practice is related to a standard partition of students’ total score
values into four categories. Class A is awarded when the score exceeds a certain limit,
say a, Class B when it is between b and a, Class C when between ¢ and b and Class D
or failure when it is lower that c. Obviously, the thresholds ¢, » and a may depend on w
and o.

After a while (and using tables), she convinces herself that it is indeed the case and
manages to find simple formulas giving reasonable approximations for a, b and c¢. Can
you reproduce her answer?

Solution Let X; be the score of candidate j. Set

S,= Y X, (the total score),

I<j<n

S, —ES,= > (X;—EX;) (the ‘centred’ total score).

1<j<n
Assume that X; — EX; are IID RVs (which, in particular, means that Var X; = o? does
not depend on j and Var S, =no?). Then, owing to the CLT, for n large,
S, —ES,
Jno

Thus total average score S,/n must obey, for large n:

S, N o? UY+
n - n ﬁ #:
where ¥ ~ N(0, 1) and
leg -1y Ex
Iu’_n n_n Jj*

1<j<n

~ N(0, 1).

We look for the value « such that P(Y> a) =1 — ®(«a)~ 0.16 which gives a = 1. Clearly,
P(Y>1)=P(S,/n>o/y/n + p). Similarly, the equation P(8 <Y< 1) =®(1) — (B) ~
0.34 yields B =0. A natural conjecture is thata=p+o,b=p and c=pu — 0.

To give a justification for this guess, write X; ~EX; + o¥. This implies

S 1
—~—(X; - EX)) +u

n "

and

1 o
P <ﬁ(Xj —EX;) +p> 7 +u) =P(X;>EX;+0)=0.16.

We do not know u or o and use their estimates:

1 Sn\*
> (5-2
1,5, n

n—

.S -
p=-—" and o%=
n
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(see Problem 1.32). Then the categories are defined in the following way: Class A is given
when candidate’s score exceeds i + \/ﬁ, Class B when it is between g and i + \/ﬁ,
Class C when it is between [ — \/ﬁ and fu and Class D or failure when it is less than
p—var. O

Problem 2.37 (continuation of Problem 2.36) Now suppose one wants to assess how
accurate is the approximation of the average expected score u by S, /n. Assuming that o,
the standard deviation of the individual score X i is < 10 mark units, how large should n
be to guarantee that the probability of deviation of S,/n from w is at most 5 marks does
not exceed 0.1?

Solution We want

( S, ES,
P2 —

n n
Letting, as before, ¥ ~ N(0, 1), the CLT yields that the last probability is
~P (| Y| > Sﬁ) .
o

Thus, we want

5@ >®71(0.995), ie. n>o? |:
o

25> <0.1.

®=1(0.995) T
5 9

with g% < 100. Here, and below, ®~! stands for the inverse of ®. As ®~!(0.995) =2.58,
we have, in the worst case, that

100
n=—[o" (0.995)]° =26.63

will suffice. O
In the calculations below it will be convenient to use an alternative notation for the
scalar product:

(x— )" S (x =) == 3 (x =)= 30 O — )25 (v — ).

i,j=1

Problem 2.38 Suppose X, ..., X, are independent RVs, X; ~ N(u;, 0?), with the
same variance. Consider variables Y;, ..., Y, given by

Yj=Za,-in, j=1,...,n,
i=1

where A = (a;;) is an n x n real orthogonal matrix. Prove that Y;, ..., Y, are independent
and determine their distributions.
Comment on the case where variances o7, . .., o are different.

(An n x n real matrix A is called orthogonal if A= (A~1)T.)
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Solution In vector notation,
Y, X,
Y:=|: |=A"X, where X=]| :
Y, X,

We have AT=A"!, (AT)~! = A. Moreover, the Jacobians of the mutually inverse lin-
ear maps

Xy Vi
x=|: |y=A"x, y=| ! | >x=Ay, x,yeR",
x}l yn

are equal to =1 (and equal each other). In fact:

sy, xy,. ... x,
MZN&AT , MZldﬁ:tAL
[ CTR| Oy e dn)
and det AT =det A ==+1.
The PDF fy,  y (y) equals fy  y (Ay), which in turn is equal to
; 2
o) 5>
ex _— a.y. — .
(277)1/20- 1<j<n P 20-2 I<i<n le[ M]
Set
c20 ... 0
Ha 0 c2...0
w=1\: and oI = L. . ,
Hon 0 0 ..0°

where I is the n x n unit matrix. Writing (Ay); for the jth entry (ATY); =2 <icn a;y; of
vector Ay, the above product of exponentials becomes

exp { —% [(AY)j - IU“/']Z } =exXp [—;(Ay - M)T(U_ZI)(Ay - M):|

—exp H(y _ATL)TAT(0DA(y — Am)] .

The triple matrix product AT(c—2I)A = 0~>ATA = 0*I. Hence, the last expression is
equal to

exp [—; (y—A"w) o0 (y— ATM)}

ZeXP{_ZLZ > [yj_(AT“)j]z}

I<j=n

= [T exp {—2;2 |- (ATM)_;]Z} :

I<j<n
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Here, as before, (AT,u)j =) i<i<n G;p; stands for the jth entry of vector ATu. So,
Y,,...,Y, are independent, and ¥, ~ N((ATw);, o).

In the general case where variances o7 are different, matrix o~I must be replaced by
the diagonal matrix

o720 ... 0
0 o;2... 0
st=| - (2.99)
0 0 ...0,7
Random variables Y), ..., Y, will be independent iff matrix

ATS A

is diagonal. For instance, if A commutes with 27!, i.e. S'A=A3"!, then
ATSTTA=ATAS =37,

in which case ¥; ~N((Au);, a'jz), with the same variance. [

Problem 2.38 leads us to the general statement that multivariate normal variables
Xy, ..., X, are independent iff Cov (X;, X;) =0V 1 <i < j<n. This is a part of properties
(IV) below. So far we have established the fact that bivariate normal variables X, Y are
independent iff Cov (X, ¥) =0 (see equation (2.35) and Example 2.5).

Recall (see equation (2.9)) that a general multivariate normal vector

X,
X=|:
Xn

has the PDF fyx(x) of the form

Sx(x) = —1(X—,U,, E'(x—u))), (2.100)

1
(V27)" (det 3)1/2 P ( 2

where 3, is an invertible positive-definite (and hence symmetric) n x n real matrix, and
det> ' =(det3)™".

For a multivariate normal vector X we will write X ~N(u, ).
Following the properties (I)—(III) at the beginning of the current section, the next
properties of the Gaussian distribution we are going to establish are (IVa) and (IVb)

(IVa) If X~ N(u, %), with PDF fy as in formula (2.100),
(i) Then each X; ~N(u;, 2;), i=1,...,n, with mean u, and variance 2, the
diagonal element of matrix 3.

(IVb) The off-diagonal element 3,; equals the covariance Cov (X;, X;), V1 <i<j<n.
So, the matrices 3 and 3! are diagonal and therefore the PDF fx(x) decomposes
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into the product iff Cov (X, X j) =0, 1<i<j<n.In other words, jointly normal
RVs X, ..., X, are independent iff Cov (X;, Xj) =0, 1<i<j<n.

Naturally, vector u is called the mean-value vector and matrix 3, the covariance matrix
of a multivariate random vector X.

The proof of assertions (IVa) and (IVb) uses directly the form (2.100) of the joint
multivariate normal PDF fy(x). First, we discuss some algebraic preliminaries. (This
actually will provide us with more properties of a multivariate normal distribution.)

It was stated in Section 2.1 that as a positive-definite matrix, 3 has a diagonal form
(in the basis formed by its eigenvectors). That is 3 an orthogonal matrix B = (b;;), with
B=(B!)T such that BDB™! =3, and BD"'B™' =3, where

X0 0 ... 0 A2 0 0 ... 0
p={0o 2 o ... ol.o'=[0 A2 0 ... o],
0 0 0 ... A2 0 0 0 A2
and A2, AZ,...,A2 are (positive) eigenvalues of . Note that det 3 =[], A? and

(det 3)2 =[T2, A,
If we make the orthogonal change of variables x — y = BTx with the inverse map

y — x =By and the Jacobian d(x, ..., x,)/d(y,,...,y,) =detB==l1, the joint PDF of
the new RVs
Y, X,
Y= =B"| :
Y, X

n 1 r 1
= exp|—=(By —u)' 7' (By — ]
H) (E\/ﬁ)\) p| 5By —w) I (By —p)
— (! exp 1 (y—B"w) B'BD'B'B(y — BT,U,)]
=1 V2, L 2
= (T ) exp| 4 (v~ B7) D" (Y—BT“)]
i=1 27TAI L 2
" 1 1 2
= exp1—=— [y — (B"w). }
(D mA,) d g D= Bl
Here, (BTM)I. is the ith component of the vector BTu. We see that the RVs Y,,...,7Y,

are independent, and Y, ~N ((BTM)I, , )t,z) That is the covariance:

0, i#],

Cov(¥, ¥) =E[Y, — B'w)] [, - (B'w),] = {Az_ ,~=j
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Actually, variables Y; will help us to do calculations with RVs X;. For example, for
the mean value of X :

Xj e (g _
ij]R[xWexp[ S ((x—p), 37 (x ﬂ)>]dx

/ (By),

1 T “1(y _RT

s 9| 5 (5= B) DB |0y
yibj; 1 T -1 T

Z | o |30 =B).D = B oy

by 1 .
= (27r)'/2/\ fy p{ 272[ y—(B'w),]’ }dy

1<i<n

= Z (BT/"L)tbjl -

1<i<n
Similarly, for the covariance Cov (X, X;):
(xi_Mi)(xj_Mj) |: 1 _ ]
LA e S i ——{(x—p), > " (x— d
R" (277-)71/2@ exp 2 (x—m) (x—p)) [dx
B / [B(y —B"w)],[B(y —B"w)],
2m)"2/det %,

X exp [—;((y —B'w), D7 (y - BTM)>] dy

=Y Y Cov(Y,Y,)byb,,

1<i<n 1<m=<n

= Z /\rznbtmbjm - (BDB?l)ij = 2

1<m=n

This proves assertion (IVb). For i = j it gives the variance Var X;.
In fact, an even more powerful tool is the joint CHF ¢ (t) defined by

Py (t) =Ee! X =Fexp (iz tjxj> T =(t,...,1,)€R". (2.101)
j=1

The joint CHF has many features of a marginal CHF. In particular, it determines the joint
distribution of a random vector X uniquely. For multivariate normal vector X the joint
CHF can be calculated explicitly. Indeed,

Eeit'™ — FeitBY _ [eiB™TY _ 1—[ Eexp[ (BTt)j Y]] _

Jj=1

Here each factor is a marginal CHF:

Eexp [i (B™), Y_,] —exp [i(BTt)_, (B'n), — (B"0): /\2/2]
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As BDB~! =3, the whole product equals

exp <itTBB_l,u — ;tTBDB_1t> =exp <itT/.L — ;tTEt> .
Hence,

TNOET (2.102)

Note a distinctive difference in the matrices in the expressions for the multivariate normal
PDF and CHF: formula (2.102) has 3, the covariance matrix, and equation (2.100) has 37!,

Now, to obtain the marginal CHF jo(t), we substitute vector t = (0,...,0,
t,0,...,0) (¢ in position j) into the RHS of equation (2.102):

‘/ij(t) =exp (ip;1 — tzzjj/z)'

Owing to the uniqueness of a PDF with a given CHF, X; ~N(u;, %), as claimed in
assertion (IVa).
As a by-product of the above argument, we immediately establish that:

(IVe) If X~ N(u, 2), then any subcollection (X ) is also jointly normal, with the
mean vector (i ;) and covariance matrix (%, j,/)
For characteristic functions we obtained the following property:

(V) The joint CHF tx(t) of a random vector X ~N(u, ) is of the form

by =exp (it.) = 5 (130)).

Finally, the tools and concepts developed so far also allow us to check that
(VI) A linear combination ) !, ¢;X; of jointly normal RVs, with X ~N(u,3) is
normal, with mean (¢, u) =", ¢;u; and variance (¢, 2¢) =", i, ¢;Z;C;.
More generally, if Y is the random vector of the form Y = ATX obtained
from X by a linear change of variables with invertible matrix A, then Y ~
N (ATu, ATSA). See Example 3.1. (The last fact can also be extended to the

case of a non-invertible A but we will leave this subject to later volumes.)

Problem 2.39 Derive the distribution of the sum of n independent random variables
each having the Poisson distribution with parameter A. Use the CLT to prove that

NI +"n :
1o 72

as n — oo.

Solution Let X,, ..., X, be IID Po (1). The PGF

1 ,
Yy () =Es¥ = s’ﬁe’1 =, seR"
=0 :
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In general, if ¥ ~Po (A), then
N

A
Py(s) =3 et =l
Now if S, =X, +---+ X,,, then

‘/fs,, (s)= ¢X, ()~ lpx,, (5),
yielding that S, ~Po (n), with ES, = Var (S,) =n. By the CLT,
S,—n
T =

T

~ N(0, 1) for n large.

But
n n2 n"
e™" <1+++~~~+>=]P(S,,§n)=IP(T”§O)
12! n!
1 1
- — / e Pdy==as n—oco. [
V2w )
Problem 2.40 An algebraic question. If x|, ..., x, € R" are linearly independent col-

umn vectors, show that the matrix n x n
n
Z XX,
i=1

is invertible.

Solution It is sufficient to show that matrix ) ! x,x/ does not send any non-zero
vector to zero. Hence, assume that

n n n n
T _ . . _ .
Yoxx[ |e=0, ie. Y Y xxuc=> x;(x,¢)=0, 1<j<n,
i=1 k=1i=1 i=1
where
Xi1 Ci
x=| |, 1<i<n, andc=

C

n

The last equation means that the linear combination
n
> o x;(x;,¢)=0.
i=1

Since the x; are linearly independent, the coefficients (x;, ¢) =0, 1 <i <n. But this means
thatc=0. O

A couple of problems below have been borrowed from advanced statistical courses;
they may be omitted at the first reading, but are useful for those readers who aim to
achieve better understanding at this stage.
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Problem 2.41 LetX,,..., X, beanIID sample from N(u,, 07) and ¥;, . .., Y, be an
IID sample from N(u,, 03) and assume the two samples are independent of each other.
What is the joint distribution of

the difference X — Y and the sum — ZX +— Z Y;?

111 2]1

Solution We have X ~ N(u,, 0?/n) and Y ~ N(u,, 03/n). Further,

Cm N T et )’
Far(xy)= 271'0'l 27a} P 207 - 207 |’

We see that both

o _ 1 n m
U=X-Ya —22 22 :—X—i——Y
Oy =1 03 -1 o} o3
are linear combinations of (independent) normal RVs and hence are normal. A straight-
forward calculation shows that

n m
EU=w; =y, ES=—pu +—u,,
o 0;

and
2 2
Var U:M, Var S:%—i—ﬁz.
mn o7 0;
So
1/2 _ 2
P ) L exp{ [ = (1~ )] } R
[27(ma? + no?)] 2(mat + no3)/(mn)
and
fo(s) = i

27(mo} + no3)] 12

2
2
X“P‘P‘(éﬂf*%fﬂ J@Li@ﬁ seR.
g g3 0'1 02

Finally, U and S are independent as they have Cov (U, S) =0. Therefore, the joint
PDF fys(u, s) = fy(u)fs(s). O

Remark The formulas for f;,(«) and f(s) imply that the pair (U, S) forms the so-called
‘sufficient statistic’ for the pair of unknown parameters (u,, i,); see Section 3.2.

Problem 2.42 1Let X,,..., X, be arandom sample from the N(0, o?) distribution, and
suppose that the prior distribution for 6 is the N(w, 72) distribution, where o2, u and 72
are known. Determine the posterior distribution for 0, given X, ..., X

ne
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Solution The prior PDF is Gaussian:
7(0) = e~ 0-w?/27),
27T
and so is the (joint) PDF of X, ..., X, for the given value of 6:
e—(i=0?/@0%)

Ix,... Xn(xl"' S X3 0) = H«/_O'

Thus

TO)fr,..., (15 % n,e)aexp[—“’_“) Z 22 }

272

1 1
=exp |:—2T2(02 —2ub+u?) — 397 2 (xl2 —ZHij+02>:|

—oola |2 () - (53}
leaving out terms not involving 6. Here and below
xX= 1 Xn:x
i
Then the posterior

W(G)le,..‘,X,, (x1505x,5 0)

70X, ..., x,) =
: f 77(0’)le ,,,,, X, (x5 000y x,5 0)dO
1 |: (0 - /*‘l’n)2 :|
= exp|———5— |-
2T, 27}

where

1 1 n w/72 +nx/o?

> — + — M=V

7'3 2 o2 1/124+n/o?
Problem 2.43 Let ©®,X,,X,,... be RVs. Suppose that, conditional on @ =
0, X,,X,, ... are independent and X, is normally distributed with mean 6 and variance

o?. Suppose that the marginal PDF of @ is

1
(0) = e 7, 0eR.
(6) o
Calculate the mean and variance of © conditional on X, =x,,..., X, =x,.
Solution A direct calculation shows that the conditional PDF fgqy — x (6) =
f(O]x,,...,x,) is a multiple of

1 1 Yix/or \ |
exp[_Z(H;oﬁ)( 1+21/a”
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with a coefficient depending on values x,,...,x, of X;,..., X,. This implies that the
conditional mean

1

2
i O-i
and the COnditiOnal \/ariance

Var (O|X,,...,X,)= independently of X,,...,X,. O

n

1
1+Zil/0-i2’

Problem 2.44 Let X and Y be independent, identically distributed RVs with the stan-
dard normal PDF

1 )
f(x)=——e™""% xeR.
V2w

Find the joint PDF of U=X+7Y and V=X — Y. Show that U and V are independent
and write down the marginal distribution for U and V. Let

Yl if X>0,

|-y, itx<o.
By finding P(Z < z) for z <0 and z > 0, show that Z has a standard normal distribution.
Explain briefly why the joint distribution of X and Z is not bivariate normal.

Solution Write (U, V) =T(X, Y). Then for the PDF:

a(x, y)
u,v)|

fU,v(”’ U) fo,y(T71 (1, v)) ‘

The inverse map is

- a(x, 1
T (u, v) = utv u—vy y) 1
2 "2 W, v) 2
Hence,
1 1 2 21 1 L2402
— =3 (wtv)*/A+@—v)*/4) = _ -5 (W +v%)
fU,V(u’ U) 277_6 2 47Te ’

i.e. U, V are independent. Next, if z >0 then
]P’(Z<z)=%(1—|—P(|Y| <z2))=P(Y<2),

and if z <0, then
P(Z<z)= %IP’(—|Y| <z)=P(Y>|z]) =P(Y < 2).

So Z has the same standard normal distribution as Y. But the joint distribution of (X, Z)
gives zero mass to the second and fourth quadrants; hence Z is not independent of X. [



182 Continuous outcomes

Problem 2.45 Check that the standard normal PDF p(x) =e *"/2/+/27 satisfies the
equation

/ ) xp(x)dx=p(y), y>0.

y

By using this equation and sin x = fOX cos ydy, or otherwise, prove that if X is an N(0, 1)
random variable, then

(E cos X)* < Var (sin X) < E(cos X)*.
Solution Write
1 e 2 1 o 2 x2) 1 2
—x°/2 _ —x°/2 _ —y°/2
—_— xe dx=—— / e dl = )|=—c¢ .
J2m /) 2wy ( 2 V2w
Now

Esin X = 2sinxdx=0

1 / efxz/
2
as e~/2sin x is an odd function. Thus,
. 2
Var (sin X) = IEl(sinX)2 = / p(x)(sinx)zdx = f p(x) (/ cosydy) dx.
0
Owing to the CS inequality, the last integral is

< [ POl [ (cosyyddx

:_/j,o (c:osy)2/;xp(x)d)cdy+/Ooo (Cosy)zfooxp(x)dxdy

y

= [ pO)eosydy+ [ p(o)(cosy)dy

= / P()’)(COSy)Zdy= E(cos X)Z.
On the other hand, as EX* =1,

Var (sin X) = E(sin X)* = EX?E(sin X)?
> [E(XsinX)]* = |:/ xp(x)dx/xcosydy:|
= I:—/oo cosy/lo xp(x)dxdy+fowcosyfywxp(x)dxdyil

= (f p(y)cosydy>2: (]EcosX)z. O

Problem 2.46 In Problem 2.23, prove that X and Y are independent if and only if
r=0.



2.3 Normal distributions 183

Solution In general, if X, Y are independent then r = EXY = EXEY = 0. In the
Gaussian case, the inverse is also true: if » =0, then the joint PDF

1 e L 1 o2 .
\/_ \/— fx () fy (),

fxr(x, y)— e “EN2 -

i.e. X and Y are independent. [

Problem 2.47 State the CLT for independent identically distributed real RVs with
mean u and variance o”.
Suppose that X, X,, . .. are independent identically distributed random variables each
uniformly distributed over the interval [0, 1]. Calculate the mean and variance of In X;.
Suppose that 0 < a < b. Show that

(XX, X,)" e € [a, b])
tends to a limit and find an expression for it.
Solution Let X, X,, ..., be IID RVs with EX; = and Var X, = ¢>. The CLT states
thatV —oco<a < b <oo:
X+ +X,—nu ) 1 b s
a< = <b :—/e"/zdx.
( ﬁU \/27T a

Moreover, if X ~U[0, 1], then the mean value E(In X;) equals

lim P

n—oo

1 0 . 0
[ nxdx=— [ y@e)= (—ye o+ [ erdy=-1.
0 00 o0

Similarly, the mean value E(In X;)? is equal to

1 0

0
In X)’dx= [ yd(e?)= ()| —2 [ e ydy=2
[ (nx)ar= [ yae?) = (%)L —2 [ evay=2,
and
Var (In X,)=2—(—=1)*=1.

Finally,

-2 ,1/2

1@((}(1)(2 LX) e [a,b])

(J_Zlnx+fe[lna 1nb]>

:]P’(\/IE (éln X,-+n) € [ln a,In b])

In b

—>7/ e~"2dx, by the CLT, as n— oo. L[]
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Problem 2.48 The RV X, is normally distributed with mean w; and variance o7, for
i=1,2, and X, and X, are independent. Find the distribution of Z =a, X, 4+ a,X,, where

a;,a,eR.
(You may assume that Ee®™ =exp (Ou; + 6°02/2).)

Solution The MGF

— 0(ar X1+a X)) fa, X, ,0a,X,
Dy +arx, (0) E(e ) E(e e )

=E (69(11X|) E ( GazXz) d’xl (a, 0)‘1))(7 (a,0),

by independence. Next,

2

(202 + o2
(01‘712"‘ a20'2):| =M,(0),

alto? a’0*o?
¢x, (010)‘1’)(2(‘120):@7(1) (aleﬂl 1 ) +a,0p, + 2 2)
=€Xp I:o(all-’«l + arpy) +

where Z ~N((a,p; + a,py), (a}o? + a3o?)). In view of the uniqueness of a PDF with a
given MGF,

(alxl +a2X2) NN((allJ’l + ayiy), (a0} +a20'2)) g

Problem 2.49 Let X be a normally distributed RV with mean O and variance 1.
Compute EX” for r=0, 1, 2, 3,4. Let Y be a normally distributed RV with mean u and
variance . Compute EY” for r =0, 1,2, 3, 4. State, without proof, what can be said
about the sum of two independent RVs.

The President of Statistica relaxes by fishing in the clear waters of Lake Tchebyshev.
The number of fish that she catches is a Poisson variable with parameter A. The weight
of each fish in Lake Tchebyshev is an independent normally distributed RV with mean
w and variance . (Since u is much larger than o, fish of negative weight are rare and
much prized by gourmets.) Let Z be the total weight of her catch. Compute EZ and EZ2.

Show, quoting any results you need, that the probability that the President’s catch
weighs less than Au/2 is less than 4(u?+ o?)A~' w2

Solution EX°=El=1. EX'=EX?=0, by symmetry. Next, EX? and EX* are found
by integration by parts:

e ) e

1 oo
xte ™ dx = [(—x3e’xz/2>‘ + 3/ xze”‘z/zdx] =3,

v AR
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Further,

EY°=El=1,

EY'=E(ocX +p)=0EX + pEl =p,

EY?=E (02 X* +2uoX + pu?) =02 + u2,

EY}=E (0*X? +3u0?X* + 3p’0X + pu*) =3uc? + u?

and
EY*=E (o' X' +4uc’ X’ + 6’0’ X> +4p’ o X 4+ p*) =30 + 6p°0” + pt.

Now, if X;, X, are independent normal RVs of means u,, u, and variances 012, 0'22,
then X, + X, is N(u; + u,, 07 + 03).
Thus, if Y, is the weight of r fish, then ¥, ~N(ru, r0'2).
Finally,
ra—A

EZ=) P(catch r)EY, =)

r>0 r>0

TH=Ap,
r!

and similarly
Ae™? Net
EV =Y

EZ* =) —
r>0 : r>0

Ae
" r(r— 1)+/.LZZ

: r>1

(ro* 4+ r*u?)

r!

A
r=A0" + u?) + Aul

ANe~™
a2 2
=N+ u’)y 5

r>1

This yields
VarZ =EZ* — (EZ)’ = \(0* + u).

Then by Chebyshev’s inequality:

A A VarZ — 4(o? +
P<Z<“)5P<|Z—AM|>“)5 TE = @ +r) g
2 (An/2)

2 Ap?

Problem 2.50 Let X and Y be independent and normally distributed RVs with the
same PDF
1

N2
Find the PDFs of:
1 X+7Vv;
() X%
(i) X2+72

_2
e /2,

Solution (i) For the CDF, we have

1 2 2
Fy.y(n)= = / / e WP 2[(x 4+ y < r)dydx.
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As PDF e~ (" %)/2 /27 is symmetric relative to rotations, the last expression equals

1 2 2
_ —(’f /2 < \d e 1Pl4g
277/ (x ﬁ) ydx Zf/ "

whence the PDF

Sxar(x )_2\/_ e v/,

(ii) Similarly, for ¢ > 0:

1 2
Fy (1) = ﬁ/ / e P2 (2 < f)dydx
t
e—xz/zdx_ 1 e U2 du

_ 1/
_E_ﬂ Vo NC

which yields

fr(x)= e ?1(x>0).

1
2mx
(iii) Finally:

1 2
Fyoop(t) = oy / / ey 21(x* 4+ y* < t)dydx
T

t

1 /0_0/ 72/2 B 1 —u/2
= — re " CI(r §t)d9dr=f/e “2dy,
277'0 . 2

0

and the PDF

frer(x)= *e “Plx>=0). O

Problem 2.51 The PDF for the r distribution with ¢ degrees of freedom is
r 1)/2 2\ —(g+1)/2
f(x;q):((q‘f')/)<1+x> . —00<1<o00.
I'(¢/2)vmq q
Cf. equation (3.6). Using properties of the exponential function, and the result that

T (g + b) — m(g)bﬂq—l)ﬂ exp (—g)

as g — oo, prove that f (x; ¢) tends to the PDF of an N(0, 1) RV in this limit.
Hint: Write

2 —(g+1)/2 2\1 —1/2—-1/2¢
() 0T
4q q
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Derive the PDF of variable ¥ = Z2, where Z is N(0, 1). The PDF for the F-distribution
with (1, g) degrees of freedom is

_T(@+D2) i (m)“’“” 0<r<oo
T (¢/2) /7 ’ '

q
Using the above limiting results, show that f (x; ¢) tends to the PDF of Y as g — oo.

g(x;q)

Solution (The second part only.) The PDF of Y equals I(x > 0)e™*/?/+/27x. The
analysis of the ratio of gamma functions shows that

( v)(q+1)/2 v
14+ - — exp (—7).
q 2

Therefore, the PDF for the F-distribution tends to

Va2 -
el 4) hon(D).

as required.
This result is natural. In fact, by Example 3.4, the F, -distribution is related to the ratio

_x
a :
ZY_;'/‘I

j=1
where X, Y,,..., Y, are IID N(0,1). The denominator Z;’=1 Yf/q tends to 1 as g — o©
by the LLN. O

Problem 2.52 Let X, X,, ... be independent Cauchy RVs, each with PDF

Show that (X; +X,+---+ Xn)/n has the same distribution as X.

Does this contradict the weak LLN or the CLT?

Hint: The CHF of X, is eI, and so is the CHF of (X, + X, +--- + X,,)/n. The result
follows by the uniqueness of the PDF with a given CHF.

The LLN and the CLT require the existence of the mean value and the variance.

Problem 2.53 Let X ~ N(u, 0?) and suppose A(x) is a smooth bounded function,
x € R. Prove Stein’s formula

E[(X — p)h(X)] = o E[K (X)].
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Solution Without loss of generality we assume u = 0. Then

E[Xh(X)] = /xh(x)ef"z/z”zdx
_ 2 —x%)207
= o h(x)d ( oe )
_ 1 ’ 2 —x?/207
= oo / W(x)o“e dx,

which holds because the integrals converge absolutely. [

Problem 2.54 Let X ~ N(u, 0?) and let ® be the CDF of N(0, 1). Suppose that i(x)
is a smooth bounded function, x € R. Prove for any real numbers 6, ., B the following
equations hold:

E [e™ h(X)] = e PE[h(X + 602)]

and

E[@(aX-l—B)]:q)( ap B )

V1+ a?o?

Solution Again, assume without loss of generality that = 0. Then

GXh(X) Hx x2/202h(x)dx
Ele e
_ —(x—0%0)2 /202 026%/2
= e e h(x)dx
] |
292/2

o202

[ e e () dx = e PE[A(X + 007)].

/22
All the integrals here are absolutely converging.

In the proof of the second formula we keep a general value of u. If Z ~N(u, 1),
independently of X, then

E[®(aX +B)|=P(Z<aX+B)=P(Z—a(X —p) <au+pB)
Z-aX—p) _ _aptp ap+ B
=P =b| ——|. O
J1+ a?o? «/l—f—oﬂa’2 V1+ a?o?
Problem 2.55 Suppose that (X, Y) has a jointly normal distribution, and A(x) is a
smooth bounded function. Prove the following relations:

Cov[X,Y]
Var X

E[(Y-EY)X]= (X—EX)
and

Cov [h(X), Y]=E[K (X)] Cov [X, Y].
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Solution Again, assume that both X and ¥ have mean zero. The joint PDF fy ,(x, y)

is
o exp [—;(x, y)3~! ()yc)]

where ¥ = (3,;) is the 2 x 2 covariance matrix. Then, conditional on X = x, the PDF

fr(ylx) is

ocexp H (57,07 +2xy (2“)12]} .

Recall, 3! is the inverse of the covariance matrix 3. This indicates that the conditional
PDF f,(y|x) is a Gaussian whose mean is linear in x. That is
E(Y|X)=yX.
To find y, multiply by X and take the expectation. The LHS gives E(XY)=Cov [X, Y]
and the RHS y Var X. The second equality follows from this result by Stein’s formula
Cov[h(X),YI=E[h(X)Y]=E[h(X)E (Y|X)]
_ Cov[X,Y]

= aw EIXACOI=E[K(X)]Cov[X.V]. O
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3 Parameter estimation

3.1 Preliminaries. Some important probability distributions

All models are wrong but some are useful.
G.P.E. Box (1919-), American statistician

Model without a Cause
(From the series ‘Movies that never made it to the Big Screen’.)

In the second half of this volume we discuss the material from the second year (Part IB)
Statistics. This material will be treated as a natural continuation of the IA probability
course. Statistics, which is called an ‘applicable’ subject by the Faculty of Mathematics
of Cambridge University, occupies a place somewhere between ‘pure’ and ‘applied’
disciplines in the current Cambridge University course landscape. One modern definition
is that statistics is a collection of procedures and principles for gaining and processing
information in order to make decisions when faced with uncertainty. It is interesting
to compare this with earlier interpretations of the term ‘statistics’ and related terms.
Traditionally, the words ‘statistic’ and ‘statistics’ stem from ‘state’, meaning a political
form of government. In fact, the words ‘statist’ appears in Hamlet, Act 5, Scene 2:

Hamlet: Being thus benetted round with villainies,-
Ere I could make a prologue to my brains,
They had begun the play,- I sat me down,
Devis’d a new commision; wrote it fair:
I once did hold it, as our’s statists do,
A baseness to write fair, and labour’d much
How to forget that learning; but, sir, now
It did me yeoman’s service. Wilt thou know
Th’ effect of what I wrote?

and then in Cymbeline, Act 2, Scene 4:

Posthumus: I do believe,
Statist though I am none, nor like to be,
That this will prove a war;. . .

193
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The meaning of the word ‘statist’ seems to be a person performing a state function. (The
glossary to The Complete Works by William Shakespeare. The Alexander Text (London
and Glasgow: Collins, 1990) simply defines it as ‘statesman’.) In a similar sense, the
same word is used in Milton’s Paradise Regained, The Fourth Book, Line 355.

Many of the definitions of statistics that appeared before 1935 can be found in [Wil]; their
meaning is essentially ‘a description of the past or present political and financial situation
of a given realm’. Characteristically, Napoleon described statistics as ‘a budget of things’.

The definition of statistics remained a popular occupation well after 1935 [NiFY], with
a wide variety of opinions expressed by different authors (and sometimes by a single
author over an interval of time). Political and ideological factors added to the confusion:
Soviet-era authors concertedly attacked Western writers for portraying statistics as a
methodological, rather than a material, science. The limit of absurdity was to proclaim
the existence of ‘proletarian statistics’, as opposed to ‘bourgeois statistics’. The former
was helping in the ‘struggle of the working class against its exploitators’, while the latter
was ‘a servant of the monopolistic capital’.

A particularly divisive issue became the place and role of mathematical statistics. For
example, G.E.P. Box (1919-), a British-born American statistician who began his career
as a chemistry student and then served as a practising statistician in the British Army
during World War II, wrote that it was a “mistake to invent the term ‘mathematical
statistics’. This grave blunder has led to a great number of difficulties.”

It is interesting to compare this with two rather different sentences by J.W. Tukey
(1915-2000), one of the greatest figures of all time in statistics and many areas of applied
mathematics, credited, among many other things, with the invention of the terms ‘bit’
(short for binary digit) and ‘software.” Tukey, who trained as a pure mathematician (his
Ph.D. was in topology), said that ‘Statistics is a part of a perplexed and confusing network
connecting mathematics, scientific philosophy and other branches of science, including
experimental sampling, with what one does in analysing and sometimes in collecting
data’. On the other hand, Tukey expressed the opinion: ‘Statistics is a part of applied
mathematics which deals with (although not exclusively) stochastic processes’. The latter
point of view was endorsed in a substantial number of universities (Cambridge included)
where many of the members of Statistics Departments or units (including holders of
Chairs of Mathematical Statistics) are in fact specialists in stochastic processes.

In the statistics part of this book one learns various ways to process observed data and draw
inferences from it: point estimation, interval estimation, hypothesis testing and regression
modelling. Some of the methods are based on a clear logical foundation, but some appear ad
hoc and are adopted simply because they provide answers to (important) practical questions.

It may appear that, after decades of painstaking effort (especially in the 1940s—1970s),
attempts to provide a unified rigorous foundation for modern statistics have nowadays
been all but abandoned by the majority of the academic community. (This is perhaps
an overstatement, but it is how it often seems to non-specialists.) However, such an
authority as Rao (of the Rao-Blackwell Theorem and the Cramér-Rao inequality; see
below) stresses that ties between statistics and mathematics have only become stronger
and more diverse.
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On the other hand, during the last 30 years there has been a spectacular proliferation of
statistical methods in literally every area of scientific analysis, the main justification of their
usefulness being that these methods work and work successfully. The advent of modern
computational techniques (including the packages SPSS, MINITAB and SPLUS) has made
it possible to analyse huge arrays of data and display results in accessible forms. One can say
that computers have freed statisticians from the grip of mathematical tractability [We].

It has to be stressed that even (or perhaps especially) at the level of an initial statistics
course, accurate manual calculations are extremely important for successful examination
performance, and candidates are advised to pay serious attention to their numerical work.

The prerequisite for IB Statistics includes brushing up on knowledge of some key facts
from IA Probability. This includes basic concepts: probability distributions, PDFs, RVs,
expectation, variance, joint distributions, covariance, independence. It is convenient to
speak of a probability mass function (PMF) in the case of discrete random variables and a
PDF in the case of continuous ones. Traditionally, statistical courses begin with studying
some important families of PMFs/PDFs depending on a parameter (or several parameters
forming a vector). For instance, Poisson PMFs, Po()), are parametrised by A > 0, and so
are exponential PDFs, Exp (A). Normal PDFs are parametrised by pairs (w, o), where
u € R is the mean and o > 0 the variance. The ‘true’ value of a parameter (or several
parameters) is considered unknown and we will have to develop the means to make a
judgement about what it is.

A significant part of the course is concerned with IID N(0, 1) RVs X;, X,,... and
their functions. The simplest functions are linear combinations >, a,X;.

Example 3.1 Linear combinations of independent normal RVs. We have already dis-
cussed linearity properties of normal RVs in Section 2.3; here we recall them with minor

modifications. Suppose that X, . . ., X, are independent, and X; ~ N(u;, o). Their joint
PDF is
o 1 "
2 2 . n
x)=]] exp|—=(x;— ;)" /o7 |, x=]| : | eR" 3.1

n

Then V real a, ..., a,,

n

doaX;~ N(Z aifis Za?a}z> : (32)

In particular, if ¢, =---=a,=1/n, u,=---=u,=p and oy =---=0, =0, then
1 a?
- ZXI»NN</.L, > (3.3)
n'; n

On the other hand,

. . 1/2
Z(Xi _Mi)/<z 0',2) ~ N(0, 1).
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Next, suppose A= (4;;) is a real invertible n x n matrix, with det A # 0, and the
inverse matrix A~' = (A};). Write
Xl Yl
X=]|: and Y=|:
X, Y,

and consider the mutually inverse linear transformations Y = ATX and X = (A*' )T Y, with
n B T n ,
Y= (ATX), =2 x4, X,=((a7) Y)l_ =Y Y4,
i=1 j=1

Then the RVs Y,,...,Y, are jointly normal. More precisely, the joint PDF fy(y) is
calculated as

——a ]
Lot L (s ’
=l =—exp| —55 | Xvdi—wy
|detA| j=1 277'0']. 20’]2 o1 J J
1 1

= (277.)n/2 [det (ATEA)]I/Z
X eXp |:—; <(y —ATp), (ATEA)71 (y- ATM)>] :

Here, as before, (, ) stands for the scalar product in R", and

w ¥ o} O2 ... 0
w=| ], y=|:]€R"and Z= 0 0
My Vn 0 0 ... o2

Recall, u and 3, are the mean vector and the covariance matrix of X.
We recognise that the mean vector of Y is ATy and the covariance matrix is ATS A:

EY; = ZAI'/‘M," Cov (Y, Y)) = > AT Ay
k=1

i=1

Now suppose A is a real orthogonal n x n matrix, with >°, A;A;;=9,;,i.e. ATA equal
to the unit n X n matrix. Then det A ==+1. Assume that the above RVs X; have the same
variance: o7 =---=0? = 0. Then

Cov (¥,, ¥,) = Cov [(ATX) (ATX) ]: 3 AuA,Cov (X,, X))

i’ Jj
k,l=1

=07 AuAS =00 Y AAy =078, .
k.l k
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That is, random vector XTA =Y" has independent components Y,,...,Y,, with Y, ~
N I:(AT;L)j,O'z:I. [ ]

Example 3.2  Sums of squares: the x* distribution. Another example repeatedly used
in what follows is the sum of squares. Let X;, X,, ... be IID N(0,1) RVs. The distribution
of the sum

X
i=1

is called the chi-square, or x* distribution, with n degrees of freedom, or shortly the x?
distribution. As we will check below, it has the PDF fx,% concentrated on the positive
half-axis (0, c0):

fra(x) o X" e [(x > 0),
with the constant of proportionality 1 /[T (n/2)2"?]. Here
© 1
S Ly B g
I'(n/2) —/0 T e " dx.

One can recognise the x? distribution as Gam(a, A) with @ =n/2, A=1/2. On the

other hand, if X, ..., X, are IID N(u, g?), then
i(Xv—,ud)zNGam (n 1) and Li(X-—/.L)ZN)(z. (3.4)
i=I 2 20? oo !

The mean value of the y? distribution equals 7 and the variance 2n. All x* PDFs are
unimodal. A sample of graphs of PDF f. is shown in Figure 3.1.

A useful property of the family of x? distributions is that it is closed under independent
summation. That is if Z~ x2 and Z’' ~ x2,, independently, then Z + Z' ~ x2. . Of course,
x? distributions inherit this property from Gamma distributions.

A quick way to check that

1 1
n/2—1_—x/2

fa(x)=
is to use the MGF or CHF. The MGF M,;(0) = Eef? equals

1 02 —x2)2 1 (1902
[ et dx:—/e (1-20)2/2 4
V2 / T
1 1 2 1 1
=— —/ef" Pdy= ——, 0<—,
V1-20 V2 1-26 2

which is the MGF of Gam (1/2, 1/2). Next, the MGF M, (1) of ¥, =", X} is the power
(ng(a)) — (1 —26)"". This is the MGF of the Gam (n/2, 1/2) distribution. Hence
fy,~ Gam (n/2,1/2), as claimed. W
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Figure 3.1 The chi-square PDFs.

Example 3.3 The Student t distribution. If, as above, X;, X,, ... are IID N(0,1) RVs,
then the distribution of the ratio

Xn+1

(z x%/n)
i=1

is called the Student distribution, with n degrees of freedom, or the t, distribution for
short. It has the PDF f, spread over the whole axis R and is symmetric (even) with
respect to the inversion x — —x:

tz —(n+1)/2
ftn ([) X <1 + n) s

with the proportionality constant

1 T((n+1)/2)
Van  T(n/2)

For n > 1 it has, obviously, the mean value 0. For n > 2, the variance is n/(n — 2). All
Student PDFs are unimodal. A sample of graphs of PDF f, is shown in Figure 3.2.
These PDFs resemble normal PDFs (and, as explained in Problem 2.51, f, () approaches
e*’Z/z/\/ﬁ as n — oo0). However, for finite n, the ‘tails’ of ft” are ‘thicker’ than those
of the normal PDF. In particular, the MGF of a t distribution does not exist (except at
0=0):if X ~ t,, then Ee** =00 V € R\ {0}.

Note that for n =1, the t, distribution coincides with the Cauchy distribution.
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Figure 3.2 The Student PDFs.

To derive the formula for the PDF f, of the t, distribution, observe that it coincides
with the PDF of the ratio 7 = X//Y/n, where RVs X and Y are independent, and X ~
N(0,1), Y ~ x2. Then

1 2711/2
V27 U(n/2)

The Jacobian d(z, u)/d(x, y) of the change of variables

e—x2/2yn/2—le—_v/21(y > O).

fX,Y(x’ y) =

¢ X
= —, u:y
y/n

equals (n/y)'/? and the inverse Jacobian d(x, y)/d(t, u) = (u/n)"/%. Then

10 =10 =] fr (tun) ) (%) a

1 272 = U 172

_ o= u/2n /21 g=u/2 (7) du
N2 F(I‘l/2;zb/‘ n

— in }? —(1+12/n)u/2u(n+1)/2—1du.
V2m L(n/2)n'2 5

The last integrand comes from the PDF of Gam ((n+1)/2, 1/2+ 1*/(2n)). Hence,
£ ()= 1 T((n+1)/2) 1 (n+D)/2 36)
W e T(n/2) 1+2/n ’ '

which gives the above formula. W

Example 3.4 The Fisher F-distribution. Now let X,,...,X,, and Y;,...,Y, be IID
N(0,1) RVs. The ratio

Y. X7 /m
i=1

> ¥/n

Jj=1
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has the distribution called the Fisher, or F distribution with parameters (degrees of free-
dom) m, n, or the F,, , distribution for short. The corresponding PDF f;. is concentrated
on the positive half-axis:
m \ —(m+n)/2
fo (x) ocxm/>! (1 n —x) (x> 0), (3.7)
. n
with the proportionality coefficient

I'((m+n)/2) (m>'"/2

I'(m/2)T (n/2) '
The F distribution has the mean value n/(n — 2) (for n > 2, independently of m) and
variance

n

2n? -2
2wmAn=2) g,
m(n—2)*>(n—4)
Observe that
if Z~t,, then Z>~F,,, andif Z~F,,, then Z"'~F, .

A sample of graphs of PDF f; is plotted in Figure 3.3.

The Fisher distribution is often called the Snedecor—Fisher distribution. The above
formula for the PDF fi can be verified similarly to that for f, ; we omit the corresponding
calculation. W ‘

Example 3.5 The Beta distribution. The Beta distribution is a probability distribution
on (0,1) with the PDF

F(x) ocx (1 —x)F 10 <x < 1), (3.8)

where @, 8> 0 are parameters. The proportionality constant equals
Fa+p) 1
(@I ()" B(a.B)’

1.0

0.8

0.6
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0.0

Figure 3.3 The Fisher PDFs.
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Figure 3.4 The Beta PDFs.

where B(a, ) is the Beta function. We write X ~ Bet(a, B) if RV X has the PDF as
above. A Beta distributed is used to describe various random fractions. It has

el af
EX=——, VarX= .
a+f (a+B)(a+B+1)
Beta PDF plots are shown in Figure 3.4.
It is interesting to note that
X X
if X~F,, ,then m/n) - ~ Bet (ﬂ, E) .
’ 14+ (m/n)X n+mX 2°2

For further examples we refer the reader to the tables of probability distributions in
Appendix 1.

It will be important to work with quantiles of these (and other) distributions. Given
v €(0, 1), the upper y-quantile, or upper y-point, a_ (7y), of a PMF/PDF f is determined
from the equation

Y W=y or [ fxdi=y.
xza, () o
Similarly, the lower y-quantile (lower y-point) a_(vy) is determined from the equation
a_(y)
Y W=y or [ fxdr=y.
x<a_(y) e

Of course in the case of a PDF

a_(y)y=a,(1-vy), O0<y<l. (3.9)

In the case of a PMF, equation (3.9) should be modified, taking into account wheteher
the value a_(vy) is attained or not (i.e. whether f(a_(7y)) >0 or f(a_(7y)) =0).

If we measure y as a percentage, we speak of percentiles of a given distribution.
Quantiles and percentiles of a normal, of a x2, of a t- and of an F-distribution can be
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found in standard statistical tables. Modern packages allow one to calculate them with a
high accuracy for practically any given distribution.

Some basic lower percentiles are given in Tables 3.1-3.4 (courtesy of R. Weber). For
points of the normal distribution, see also Table 1.1 in Section 1.6.

These tables give values of x such that a certain percentage of the distribution lies less
than x. For example, if X ~#;, then P(X <5.84)=0.995, and P(—5.84 <X <5.84) =0.99.
If X ~ Fy 5, then P(X <4.82) =0.95.

Table 3.1. Percentage points of t,

n 0.995 0.99 0.975 0.95

1 63.66 31.82 12.71 6.31

2 9.92 6.96 4.30 2.92

3 5.84 4.54 3.18 2.35

4 4.60 3.75 2.78 2.13

5 4.03 3.36 2.57 2.02

6 3.71 3.14 2.45 1.94

7 3.50 3.00 2.36 1.89

8 3.36 2.90 2.31 1.86

9 3.25 2.82 2.26 1.83
10 3.17 2.76 2.23 1.81
11 3.11 2.72 2.20 1.80
12 3.05 2.68 2.18 1.78
13 3.01 2.65 2.16 1.77
14 2.98 2.62 2.14 1.76
15 2.95 2.60 2.13 1.75
16 2.92 2.58 2.12 1.75
17 2.90 2.57 2.11 1.74
18 2.88 2.55 2.10 1.73
19 2.86 2.54 2.09 1.73
20 2.85 2.53 2.09 1.72
21 2.83 2.52 2.08 1.72
22 2.82 2.51 2.07 1.72
23 2.81 2.50 2.07 1.71
24 2.80 2.49 2.06 1.71
25 2.79 2.49 2.06 1.71
26 2.78 2.48 2.06 1.71
27 2.71 2.47 2.05 1.70
28 2.76 2.47 2.05 1.70
29 2.76 2.46 2.05 1.70
30 2.75 2.46 2.04 1.70
40 2.70 242 2.02 1.68
60 2.66 2.39 2.00 1.67

120 2.62 2.36 1.98 1.66
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Table 3.2. Percentage points of N(0,1)

0.995 0.99 0.975 0.95 0.90
2.58 2.33 1.96 1.645 1.282

Table 3.3. Percentage points of x>

0.99 0.975 0.95 0.9

N

1 6.63 5.02 3.84 2.71
2 9.21 7.38 5.99 4.61
3 11.34 9.35 7.81 6.25
4 13.28 11.14 9.49 7.78
5 15.09 12.83 11.07 9.24
6 16.81 14.45 12.59 10.64
7 18.48 16.01 14.07 12.02
8 20.09 17.53 15.51 13.36
9 21.67 19.02 16.92 14.68
10 23.21 20.48 18.31 15.99
11 24.73 21.92 19.68 17.28
12 26.22 23.34 21.03 18.55
13 27.69 24.74 22.36 19.81
14 29.14 26.12 23.68 21.06
15 30.58 27.49 25.00 22.31
16 32.00 28.85 26.30 23.54
17 3341 30.19 27.59 24.717
18 34.81 31.53 28.87 25.99
19 36.19 32.85 30.14 27.20
20 37.57 34.17 31.41 28.41
30 50.89 46.98 43.77 40.26
40 63.69 59.34 55.76 51.81
50 76.15 71.42 67.50 63.17
60 88.38 83.30 79.08 74.40
70 100.4 95.02 90.53 85.53
80 1123 106.6 101.8 96.58
90 124.1 118.1 113.1 107.5

100 135.8 129.5 124.3 118.5

Tables 3.1-3.4 can be used to conduct various hypothesis tests with sizes 0.01, 0.05
and 0.10. For the F distribution, only the 95% point is shown; this is what is needed to
conduct a one-sided test of size 0.05. Tables for other percentage points can be found
in any statistics book or can be calculated using computer software. (These tables were
constructed using functions available in Microsoft Excel.)

Note that the percentage points for ¢z, tend to those for N(0,1) as n — oo.
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Table 3.4. 95% points of F

m,n

1 2 3 4 5 6 8 12 16 20 30 40 50

1 161.4 199.5 2157 2245 230.1 2339 238.8 2439 2464 248.0 250.1 251.1 2517

2 1851 19.00 19.16 19.25 19.30 1933 19.37 19.41 1943 19.45 1946 1947 19.48
3 1013 955 928 912 9.01 894 885 874 869 866 862 859 858
4 771 694 659 639 626 616 604 591 584 580 575 572 570
5 661 579 541 519 505 495 482 468 460 456 450 446 444
6 599 514 476 453 439 428 415 400 392 387 381 377 375
7 559 474 435 412 397 387 373 357 349 344 338 334 332
8 532 446 407 384 369 358 344 328 320 315 3.08 3.04 3.02
9 512 426 38 3.63 348 337 323 307 299 294 286 2.83 280
10 49 410 371 348 333 322 307 291 283 277 270 266 264
11 484 398 359 336 320 3.09 295 279 270 265 257 253 251
12 475 389 349 326 311 3.00 285 269 260 254 247 243 240
13 467 381 341 318 3.03 292 277 260 251 246 238 234 231
14 460 374 334 311 29 285 270 253 244 239 231 227 224
15 454 368 329 306 29 279 264 248 238 233 225 220 218
16 449 363 324 301 285 274 259 242 233 228 219 215 212
17 445 359 320 29 281 270 255 238 229 223 215 210 2.08
18 441 355 316 293 277 266 251 234 225 219 211 206 204
19 438 352 313 290 274 263 248 231 221 216 207 203 200
20 435 349 310 287 271 260 245 228 218 212 204 199 197
22 430 344 305 282 266 255 240 223 213 207 198 194 191
24 426 340 301 278 262 251 236 218 2.09 203 194 1.8 1.86
26 423 337 298 274 259 247 232 215 205 199 190 1.8 1.82
28 420 334 295 271 256 245 229 212 202 19 1.87 182 179
30 417 332 292 269 253 242 227 209 199 193 184 179 1.76
40 4.08 323 284 261 245 234 218 200 190 184 174 1.69 1.66
50 403 318 279 256 240 229 213 195 1.8 178 1.69 163 1.60
60 400 315 276 253 237 225 210 192 182 175 165 159 1.56
70 398 313 274 250 235 223 207 1.8 179 172 162 157 153
80 396 311 272 249 233 221 206 18 177 170 1.60 1.54 1.51
100 394 3.09 270 246 231 219 203 185 175 168 157 152 148

3.2 Estimators. Unbiasedness

License to Sample
You Only Estimate Twice
The Estimator
(From the series ‘Movies that never made it to the Big Screen’.)

We begin this section with the concepts of unbiasedness and sufficiency. The main model
in Chapters 3 and 4 is one in which we observe a sample of values of a given number n of
IID real RVs X, ..., X,, with a common PMF/PDF f(x; 6). The notation f(x; 6) aims
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to stress that the PMF/PDF under consideration depends on a parameter 6 varying within
a given range ©. The joint PDF/PMF of the random vector X is denoted by fx(x; 8) or
f(x; 0) and is given by the product

X, X
&) =f(x;0)... f(x:0), X=] |, x=]:]. (3.10)

X X

n n

Here, and below vector x is a sample value of X. (It follows the tradition where capital
letters refer to RVs and small letters to their sample values.) The probability distribution
generated by fx(-; 6) is denoted by P, and the expectation and variance relative to P, by
E, and Var,.

In a continuous model where we are dealing with a PDF, the argument x is allowed
to vary in R; more precisely, within a range where f(x; 0) > 0 for at least one 0 € 6.
Similarly, x € R” is a vector from the set where fx(x; ) > 0 for at least one value of
0 € ©. In a discrete model where f(x; ) is a PMF, x varies within a specified discrete set
VCR (say, Z, ={0,1,2,...}, the set of non-negative integers in the case of a Poisson
distribution). Then x € V" is a vector with components from V.

The subscript X in notation fx(x; 6) will often be omitted in the rest of the book.

The precise value of parameter 6 is unknown; our aim is to ‘estimate’ it from sample
x=(x;,...,x,). This means that we want to determine a function 6*(x) depending on
sample x but not on # which we could take as a projected value of 6. Such a function
will be called an estimator of 0; its particular value is often called an estimate. (Some
authors use the term ‘an estimate’ instead of ‘an estimator’; others use ‘a point estimator’
or even ‘a point estimate’.) For example, in the simple case in which 6 admits just two
values, 6, and 6,, an estimator would assign a value 6, or 6, to each observed sample X.
This would create a partition of the sample space (the set of outcomes) into two domains,
one where the estimator takes value 6, and another where it is equal to 6,. In general, as
was said, we suppose that 6 € ©, a given set of values. (For instance, values of 6 and 6*
may be vectors.)

For example, it is well known that the number of hops by a bird before it takes
off is described by a geometric distribution. Similarly, emission of alpha-particles by
radioactive material is described by a Poisson distribution (this follows immediately if one
assumes that the emission mechanism works independently as time progresses). However,
the parameter of the distribution may vary with the type of bird or the material used in
the emission experiment (and also other factors). It is important to assess the unknown
value of the parameter (¢ or A) from an observed sample x,...,x,, where x; is the
number of emitted particles within the ith period of observation. In the 1930s when
the experimental techniques were very basic, one simply counted the emitted particles
visually. At Cambridge University, people still remember that E. Rutherford (1871-1937),
the famous physicist and Director of the Cavendish Laboratory, when recruiting a new
member of the staff, asked two straightforward questions: ‘Have you got a First?’ and ‘Can
you count?’” Answering ‘Yes’ to both questions was a necessary condition for being hired.
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In principle, any function of x can be considered as an estimator, but in practice we
want it to be ‘reasonable’. We therefore need to develop criteria for which estimator is
good and which bad. The domain of statistics that emerges is called parametric estimation.

Example 3.6 Let X,,...,X, be IID and X; ~Po (A). An estimator of A =EX; is the
sample mean X, where

_ 12
X=-Y X. G.11)
iy

Observe that nX ~Po (n)). We immediately see that the sample mean has the following
useful properties:

(i)

(ii)

(iii)

(iv)

The random value X =37 X,/n is grouped around the true value of the param-
eter:

— 1
EX=-Y EX,=EX, =A. (3.12)
n -

This property is called unbiasedness and will be discussed below in detail.
X approaches the true value as 1 — oo:

P ( lim X = A) —1 (the strong LLN). (3.13)

n—o00

Property (ii) is called consistency.

An unbiased and consistent statistician?
This is the complement to an event of probability 1.
(From the series ‘Why they are misunderstood’.)

For large n,

K(X—A)~N(o, 1) (the CLT). (3.14)

This property is often called asymptotic normality.

Even when statisticians are normal,
in most cases they are only asymptotically normal.
(From the series ‘Why they are misunderstood’.)

We are also able to see that X has another important property:
X has the minimal mean square error in a wide class of estimators A*:

E,(X—2) <E,W(X)— 1> ® (3.15)
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Example 3.7 Let X,,...,X, be IID and X, ~ Bin (k, p). Recall, EX, =kp, Var X, =
kp(1— p). Suppose that k is known but value p=EX,/k € (0, 1) is unknown. An estimator
of pis X/k, with nX ~ Bin (kn, p). Here, as before:

(i) EX/k=p (unbiasedness).

(i) P(lim,_, X/k=p)=1 (consistency).

(iii) kn/[p(1—p)](X/k — p) ~N(0, 1) for n large (asymptotic normality).

(iv) X/k has the minimal mean square error in a wide class of estimators.

Now what if we know p but value k =1,2,... is unknown? In a similar fashion,
X/p can be considered as an estimator of k (never mind that it takes non-integer values!).
Again, one can check that properties (i)—(iii) hold. H

Example 3.8 A frequent example is where X, ..., X, are IID and X, ~ N(u, ).
When speaking of normal samples, one usually distinguishes three situations:

(I)  the mean w € R is unknown and variance o2 known (say, 0% = 1);
(II)  w is known (say, equal to 0) and o> > 0 unknown;
(IIT) neither w nor o is known.

In cases (I) and (IIT), an estimator for w is the sample mean

o 1 n o 1
X=-) X, with EX=-) EX,=EX, =pu. (3.16)

i=1 n-
From Example 3.1 we know that X ~ N(g, 0'2/n); see equation (3.3). In case (II), an

. v
estimator for o2 is 3 /n, where

gz =Y (X;—p)*, with EEZ =Y E(X,— p)’=nVarX, =no’, (3.17)

—2 =2
and E(3"/n) = ¢?. From Example 3.2 we deduce that 3 /o ~ x2.
With regard to an estimator of ¢ in case (III), it was established that setting

n

Sxx =2 (X, = X) (3.18)

i=1

yields

1 1
E Syx | = JESXX=U2. (3.19)
n—1 n—1

See Problem 1.32 where this fact was verified for IID RVs with an arbitrary distribution.
Hence, an estimator of ¢ is provided by Syy/(n—1).

We are now able to specify the distribution of Syy /0% as x> ,; this is a part of the
Fisher Theorem (see below).

So, in case (III), the pair

(%22)
n—1
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can be taken as an estimator for vector (u, o?), and we obtain an analogue of property
(1) (joint unbiasedness):

- S
(IEX, IEXX) = (u, o).
n—1
Also, as n— oo, both X and Syy/(n — 1) approach the estimated values u and o*:
- S
P (lim X=pu, lim % = 0'2) =1 (again the strong LLN).
n— 00 n—oo 1 —

This gives an analogue of property (ii) (joint consistency). For X this property can be
deduced in a straightforward way from the fact that X ~N(u, 0®/n) and for Syy/(n—1)
from the fact that Syy/0? ~ x?_,. The latter remarks also help to check the analogue of
property (iii) (joint asymptotic normality): as n — oo

Jn \/m<SXX

T(Y—M)"’N(O’ D, —

1~ 0'2> ~N(0,2), independently.
n—

In other words, the pair

(ﬁ M( Sux _02>>

MU X — ),
o ( 2 o? n—1
is asymptotically bivariate normal, with

0 . . (10
mean vector and the covariance matrix 02)

0

When checking this fact, you should verify that the variance of Sy equals 2(n — 1)o*.
An analogue of property (iv) also holds in this example, although we should be careful
about how we define minimal mean square error for a vector estimator. Wl

It is clear that the fact that X; has a specific distribution plays an insignificant role
here: properties (i)—(iv) are expected to hold in a wide range of situations. In fact, each of
them develops into a recognised direction of statistical theory. Here and below, we first
of all focus on property (i) and call an estimator 6* (= 6*(x)) of a parameter 0 unbiased if

E,0°(X)=0, Y0 e 0. (3.20)

We will also discuss properties of mean square errors.
So, concluding this section, we summarise that for a vector X of IID real RVs
Xy, ..., X,, (I) the sample mean

—_ 12
X=-YX, (3.21)
n i=1
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is always an unbiased estimator of the mean EX;:
o 1 n
EX=-) EX,=EX,,
o

(II) in the case of a known mean EX,,

1—2 12
-3 =-Y (X, - EX,)?
2% = L —EX)

is an unbiased estimator of the variance Var X:

12\ 1
E (22) =~ Y E(X, - EX,)’ = E(X, - EX,)? = Var X,,
n n i—1

and (II) in the case of an unknown mean,

1

1 & —
— S =—S(X,.—X)?
_1 XX n—lg( i )

is an unbiased estimator of the variance Var X;:

1
E (SXX) =Var X,
n—1

as was shown in Problem 1.32.
Estimators % /n and Sy, /(n— 1) are sometimes called the sample variances.

Statisticians stubbornly insist that the n justifies the means.
(From the series ‘Why they are misunderstood’.)

3.3 Sufficient statistics. The factorisation criterion

There are two kinds of statistics, the kind you look up,
and the kind you make up.
R.T. Stout (1886-1975), American detective-story writer

209

(3.22)

(3.23)

(3.24)

(3.25)

(3.26)

In general, a statistic (or a sample statistic) is an arbitrary function of sample vector x
or its random counterpart X. In the parametric setting that we have adopted, we call a
function T of x (possibly, with vector values) a sufficient statistic for parameter 6 € © if
the conditional distribution of random sample X given 7(X) does not depend on 6. That

is, VDCR”"

Py (X e D|T(X)) =E(I(X e D)|T(X)) is the same V 6 € O.

(3.27)

The significance of this concept is that the sufficient statistic encapsulates all knowledge

about sample x needed to produce a ‘good’ estimator for 6.
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In Example 3.6, the sample mean X is a sufficient statistic for A. In fact, ¥ non-negative
integer-valued vector x = (x,,...,x,) € Z" with 3,x; = nt, the conditional probability
P,(X =x|X =) equals

B(X=x.X=0) B(X=x) © LX) 1
P(X=1  P,X=1) e"™nA)"/(n)l  nv 1lx!

which does not depend on A > 0. We used here the fact that the events
(X=x, X=¢} and {X=x}

coincide (as the equation X = ¢ holds trivially) and the fact that nX ~Po (nA).
So, in general we can write

P, (X = x|X_t)_(m)1—[ (Zx_nt>

Of course, nx =Y ,x; is another sufficient statistic, and x and nx (or their random
counterparts X and nX) are, in a sense, equivalent (as one-to-one images of each other).

Similarly, in Example 3.7, X is sufficient for p with a known k. Here, V x € Z" with
entries x; =0, 1, ..., k and the sum 3, x; = nt, the conditional probability P, (X =x|X=1)
equals

Ko .
P,X=x) li—x) A (R) ()1 (nk — ).

P,X=0 Wkt () Tk x)!
(nn)tk —nry PP

which does not depend on p € (0, 1). As before, if X,x; # nt, P,(X =x|X =1) =0 which
again does not depend on p.
Consider now Example 3.8 where X, ..., X, are IID and X; ~ N(u, o). Here,

(I)  with o2 known, the sufficient statistic for u is
x-. Z X
n i=1 v
(I1) with u known, a sufficient statistic for o is
2
2 = Z(XI - /‘L)Z’
(1) with both w and ¢ unknown, a sufficient statistic for (u, %) is

(X, > X?) .
i=1

The most efficient way to check these facts is to use the factorisation criterion.
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The factorisation criterion is a general statement about sufficient statistics. It says:

T is sufficient for 6 iff the PMF/PGF fx(x;0) can be written as a product
g(T(x), 0)h(x) for some functions g and h.

The proof in the discrete case, with PMF fx (x; 6) = Py(X =x), is straightforward. In
fact, for the ‘if’ part, assume that the above factorisation holds. Then for sample vector
x € V" with T(x) =1, the conditional probability P,(X =x|T =1t) equals

P X=x,T=1) Py(X=x) g(T(x), ) h(x)
PT=0 T RT=) TS )0
I )L I 105
COUNS SRR SR TC)

This does not depend on 6.
If, on the other hand, the compatibility condition 7(x) = ¢ fails (i.e. 7(x) # ¢) then
Py (X =x|T =t) =0 which again does not depend on 0. A general formula is

h(x)
Y h(X)

XeVn: T(X)=t

Py(X =x|T =1) = (T(x)=1).

As the RHS does not depend on 6, T is sufficient.
For the ‘only if” part of the criterion we assume that Pp(X =x|T =) does not depend
on 6. Then, again for x € V" with T(x) =¢

Ix(x) =P(X=x) =Py(X=x|T =1)Py(T =1).

The factor Py(X =x|T =) does not depend on 6; we denote it by h(x). The factor
P,(T =) is then denoted by g(¢, 6), and we obtain the factorisation.

In the continuous case the proof goes along similar lines (although to make it formally
impeccable one needs some elements of measure theory). Namely, we write the conditional
PDF fx,r(x[t) as the ratio

; 0
S5 0) 1orx) = 1)
fr(t; 6)
and represent the PDF f.(#; ) as the integral
fro)=[ f(X0)dX
{XeR™": T(X)=1}

over the level surface {X € R": T(X) =1}, against the area element d(X|7) on this surface.
Then for the ‘if” part we again use the representation f(x) = g(7(x), ) h(x) and arrive at
the equation
h(x)
)= ——F———= (T =1),
rlal) = e KT = )

{(XeR": T(X)=t}



212 Parameter estimation

with the RHS independent of 6. For the ‘only if’ part we simply re-write f(x; ) as
fxir(x[t) fr(t; 0), where ¢ = T(x), and set, as before,

h(x) = fxr(x[t) and g(T(x), 6) = f7(1; 0).

The factorisation criterion means that 7 is a sufficient statistic when 7(x) = T(x')
implies that the ratio f,(x; 0)/f,(x'; 0) is the same V 6 € ©. The next step is to consider
a minimal sufficient statistic for which T(x) = T(x’) is equivalent to the fact that the ratio
(x5 0)/f(X; 6) is the same V 6 € ©. This concept is convenient because any sufficient
statistic is a function of the minimal one. In other words, the minimal sufficient statistic
has the ‘largest’ level sets where it takes a constant value, which represents the least
amount of detail we should know about sample x. Any further suppression of information
about the sample would result in the loss of sufficiency.

In all examples below, sufficient statistics are minimal.

The statement and the proof of the factorisation criterion (in the discrete case) has been
extremely popular among the Cambridge University examination questions. See MT-IB
1999-112D (i), 1998-212E (ii), 1997-203G, 1994-403F (ii), 1993-403J (i), 1992-106D.
See also SP-IB 1992-103H (i). Here and below, we use the following convention: MT-IB
1997-203G stands for question 3G from the 1997 IB Math Tripos Paper 2, and SP-IB
1992-103H stands for question 3H from the 1992 IB Specimen Paper 1.

The idea behind the factorisation criterion goes back to a 1925 paper by R.A. Fisher
(1890-1962), the outstanding UK applied mathematician, statistician and genetist, whose
name will be often quoted in this part of the book. (Some authors trace the factorisation
criterion to his 1912 paper.) The concept was further developed in Fisher’s 1934 work.
An important rdle was also played by a 1935 paper by J. Neyman (1894—1981), a Polish—
American statistician (born in Moldova, educated in the Ukraine, worked in Poland and
the UK and later in the USA). Neyman’s name will also appear in this part of the book
on many occasions, mainly in connections with the Neyman—Pearson Lemma. See below.

Example 3.9 (i) Let X; ~U(0, #) where 6 > 0 is unknown. Then T(x) = max x;, X =
(xy,...,x,) eRY, is a sufficient statistic for 6.
(ii) Now consider X; ~U(6, 8+ 1), 6 € R. Here the sample PDF

fxx0)=]]10<x;,<6+1)
= I(minx; > #)I(maxx; <6+ 1), xe R".

We see that the factorisation holds with 7(x) being a two-vector (min x;, max x;), function
(31, 3,),0) =1(y, = 60)I(y, <6+ 1) and h(x)=1. Hence, the pair (minx;, max x;) is
sufficient for 6.

(iii) Let X,, ..., X, form a random sample from a Poisson distribution for which the
value of mean 6 is unknown. Find a one-dimensional sufficient statistic for 6.

(Answer: TX) =Y, X;.)

(iv) Assume that X; ~ N(u, 0), where both g € R and o > 0 are unknown. Then
T(x) = (X; x;, X, x7) is a sufficient statistic for 0= (u, c*). W
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34 Maximum likelihood estimators

Robin Likelihood — Prince of Liars
(From the series ‘Movies that never made it to the Big Screen’.)

The concept of a maximum likelihood estimator (MLE) forms the basis of a powerful
(and beautiful) method of constructing good estimators which is now universally adopted
(and called the method of maximum likelihood). Here, we treat the PMF/PDF f, (x; 6) as
a function of 6 € ® depending on the observed sample x as a parameter. We then take the
value of 6 that maximises this function on set ©:

5(:?0\()()) =arg max[f(x; 0):0¢ G)]. (3.28)

In this context, f(x; #) is often called the likelihood function (the likelihood for short)
for sample x. Instead of maximising f(x; 6), one often prefers to maximise its logarithm
£(x; 0) =In f(x; 0), which is called the log-likelihood function, or log-likelihood (LL) for
short. The MLE is then defined as

§=arg max[ﬁ(x; 0): 6¢ @].

The idea of an MLE was conceived in 1921 by Fisher.

Often, the maximiser is unique (although it may lie on the boundary of allowed set ).
If ¢(x; 0) is a smooth function of 6 € ©, one could consider stationary points, where the
first derivative vanishes

d d . .
@e(x;a)zo, <0r a—gjﬂ(x;@):O,;:l,...,d, 1f0:(01,...,0d)). (3.29)

Of course, one has to select from the roots of equation (3.29) the local maximisers (by
checking the signs of the second derivatives or otherwise) and establish which of these
maximisers is global. Luckily, in the examples that follow, the stationary point (when it
exists) is always unique. When parameter set ® is unbounded (say a real line) then to
check that a (unique) stationary point gives a global maximiser, it is enough to verify that
£(-; 0) —> —oo for large values of |6)|.

Finding the MLE (sometimes together with a sufficient statistic) is another hugely
popular examination topic. See MT-IB 1998-103E (ii), 1998-212E (iii), 1997-403G, 1996-
203G (i), 1995-203G (i), 1994-203F (ii,b), 1994-403F, 1992D-106 (i). See also SP-IB
1992-103H. Moreover, MLEs play an important role in (and appear in Tripos examples
related to) hypotheses testing and linear regression. See Chapter 4.

Example 3.10 In this example we identify MLEs for some concrete models. (i) The
MLE for A when X; ~ Po(A). Here, ¥V x=(x,,...,x,) € Z" with non-negative integer
entries x; € Z,,, the LL

Lx;A)=—nA+Y x;In A=) In(x;!), A>0.
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Differentiating with respect to A yields
—a Lx; ) =—n+ 71 =0 and A= 71 =
X; i n i :
o L n Ei X; a . Ei X=X
Furthermore,

&’
6)\2£(X = Zx <0.

So, X gives the (global) maximum. We see that the MLE A of A coincides with the sample
mean. In particular, it is unbiased.

(ii) X;~U (0, 6), 6 > 0, then 5(x) =max x;, is the MLE for 6.

(iii) Let X; ~U (6, 0 + 1) (cf. Example 3.9 (ii)). To find the MLE for 6, again look at
the likelihood:

f(x; ) =I(maxx; —1 <0 <minx;), feR.
We see that if max x; — 1 < minx; (which is consistent with the assumption that sample
x is generated by IID U(0, 6 4+ 1) RVs), we can take any value between max x; — 1 and

min x; as the MLE for 6.
It is not hard to guess that the unbiased MLE estimator for 0 is the middle point

~ 1 1
0= (maxx—l—{—mmx)_f(maxx—{—mmx)—f

2
Indeed:
~ 1 . 1
E6 = 5 (Emax X; + Emin X,) — 5
0+1 - .
/ dxxpmmX ()C) +/ dxxpmaxX (x) - 57
with
d ) d n
Pminx,(X) = ——P(min X; > x) = —— (P(X, > x))
i dx dx
d 0+1 "
-_< /dy =n@+1—x)"", 0<x<0+1,
dx

X

and similarly,

pmaxX,(x)Zn(x_a)n_l, O<x<0O+1.
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Then
6+1 6+1
Eminx,:n/(0+1—x)"-‘xdx=—n/(0+1—x)"dx
6 0
0+1 1

+(0+1)n/(H—I—l—x)"*ldx:—nfx"dx
0 0
1

n 1
0+1 dy=e—— 404+ 1=04+ ——, 3.30
+(0+ ) [ ¥ SO =0t (3.30)
0

and similarly,

Emax X; = +0, (3.31)

n+1
giving that E6=6. W

The MLEs have a number of handy properties:

(i) If T is a sufficient statistic for 0, then £(x; 6) =In g(7(x), 0) + In h(x). Max-
imising the likelihood in 6 is then reduced to maximising function g(7(x), 6) or
its logarithm. That is the MLE 6 will be a function of T(x).

(i) Under mild conditions on the distribution of X;, the MLEs are (or can be
chosen to be) asymptotically unbiased, as n — oo. Furthermore, an MLE 0 is
often asymptotically normal. In the scalar case, this means that ﬁ(@— 0) ~
N(0, v), where the variance v is minimal amongst attainable variances of unbiased
estimators for 6.

(iii) Theinvariance principle for MLEs: If §is an MLE for 6 and we pass from parameter
60 to n = u(0), where function u is one-to-one, then u(b\) is an MLE for 7.

3.5 Normal samples. The Fisher Theorem

Did you hear about the statistician who was put in jail? He now has zero
degrees of freedom.
(From the series ‘Why they are misunderstood’.)

Example 3.11 In this example we consider the MLE for the pair (u, o) in IID normal
samples. Given X; ~N(u, 02), the LL is

n n 1 &
x; py 0%) ==5In(2m) = Z1n (07) = 5> (5, — )’
i=1
X
x=| : | eR", pekR, 020,

n
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with

d ) 1
@Z(X; w,0%)= ) Xi:('xi -1,

Z(xi - ).

i

d o 2) n + 1
— x5 p, 0 =-S5+
do? # 202 20*

The stationary point where d¢/du = d¢/da? =0 is unique:
1

~ - o~
mH=x, O _;Sxx’

where, as in equation (3.18):

Sxx(: S)m(x)) = Z(xi - )_6)2 (332)

(In some texts, the notation S?_or even Eix is used, instead of S_.) The point (&, 02) =
(%, S,,/n) is the global maximiser. This can be seen, for example, because £(x; u, o)

2 — 0 for
every w. Then (X, S,,/n) cannot be a minimum (or a saddle point). Hence, it is the global
maximum. Here, X is unbiased, but Sy, /n has a bias: Syy/n=(n—1)o?/n < o>. See
equation (3.17) and Problem 1.32. However, as n—> oo, the bias disappears: ESy,/n— o>.

(The unbiased estimator for o is of course Syy/(n—1).) W

goes to —oco when |u| — oo and 2 — oo, and also £(x; i, 0%) = —oc as o

An important fact is the following statement, often called the Fisher Theorem.

For IID normal samples, the MLE (i&, 0%) = (Y s Syx/ n) is formed by independent
RVs X and Syy/n, with

X~ N(M, ‘;2) (i.e. /n(X —p) ~N(0, 0%))

and

o2

S S n—1
XXX (i.e. L,f ~ 3" Y where Y;,~N(0, 1), independently) .
o i=1

See (in a slightly different form) MT-IB 1994-203F. The question MT-IB 1998-
212E(iii) refers to the Fisher Theorem as a ‘standard distributional result’.

The Fisher Theorem implies that the RV [Syy — (n — 1)0?] /(0>v/2n) is asymptotically
N(0,1). Then of course,

1
N (Sxx — 0'2> ~N(0,20%).
n

To prove the Fisher Theorem, first write

n n n

> (X p)’ = X=X+ X~ )’ = > (X - X)*+n(X — ),

i=1 i=1 i=1
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since the sum 31 (X; — X)(X —p) = (X —p) >0, (X; — X) =0. In other words, > ,(X; —
K)* = Syx +n(X —p)*.
Then use the general fact that if vector

X, 1
1
has IID entries X; — u ~ N(0, ¢?), then for any real orthogonal n x n matrix A, vector
1
=AT(X —pul)
Y,

has again IID components Y; ~N(0, o?) (see Problem 2.38).
We take any orthogonal A with the first column

1/J/n

1//n
to construct such a matrix you simply complete this column to an orthonormal basis in
R". For instance, the family e,, . . ., e, will do, where column e, has its first k — 1 entries

1//k(k—1) followed by —(k —1)/\/k(k —1) and n — k entries O:
1//k(k—1)

1/,/k(.k—1)
e, = —(k—l)/\/m L k=2,...,n.
0

k—1

0
Then Y, = (A"(X — 1)), =/n(X — ), and Y, .. ., ¥, are independent of ¥;.
Because the orthogonal matrix preserves the length of a vector, we have that

Y=Y (X~ =X —p)’ + (X~ X) =¥ + Sy,
i=1

i=1 i=1
ie. Syy=>1,Y? Then Syy/0?=>",Y?/o*~ x>_,, independently of Y.
Remark Some authors call the statistic

S
=,/ (3.33)

S =
XX
n—1
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the sample standard deviation. The term the standard error is often used for syy//n
which is an estimator of o/+/n. We will follow this tradition.

Statisticians do all the standard deviations.
Statisticians do all the standard errors.
(From the series ‘How they do it’.)

3.6 Mean square errors. The Rao-Blackwell Theorem.
The Cramér-Rao inequality

Statistics show that of those who contract
the habit of eating, very few survive.
W. Irwin (1876-1959), American editor and writer

When we assess the quality of an estimator 6* of a parameter 6, it is useful to consider
the mean square error (MSE) defined as

Ey(6"(X) — 0)*; (3.34)
for an unbiased estimator, this gives the variance Var,0*(X). In general,
Ey(6*(X) — 0)° = Eo(0"(X) — E0"(X) + Eo0"(X) — 0)*
=Ey(6"(X) — E,0" (X)) + (E,0"(X) — 0)
+2(I 0" (X) — 6)Ey (6" (X) — Ey6"(X))
= Var,0*(X) + (Bias, 0" (X))*, (3.35)

where Bias,0* =E,0* — 0.
In general, there is a simple way to decrease the MSE of a given estimator. It is to use
the Rao—Blackwell (RB) Theorem:

If T is a sufficient statistic and 6* an estimator for 0 then o= E(6*|T) has
E(0* — 0)2 <E(6" — 0)%, 0 € O. (3.36)

Moreover, if E(6*)* < oo for some 0 € O, then, for this 0, the inequality is strict
unless 0* is a function of T.

The proof is short: as Ef* = [E(6*|T)] =E6*, both 6* and 6" have the same bias.
By the conditional variance formula

Var §* =E [Var (6*|T)] + Var [E(6*|T)] =E [Var (6*|T)] + Var 6*.

Hence, Var 6> Var 6* and so E(6* — 6)2 > E(6* — 0)%. The equality is attained iff
Var (6*|T) =0.
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Remark (1) The quantity E(6*|T) depends on a value of 6*(x) but not on . Thus 0"
is correctly defined.

(2) If 6* is unbiased, then so is b

(3) If 6* is itself a function of T, then 0 = 0.

The RB theorem bears the names of two distinguished academics. D. Blackwell (1919-)
is a US mathematician, a leading proponent of a game theoretical approach in statistics
and other disciplines. Blackwell was one of the first African-American mathematicians
to be employed by a leading university in the USA. C.R. Rao (1920-) is an Indian
mathematician who studied in India and Britain (he took his Ph.D. at Cambridge University
and was Fisher’s only formal Ph.D. student in statistics), worked for a long time in India
and currently lives and works in the USA.

Example 3.12 (i) Let X, ~U(0, 6). Then 6* =2X =2, X,/n is an unbiased estimator
for 6, with

—. 4 62
Var(2X) = —VarX, = I
n n

We know that the sufficient statistic 7 has the form 7(X) = max; X;, with the PDF

—1

fr(x)= n%l(o <x<0¥0).
Hence,

B =B (0'17) = > T (X[7)=2E(X,|7)

1 X, —1 1
=2(maxX,-X+maX i )=n+ T
n 2 n n

and 0" should have an MSE less than or equal to that of 6*. Surprisingly, giving away
a lot of information about the sample leads to an improved MSE! In fact, the variance
Var 0* = (n+1)*(Var T ) /n?, where

P) 2

0
n—1
VmT:/n%xzdx— /nx
0

n—1

xdx
0"
0

- [n—i—2_<n+l) }:9 FENECES)

So Var 8* = 62 /[n(n +2)] which is < 62/3n for n>2 and goes faster to 0 as 1 — oco.
(ii) Let X;,~ U(#,0+1). Then =3, X,/n — % is an unbiased estimator for 6; here

— 1 1
Var X=—-Var X, = —.
n 12n
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This form of the estimator emerges when we equate the value 6+1 /2 with sample mean
>, X,;/n. Such a trick forms the basis of the so-called method of moments in statistics.
The method of moments was popular in the past but presently has been superseded by
the method of maximum likelihood.

We know that the sufficient statistic 7 has the form (min; X;, max; X;). Hence,

~ ~ 1 1
0" =E@|T) =~ > EX,|T) -5
n- 2
1 1 .
=EX,|T) - 3= E(mle-—FmaxXi —1).
The estimator 5* is unbiased:

—~ n 1
EO =—-—| — 0 6 — =1 20,
2(n+1+ + +n+1 )

and it should have an MSE less than or equal to that of 6*. Again, giving away excessive
information about X leads to a lesser MSE. In fact, the variance Var §* = 1 Var (min X; +
max X;) equals

1 1
ZE (min X; + max X,)* — Z(]EminX,- + Emax X;)?

0+16+1

_ 1 2 1 2
=1 | [ oo (v 3) (430 dydx = 2264 D)2
6 x

Cf. equations (3.30) and (3.31). Here,
d? .,
dxdy (y—x)
=n(n—1D(H—x)""2 O<x<y<O+1.

fminX,-,maxX,- (X, y) =

Writing
0+1 . 0+1
1= [ =0+ vy,
0 x

we have

n*+3n+4

1
—n(n—DI=6 _—.
g = DI=6 +0+4(n+1)(n—|—2)

This yields for n >3

—~ n*+3n+4 1 1 1 —
Varff=— = ———— < —— =Var X.
4n+1)(n+2) 4 2(n+1)(n+2) 12n
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Indeed, the above integral I equals

0+16+1
[ [ =070 = 07 + 45y = 0) + 4x°)dydx
6 x

0+1

O+1—x)"" 4x(0+1—x)" 4x*(O+1—x)"!
= / + + dx
n+1 n n—1
b
1

T (=Dt D(n+2) [”(” — D +46(n - 1)(n+2)

+ 4(n— 1)+ 4% (n+ 1) (n+2) +86(n+2) +8].

Hence,

n+3n+4

|
Ca(n—) =44 T
M= D=0+ 0+ Ty

as claimed. M

Example 3.13 Suppose that X, ..., X, are independent RVs uniformly distributed
over (6, 20). Find a two-dimensional sufficient statistic 7(X) for . Show that an unbiased
estimator of 6 is § = 2X,/3.

Find an unbiased estimator of 6 which is a function of 7(X) and whose mean square
error is no more that of 6.

Here, the likelihood function is

"1 1
fx;0)=J] 51(0 <x;<20)= ﬁl(mjnxi > 6, max x; <26),
i=1 ! !
and hence, by the factorisation criterion
T = (min X;, max X;)
is sufficient. Clearly, EX, =36/2, so 8* =2X,/3 is an unbiased estimator. Define
- 2
0*=E (3X1 ‘ min X; =a, max X;= b)
_ 2a+2b+n—22a+b_a+b
" 3n 3n n 3 2 3
In fact, X, equals a or b with probability 1/n each; otherwise (when X, # a, b which holds
with probability (n — 2)/n) the conditional expectation of X, equals (a + b)/2 because

of the symmetry.
Consequently, by the RB Theorem,

~ 1
0" = 3 <min X; + max X,-)

is the required estimator. W



222 Parameter estimation

We would like of course to have an estimator with a minimal MSE (a minimum MSE
estimator). An effective tool to find such estimators is given by the Cramér—Rao (CR)
inequality, or CR bound.

Assume that a PDF/PMF f(-; 0) depends smoothly on parameter 6 and the
following condition holds: Y6 € ©

d d
/ e O)dx=0or % o fx:6) =0, (3.37)
Consider IID observations X,,...,X,, with joint PDF/PMF f(x;0) =

f(x150). .. f(x,; 0). Take an unbiased estimator 6*(X) of 0 satisfying the con-
dition: ¥ 0 € ©

fw 0*(x)%f(x; f)dx=1,0r 6*(x)8%f(x; 9)=1. (3.38)

xeVn

Then for any such estimator, the following bound holds:

1
VarTZ nT(e), (339)
where
 (0f(x: 0)/06)° (8f(x; 6)/06)°
A(B) = / g G % Y (3.40)

The quantity A(6) is often called the Fisher information and features in many areas of
probability theory and statistics.

Remark In practice, condition (3.37) means that we can interchange the derivation
ad / 06 and the integration/summation in the (trivial) equality

d d
7 / f(x; 0)dx=0 or %'\%/f(x, 0) =0.
The equality holds as
/f(x; B)dx=1or ¥ f(x:0)=1.
xeV
A sufficient condition for such an interchange is that

9
30

< 00,

[ s

dx<oo or )

xeV

f(x; 0)

which is often assumed by default. Similarly, equation (3.38) means that we can inter-
change the derivation d/d6 and the integration/summation in the equality

ad ad
l=—60=—=E6(X),
809 a0 ' X)
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as

E6*(X) = / 0" (x)f(x; 0)dx or 3 0*(x)f(x: 6).

xeVn

Observe that the derivative df(x; 6)/d60 can be written as

fx: g)zaf(x,,(?)/ﬁﬂ fx: e)zaln f(x,,@)

2" 6) (3.41)

We will prove bound (3.39) in the continuous case only (the proof in the discrete case
simply requires the integrals to be replaced by sums). Set

D(x,0)=— ln f(x; 0).
By condition (3.37),
/ f(x; 0)D(x, )dx =0,
and we have that V 6 € ®
n a
/ f(x;0) > D(x;, 0)dx = n/ — f(x; )dx =0.
= 06

On the other hand, by virtue of (3.41) equation (3.38) has the form

/ 0" (x) f(x: 0) ZD(x,, 9)dx=1, 0 ©.
i=1
The two last equations imply that
/ (6°(x) — 0) 3. D(x,, 0) f(x; O)dx =1, O € ©.
R i=1

In what follows we omit subscript R” in n-dimensional integrals in dx (integrals in dx
are of course one-dimensional). We interpret the last equality as (g,, g,) = 1, where

(818) = [ &i(®g(x)nx)dx

is a scalar product, with

§(x)=0"(x) =0, &(x)=3 D(x.0) and n(x)=f(x;6)>0

i=1

(n(x) is the weight function determining the scalar product).
Now we use the CS inequality ((g1 &) )2 <{g1>81){g- &) We obtain thus

1< [/ (0%(x) — 0)* f(x; B)dx] / |:i D(x;, 9):| f(x; 0)dx
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Here, the first factor gives Var 6*(X). The second factor will give precisely nA(6).
In fact:

/ (i D(xi, 9)) f(X, B)dX = i/ D(xi’ 9)2f(x, 6)dx

+2 ¥ / D(x,,, 0)D(x,, 0) f(x; 6)dx.

1<ij<ip<n

Each term in the first sum gives A(6):
/ D(x., 0)*f(x; B)dx = / D(x, 6)* f(x; 6)dx,

while each term in the second sum gives zero, as | D(x, ) f(x; 6)dx =0:

/ D(x,,, 0)D(x, , 6) f(x; f)dx = [ / D(x, 6) f(x: 0)dx]2 —0.

This completes the proof.

To conclude this section, we give a short account of Rao’s stay in Cambridge. Rao
arrived in Cambridge in 1945 to do work in the University Museum of Archaeology
and Anthropology on analysing objects (human skulls and bones) brought back by a
British expedition from a thousand-year old site in North Africa. He had to measure them
carefully and apply what is called the Mahalanobis distance to derive conclusions about
the anthropological characteristics of an ancient population. Rao was then 25 years old
and had 18 papers in statistics published or accepted for publication. His first paper, which
had just been published, contained both the RB Theorem and CR inequality. Soon after
his arrival in Cambridge he met Fisher and began also working in Fisher’s Laboratory
of Genetics on various characteristics of mice; he had to breed them, mate them in a
determined way and record genetic parameters of the litter produced (kinky tails, ruffled
hair and a disposition to keep shaking all the time). As is described in Rao’s biography
[Kr], his final duty in each experiment was to dispose of mice not needed in further work;
according to the customs of the time, young mice were put in ether and mature ones
had their heads hit against a table (a practice that would nowadays undoubtedly cause
an objection from Animal Rights activists). Rao was too sensitive to do this particular
job and had some friends who did it for him; otherwise he utterly enjoyed his work (and
the rest of his time) in Cambridge. Another of his friends was Abdus Salam, the future
Nobel Prize winner in physics and then a student at St John’s College. Salam had doubts
about his future in research and, seeing Rao’s determination, expressed keen interests in
statistics. However, it was Rao who persuaded him not to change his field . . .

The work in Fisher’s Laboratory formed the basis of Rao’s Ph.D. thesis which he
passed successfully in 1948, by which time he had 40 published papers. After receiving
his Ph.D. from such a prestigious university as Cambridge, it was supposed that back in
India he would receive offers of matrimonial alliances from many rich families. But a
month after returning home from Cambridge he became engaged to his future wife, who
was then 23 and had her own academic degrees. The marriage was arranged by Rao’s
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mother who was very progressive: she did not mind him marrying a highly educated
woman, although at that time such brides were generally not wanted in families with
eligible sons. Their marriage has been perfectly happy, which makes one wonder why the
(completely unarranged) marriages of other famous statisticians in Europe and America
(including ones repeatedly mentioned in this book) ended badly.

Rao’s contributions in statistics are now widely recognised. It was not so in the
beginning, particularly with the RB Theorem. Even in 1953, eight years after Rao’s
paper and five years after Blackwell’s, some statisticians were referring to the procedure
described in the theorem as ‘Blackwellisation’. When Rao pointed out that he was the first
to discover the result, a lecturer on this topic said that this term is easier on the tongue
than ‘Raoisation’. However, in a later paper the statistician in question proposed the term
‘Rao—Blackwellisation’ that is now used. On the issue of the CR inequality (the term
proposed by Neyman), Rao remembers a call from an airline employee at the Teheran
airport: ‘Good news, Mr Cramer Rao, we found your bag’, after a piece of his luggage
was lost on a flight.

Rao likes using humour in serious situations. In India, as in many countries, birth
control is an important issue, and providing women with reasons not to have too many
children is one of the perennial tasks of local and central administration. In one of his
articles on this topic, Rao points out that every fourth baby born in the world is Chinese
and then makes the following statement to his Indian audience: ‘Look before you leap
to your next baby, if you already have three. The fourth will be a Chinese!” Hopefully,
some readers of this book will find this instructive in dealing with sample means. . ..

3.7 Exponential families

Sex, Lies and Exponential Families
(From the series ‘Movies that never made it to the Big Screen’.)

It is interesting to investigate when the equality in CR bound (3.39) is attained. Here
again, the CS inequality is crucial. We know that for equality we need functions g, and
g, to be linearly dependent: g, (x) = Ag,(x). Then

[ &1®8mnx)dx=1 [ &> nx)dx.

In our case, [ g(x)g,(x)n(x)dx=1 and so

2 - 1
A= [ emrnxax] = A
Thus, we obtain the relation:
1 n
0" (X)—6 ZD(xl-, 0),

~ nA(6)

i=1
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or

*(X) = 6+ Te) 3 D(x,, 6) = % Z [9+ D/(;za)e)]

The LHS of the last equation does not depend on 6. Hence, each term 6 + D(x;, 6)/A(0)
should be independent of 6:

D(x,0)
0+ A(0) = C(x).
In other words,
D(x,0)=A(0)(C(x)—0), 60, (3.42)

and the estimator 6* has the summatory form:
1 n
0" (x) == >_ C(x;). (3.43)
o
Now solving equation (3.42):

in (3 0) =A@ [C(x) — 0]
where A(6) = B"(6), we obtain
In f(x: 6) = B'()[C(x) — 6] + B(6) + H(x).
Hence,
F(x; ) = exp [B(0)[C(x) — 0] + B(6) + H(x)]. (3.44)

Such families (of PDFs or PMFs) are called exponential.
Therefore, the following statement holds:

Equality in the CR inequality is attained iff family {f(x; 0)} is exponential, i.e.
is given by equation (3.44), where B"(6) > 0. In this case the minimum MSE
estimator of 0 is given by (3.43) and its variance equals 1/(nB"(6)). Thus the
Fisher information equals B (0).

Example 3.14 Let X, be IID N(u, o) with a given ¢ and unknown w. Write ¢ =
—[In (27r6?)]/2 (which is a constant as ¢ is fixed). Then
(x—p)’ ple—p) X
In fle ) == o= e

We see that the family of PDFs f(; w) is exponential; in this case:

wwxW%TWth

4 1 2
A(n)=B (IJ«)=;, H(x) = _ﬁ—’_
Note that here A(w) does not depend on .
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Hence, in the class of unbiased estimators 6*(x) such that
— 1) (o —p)?
o exp| —) ———— |dx=1,
Z/ (x )02(2 o) Xp |: X]: 202
the minimum MSE estimator for u is
_ 1
X=— X,
n Z '
the sample mean, with Var X =02 /n. N

Example 3.15 If we now assume that X, is IID N(u, %) with a given u and unknown
o2, then again the family of PDFs f(- ; o) is exponential:

In f(x; 0%) = —%ﬂ((x I %m (2ma?) — %
with

€)= (= )%, Blo?) =5 n(0%), B(0) =~

A =B'(0%) = (U‘)

and H(x) = —[In (27) + 1]/2. We conclude that, in the class of unbiased estimators 6*(x)
such that

o (35—
J —
Z/ 204(2770'2)”/2 xp |:_ ; 2072 dx=1.

the minimum MSE estimator for o is 32/n, where

= Z(xi - :U«)z’

202’

with Var (32/n)=20*/n. B
Example 3.16 The Poisson family, with f, (k) =e *A¥/k!, is also exponential:
In fy(k)=klnA—In(k!) —A=(k—A)In A+ A(ln A —1) —In(k!),
with
C(k)=k, BA)=A(nA—1), B(A)=In A, A(A)=B"(\)= %
and H(k) = —In (k!). Thus the minimum MSE estimator is

— 1 . — A
A=—=>k; with VarA=—.
n i=1 n
We leave it to the reader to determine in what class the minimum MSE is
guaranteed. W
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Example 3.17 The family where RVs X; ~Exp (1) is exponential, but relative to

6 =1/\ (which is not surprising as EX; = 1/A). In fact, here

f(x; 0)= {exp |:—; (x—60)—In 60— l:|}1(x>0),

with

C(x)=x, B(6)=—1In 6, B'(0) = —é, A(0) =B (6) = —

Therefore, in the class of unbiased estimators 6*(x) of 1/A, with

Z/ 6 (x)(A2x; — M) A" exp (—)\Zx])dx: 1,
i=1 Y RY j

the sample mean X =Y, x,/n is the minimum MSE estimator, and it has Var X = 6?/n =

1/(nA?). |

An important property is that for exponential families the minimum MSE estimator

0*(x) coincides with the MLE /(;(x), ie.
B(x) = % Z C(x,).

More precisely, we write the stationarity equation as
(%K(O; X)= g:D(xi, 0)f(x; 0) =0,

which, under the condition that f(x; 6) > 0, becomes

Xn: D(x;,0)=0.

i=1

In the case of an exponential family, with

f(x; 0) =exp (B'(0)[C(x) — 6] + B(6) + H(x)) ,

we have
D(x, 6) = 8% In f(x; ) = B"(6)(C(x) — 6).

We see that if 0* =6*(x) =)_"_, C(x;)/n, then

D(x;, 6%) = B"(6")[C(x,) — 0"] = B"(6") [C(x ZC(X }

and hence

> D(x, 0 = B'(6) Y [cm iy cw} =

(3.45)

(3.46)
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Thus minimum MSE estimator 6* solves the stationarity equation. Therefore, if an expo-
nential family {f(x; )} is such that any solution to stationarity equation (3.29) gives a
global likelihood maximum, then 6* is the MLE.

The CR inequality is named after C.H. Cramér (1893-1985), a prominent Swedish
analyst, number theorist, probabilist and statistician, and C.R. Rao. One story is that the
final form of the inequality was proved by Rao, then a young (and inexperienced) lecturer
at the Indian Statistical Institute, overnight in 1943 in response to a student enquiry about
some unclear places in his presentation.

3.8 Confidence intervals

Statisticians do it with 95% confidence.
(From the series ‘How they do it’.)

So far we developed ideas related to point estimation. Another useful idea is to consider
interval estimation. Here, one works with confidence intervals (Cls) (in the case of a
vector parameter § € R?, confidence sets like squares, cubes, circles or ellipses, balls,
etc.). Given y € (0,1), a 100y% CI for a scalar parameter § € ® C R is any pair of
functions a(x) and b(x) such that V 6 € O the probability

Py(a(X) <0 <b(X))=7. (3.47)

We want to stress that: (i) the randomness here is related to endpoints a(x) < b(x), not to
0, (ii) @ and b should not depend on 6. A CI may be chosen in different ways; naturally,
one is interested in ‘shortest’ intervals.

Confidence intervals regularly appear in the Tripos papers: MT-IB 1998-212E (this
problem requires further knowledge of the material and will be discussed later), 1995-
203G (i), 1993-203J, 1992-406D, and also SP-IB 1992-203H.

Example 3.18 The first standard example is a CI for the unknown mean of a normal
distribution with a known variance. Assume that X; ~ N(u, o), where o2 is known and
u € R has to be estimated. We want to find a 99% CI for . We know that /n(X — u)/o ~
N(0, 1). Therefore, if we take z_ < z,, such that ®(z, ) — ®(z_) =0.99, then the equation

IP’(Z ﬁ(Y—M) <z+> =0.99

< —
o
can be re-written as

— z.0 — 7.0
PlX—>2= X—>"21)=0.99,
( N ﬁ)

i.e. gives the interval

- 7,0 - 70
x- 22 x-27),
(- rx- %)
centred at X — (z_ +z,)0/(2+/n) and of width (z, —z_)a//n.
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We still have a choice of z_ and z_; to obtain the shortest interval we would like to
choose z, = —z_:=z, as the N(0,1) PDF is symmetric and has its peak at the origin.
Then the interval becomes

(x_f/“ﬁ,mf/‘;),

and z will be the upper 0.005 point of the standard normal distribution, with ®(a) =
1—0.005=0.995. From the normal percentage tables: z=2.5758. Hence, the answer:

(X 2.57580 X+2.5758cr)
Jno N

Example 3.19 The next example is to determine the CI for the unknown variance
of a normal distribution with a known mean. Assume that X; ~ N(u, 0?), where u
is known and o2 > 0 has to be estimated. We want to find a 98% CI for ¢2. Then
Yi(X; —p)*/a* ~ x;. Denote by F,, the CDF P(X < x) of a RV X ~ ;. Take h~ < h*
such that I\, (h*) — F 2 (h™) = 0.98. Then the condition

P (h‘ < % (Z(Xi - /.L)Z) < h+) =0.98

can be re-written as

P (Zi(xi - P«)z <o? < (X — M)z) —0.98.
ht h~

This gives the interval

(hi ;(Xi —w?, hi_ ;(X,- - M)Z) .

Again we have a choice of A~ and h*; a symmetric, or equal-tailed, option is to
take F2(h™) =1~ Fpu(h*)=(1-0.98)/2=0.01. From the X* percentage tables, for
n=238,h~ =20.69, h* =61.16. See, for example, [LiS], pp. 4041 (this is the standard
reference to statistical tables used in a number of examples and problems below). B

In Examples 3.18 and 3.19 we managed to find an RV Z = Z(7(X), 6) which is a
function of a sufficient statistic and the unknown parameter 6 (u in Example 3.18 and o2
in Example 3.19) and has a distribution not depending on this parameter. Namely,

Z=n(X—-p)/o~N(0,1) in Example 3.18
and

Z=>Y(X;,—p)*/o*~x; in Example 3.19.
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We then produced values y, such that P(y_ <Z <y, )= y(z.) in Example 3.18 and
h* in Example 3.19 and solved the equations Z(7, 6) =y, to find roots

a(X)=a(T(X,y_)) and b(X) =b(T(X, y_)).
The last step is not always straightforward, in which case various approximations may

be useful.

Example 3.20 In this (more challenging) example the above idea is, in a sense, pushed
to its limits. Suppose X; ~Po ()), and we want to find a 100-y% CI for A. Here we know
that nX ~Po (nA), which still depends on A. The CDF F = Fy for X jumps at points k/n,
k=0,1,..., and has the form

F(x;A)=1(x>0) Z —nh (”’\) , (3.48)

where, for y > 0,

Ty[= , yis an integer,
Y [y] the integer part of y, if y is not integer.

It is differentiable and monotone decreasing in A:

oA (nA)*!
k=11~

d

Thus if we look for bounds a < A < b, it is equivalent to the functional inequalities
F(x,b) < F(x; A) < F(x; a), Vx> 0 of the form k/n, k=1,2,.... We want a and b to
be functions of x, more precisely, of the sample mean x. The symmetric, or equal-tailed,
100y%-ClI is with endpoints a(X) and b(X) such that

P(X <a(X))=P(A=> b(X)) = 1_77

Write
P(A > b(X))=P(F(X; A) < F(X; b(X))
and use the following fact (a modification of formula (2.57)):

If, for an RV X with CDF F and a function g:R — R, there exists a unique
point ¢ € R such that F(c) = g(c), F(y) < g(y) for y<c and F(y) > g(y) for
y > c, then

P(F(X) < g(X)) = g(c). (3.49)

Next, by equation (3.48):

b (%) < (5 000) = F (555 (1)),

n n
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provided that there exists k such that F(k/n; A) = F(k/n; b(k/n)). In other words, if you
choose b= b(x) so that

1nx[ o (nb)l _ 1—y

e —r (3.50)
ot 1 2

it will guarantee that P(A > b(X)) < (1 — v)/2.
Similarly, choosing a = a(x) so that

E ana) 11—y
na — . ]
de = (3.51)

I=nXx

will guarantee that P(A < a(X)) < (1 — y)/2. Hence, (a(X), b(X)) is the (equal-tailed)
100y% CI for A.

The distributions of a(X) and b(X) can be identified in terms of quantiles of the x>
distribution. In fact, V k=0,1, ...,

d s s
[—e ﬁ+e (l—l)!i|:e (k_l)!:2fyl(2s),

§
a5,
where Y, ~ x3,. Thatis, Y, _,_e™*s'/I!=P(Y, <2s). We see that

k<l<oo N k<l<oo

2na=h, (1—-1v)/2),

the lower (1 — )/2-quantile of the y>-distribution with m~ =2nX degrees of freedom.
Similarly:

k

d ! st §-1 s
_ - __ — _ eSS —s __ -5 _ _2 2
dsoslgke 2 [ cate (l—l)!} ¢ fr,(25)

for ¥, ~ x3.,,- That is,
s
P(Y,>2s5)= ) e ’—.

|
0<iI<k I!

It means that
2nb=h}. (1-7)/2).

the upper ((1 4 y)/2)-quantile of the y? distribution with m* =2nX + 2 degrees of
freedom.
These answers look cumbersome. However, for large n, we can think that

X ~N(A, A/n), ie. v/n/A(X — )~ N(O, 1).

Then if we take y=0.99 and, as before, —a_=a, =2.5758, we have that

N .
P(a <ﬁ(X—A)<a+)~0.99.
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We can solve this equation for A (or rather ~/A). In fact, (X — A)/~/A decreases with A,
and from the equation
X—A\ _ay
NIV

we find:

2
aE —  a at —  a
A= E4+X——2= jer.=|,/E+X-—2
V=G T T s PP W

(the negative roots have to be discarded). Hence, we obtain that the probability

2 2
[2.57582 4% 2.5758 A [2.57582 N 2.5758
— <A<
4n 2/n 4n 2/n
is ~0.99. Hence,
2 2
2.5758? e 2.5758 [2.57582 - 2.5758
4n 2yn )’ 4n 2/n

gives an approximate answer whose accuracy increases with 7.

Confidence intervals for the mean of a Poisson distribution attracted particular attention

in many books, beginning with [P]. In this book, the term ‘confidence belt’ is used, to
stress that the data serve a range of values of both n and X. W

3.9 Bayesian estimation

Bayesian Instinct
Trading Priors
(From the series ‘Movies that never made it to the Big Screen’.)

A useful alternative to the above version of the estimation theory is where 0 is treated
as a random variable with values in @ and some (given) prior PDF or PMF (). After
observing a sample x, we can produce the posterior PDF or PMF 7r(6|x). Owing to the
Bayes Theorem, 7(60|x) is defined by

(0|x) o m(0) f(x; 0). (3.52)

More precisely,
1
7(0|x) = %ﬂ'(ﬁ)f(x, 0), (3.53)

where

Feo = [ w(O)f0x: O)d0or 3 w(0)f(x: 0).

0cO
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Pictorially speaking, (posterior) o (prior) x (likelihood), where the constant of propor-
tionality is simply chosen to normalise the total mass to 1.

Remark Note that the likelihood f(x; 6) in equation (3.52) and (3.53) is considered as a
conditional PDF/PMF of X, given 6. This is the Bayesian interpretation of the likelihood,
as opposed to the Fisherian interpretation where it is considered as a function of 6 for
fixed x.

In Examples 3.21-3.24 we calculate posterior distributions in some models.

Example 3.21 Let X; ~ Bin(m, 0) and the prior distribution for 6 is Bet (a, b) for
some known a, b:

m(0) 0 (1 —0)"'I(0<0<1);
see Example 3.5. Then the posterior is
m(0x) oc (1 — @)Xt [0 < 9 < 1),
which is Bet (3, x; + a, nm — )", x; + b) = Bet (nx + a, n(m — x) + b), with the propor-

tionality constant 1/B(nXx 4 a, n(m — X) + b). In other words, a Beta prior generates a
Beta posterior. One says that the Beta family is conjugate for binomial samples. W

The Unbelievable Conjugacy of Beta
(From the series ‘Movies that never made it to the Big Screen’.)

Example 3.22 The Beta family is also conjugate for negative binomial samples, where
X; ~NegBin (r, 8), with known r. In fact, here the posterior

7T(9|X) ~ 9;1r+afl (1 _ 6)nf+h71 ,

ie. is Bet (nr+a,nx+b). A

Example 3.23 Another popular example of a conjugate family is Gamma, for Poisson
or exponential samples. Indeed, if X; ~ Po (A) and 7 (A) o A7~ !'e~"¢, then the posterior

7T(/\|X) x AnYJrTflef/\(anH)/a

has the PDF Gam (7 + nXx, (na+1)/a).
Similarly, if X;~ Exp (A) and 7 (A) o< A7"'e~*®, then the posterior

77(/\|X) x An+fflef)\(nf+a)

again has the PDF Gam (7 +n,nx+«). B
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Example 3.24 The normal distributions also emerge as a conjugate family. Namely,
assume that X; ~N(u, 0%) where o7 is known, and 7(u) o exp [—(u — a)?/(2b%)], for
some known a € R and b > 0. Then, by using the solutions to Problems 2.42 and 2.43,
posterior 7 (u|x) is

1 (n n 1 2, a +nf 1 ( 2
xexp|—=—+ — — 4+ — xexp| ——(u—a ,
Pl e T ) T T g J | P T

) 1 n\"' ,{a nx
blz b2+§ andalzbl ﬁ‘i‘; .

where

See MT-IB 1998-403E, 1997-212G. A

A further step is to introduce a loss function (LF) measuring the loss incurred in
estimating a given parameter 6. This is a function L(6, a), 0, a € ®, where 0 is the true
and a is the guessed value. For instance, a quadratic LF is L(0, a) = (60 — a)?, an absolute
error LF is L(6, a) = |0 — a] etc.

We then consider the posterior expected loss

R(x,a) = /0 m(0]x)L(0, a)dfor 3" m(0|x)L(6, a), (3.54)

0cO

while guessing value a. We want to choose @ =a(x) minimising R(x, a):
a=arg min R(X,a). (3.55)

The minimiser, @, is called an optimal Bayes estimator, or optimal estimator for short.
(Some authors say ‘optimal point estimator’.) For the quadratic loss,

R(x, a) = / 7(0]%) (0 — a)*dé.
0
By differentiation, R(X, @) is minimised at
a=| 0m(0]x)de,
a= [ o(olx)

i.e. at the posterior mean E(6|x). Furthermore, the minimal value of the posterior expected
loss is

min R(x, a) = R(x, @) = / [0 — E(6]x)]*m(8]x)de,
i.e. equals E[(0 — E(6|x))?|x], the posterior variance. For the absolute error loss,

R(X, a) = /O 7(6]%)]60 — ald = /m 7(6]%)(a — 0)d6 + /:0 m(6]%)(6 — a)do
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which is minimised at the posterior median, i.e. the value @ for which

/ m(0]x)df = [ m(0]x)do =1/2.

A straightforward but important remark is that, in general, @(x) also minimises the
unconditional expected loss among all estimators d : x — 0. Here, it is instructive to
slightly change the terminology: an estimator is considered as a decision rule (you observe
x and decide that the value of the parameter is d(x)). Given a value 6 and a decision rule
d, the quantity

0.d ;0),
(6, d) =E,L(0, d(X)) = ;L( (%)) f(x; 0)

J L6, d(x)) f(x; 0)dx,

represents the risk under decision rule d when the parameter value is §. We want to
minimise the Bayes risk

rB(d) = / 0, d)m(0)do or 310, d)m(0). (3.56)
o 0
The remark is that
a=arg mdin rB(d). (3.57)

For that reason, the optimal Bayes estimator is also called the optimal rule.

Formally, in equation (3.55) you minimise for every given x while in (3.57) you
minimise the sum or the integral over all values of x. It is important to see that both
procedures lead to the same answer. The above remark asserts the minimiser in equa-
tion (3.55) yields the minimum of rB(d). But what about the inverse statement that every
decision rule minimising rB(d) coincides with the optimal Bayes estimator? This is also
true: by changing the order of summation/integration over x and 6, write

r(0, d) =/ Ew(e‘(x))L(O, d(x))f(x)dx or ZEﬂ(elx)L(e, d(x))?(x). (3.58)
Here f(x) is the marginal PDF/PMF of X:
FO) =Y m(6)f(x: 0) = [ 7(6)(x: 0)ao,

and 7(0|x) is posterior PDF/PMF of 6 for given x.

Because f(x) >0, the minimum in d of the sum/integral on the RHS of equation (3.58)
can only be achieved when summands or values of the integrand E_ ;) L(6, d(x)) attain
their minima in d. But this exactly means that the minimising decision rule equals @.

In Examples 3.25-3.27 we calculate Bayes’ estimators in some models.
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Example 3.25 A standard example is where X; ~ N(u, 0?), 02 known and the prior
for u is N(0, 72), with known 72 > 0. For the posterior, we have

(b oc () 05 1) cexp | 55 (- mZ] x exp [— i ]

2
2
L(n 1 Lx/0
xexp| —=|—=+— -
Pl 2\ | # n/o? 4772
That is
(%) ~N nxt? a’7?
m(w|x) ~ , .
# ntt+0? nr?+o?

The mean of a normal distribution equals its median. Thus under both quadratic and
absolute error LFs, the optimal Bayes estimator for w is
nx7?
nt2+o?’
If the prior is N(v, 7) with a general mean v, then the Bayes estimater for w under
both the quadratic and absolute error loss is
vo? + nx7?
nt2+o?
Example 3.26 Next, let X; ~ Po(\), where the prior for A is exponential, of known
rate 7> 0. The posterior

m(A|x) oce ™A™

is Gam (nx+ 1, n+ 7). Under the quadratic loss, the optimal Bayes estimator is
nx+1
n+71’

On the other hand, under the absolute error loss the optimal Bayes estimator equals the
value A > 0 for which

(}’l + T)n?+l

A
7 / /vzfe—(n+7)/\d)\ — 1 [}
(nx)! 0 2

Example 3.27 1t is often assumed that the prior is uniform on a given interval. For
example, suppose X, ..., X, are IID RVs from a distribution uniform on (6 —1, 8+ 1),
and that the prior for 6 is uniform on (a, ). Then the posterior is

m(0|x) x I(a <0 < b)I[(max x; —1 <6 <min x;+ 1)

=1I(aV (max x;—1) <6 <bA (min x; + 1)),
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where ¢ vV B=max [a, 8], « A B=min[a, B]. So, the posterior is uniform over this
interval. Then the quadratic and absolute error LFs give the same Bayes estimator:

~ 1
0=§[a\/(max x;—1)+bA (min x; + 1)].

Another example is where 6 is uniform on (0,1) and X,, ..., X, take two values, 0
and 1, with probabilities # and 1 — 6. Here, the posterior is

m(0]x) o< 0™ (1 — 6)" "™,
i.e. the posterior is Bet (nx+ 1, n —nx+ 1):
0}1}(1 _ H)nfnf

0|x 0)f(x; 0)= — =
O o m(O)f06.0) = e

,0<0<1.

So, for the quadratic loss £(6, d) = (6 — d)?, the optimal Bayes estimator is given by

Jy 4661 (1=0)""  (14+ D=+ 1! t+1
[rdee(1—gy—  (aEU(n—0)! T n+2

d=
Here r:=)", x;, and we used the identity

/01 (1= )" dx = (m— D)l(n = DY (m+n— 1)1

which is valid for all integers m and n. W

Calculations of Bayes’ estimators figure prominently in the Tripos questions. See MT-
IB 1999-112D (ii), 1998-403E, 1997-212G, 1996-203G (ii), 1995-103G (ii), 1993-403J
(needs further knowledge of the course).

Next, we remark on another type of LF, a 0, 1-loss where L(0, a) =1— 8, , equals 0
when 0 = a and 1 otherwise. Such a function is natural when the set ® of possible values
of 6 is finite. For example, assume that ® consists of two values, say 0 and 1. Let the
prior probabilities be p, and p, and the corresponding PMF/PDF f,, and f;. The posterior
probabilities 7r(|x) are

Pofo(X) m(1]x) = pif1(x)
Pofo(X) + pifi (%) ’ Pofo(X) + pifi(x) ’

and the Bayes’ estimator @, with values 0 and 1, should minimise the expected posterior
loss R(x, a) = (1 — alx),a=0, 1. That is

7(0|x) =

0, if w(0|x) > 7(1|x),

in the case 7(0|x) = 7r(1]|x) any choice will give the same expected posterior loss 1/2. In
other words,

a=

{1 h ’7T(1|X)_P1f1(x)>1- fl(X)>k_@ (3.59)

0 N EON T pf® < TR < py
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We see that the ‘likelihood ratio’ f;(x)/f,(x) is conspicuous here; we will encounter it
many times in the next chapter.

To conclude the theme of Bayesian estimation, consider the following model. Assume
RVs X;,..., X, have X; ~Po (0,):

X

0’
f(x; 0,)= et x=0,1,....
x!

Here, parameter 0; is itself random, and has a CDF B (on R, = (0, o0)). We want to
estimate 6,. A classical application is where X; is the number of accidents involving driver
i in a given year.
First, if we know B, then the estimator 7;(X) of 6; minimising the mean square error

E(T; — 6,)* does not depend on X with j 3 i:

T:(X) =T(X).
Here,

T(x) = [ 6f(x: 0)aB(6)/5(x)
and

80 = [ fx: 0)aB(6).

Substituting the Poisson PMF for f(x; ) yields

1
T =G+ )Y o
8(x)
Hence,
X, +1
T,(X) = (X; + 1)757( i+ (3.60)
8(X))
But what if we do not know B and have to estimate it from sample (X)?
A natural guess is to replace B with its sample histogram
-~ 1
B(0)=—#{i: X;< 6}, 6>0,
n
jumping at integer point x by amount /b\(x) =n,/n, where
n.=#{i: X;=x}, x=0,1,.... (3.61)
Then substitute Z(x) instead of g(x). This yields the following estimator of 6;:
~ n
Ti(X) = (X, + 1) (3.62)
n

X:

i
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This idea (according to some sources, it goes back to British mathematician A. Turing
(1912-1954)) works surprisingly well. See [E2], [LS]. The surprise is that estimator /f,
uses observations X;, j# i, that have nothing to do with X; (apart from the fact that
they have Poisson PMF and the same prior CDF). This observation was a starting point
for the so-called empirical Bayes methodology developed by H. Robbins (1915-2001),
another outstanding American statistician who began his career in pure mathematics. Like
J.W. Tukey, Robbins did his Ph.D. in topology. In 1941 he and R. Courant published
their book [CouR], which has remained a must for anyone interested in mathematics until
the present day. Robbins is also credited with a number of aphorisms and jokes (one of
which is ‘Not a single good deed shall go unpunished.”).

Robbins used formula (3.62) to produce a reliable estimator of the number S, of acci-
dents incurred in the next year by the n, drivers who did not have accidents in the observed
year. It is clear that O is an underestimate for S, (as it assumes that future is the same
as past). On the other hand, ny = },c; in; gives an overestimate, since X, did not con-
tribute to the sum ), in;. A good estimator of S is X, the number of drivers who recorded
a single accident. In general, (i 4+ 1)n,,, accurately estimates S;, the number of accidents
incurred in the future year by the n; drivers who recorded i accidents in the observed year.

Robbins introduced the term ‘the number of unseen, or missing, species’. For example,
one can count the number n, of words used exactly x times in Shakespeare’s known
literary canon, x =1, 2, . .. ; this gives Table 3.5 (see [ETh1]).

Table 3.5.

1 2 3 4 5 6 7 8 9 10

0+ 14376 4343 2292 1463 1043 837 638 519 430 364
10+ 305 259 242 223 187 181 179 130 127 128
20+ 104 105 99 112 93 74 83 76 72 63

So, 14376 words appeared just once, 4343 twice, etc. In addition, 2387 words
appeared more than 30 times each. The total number of distinct words used in the canon
equals 31534 (in this counting, words ‘tree’ and ‘trees’ count separately). The missing
species here are words that Shakespeare knew but did not use; let their number be n,,.
Then the total number of words known to Shakespeare is, obviously, n =31534 + n,,.
The length of the canon (the number of words counted with their multiplicities) equals
N =884 647.

Assume as before that X;, the number of times word i appears in the canon, is
~Po(0,), where 6, is random. Again, if CDF B of 6 is known, the posterior expected
value E(6;|X; =x) of 6, gives the estimator minimising the mean square error and equals

glx+1)

(4 D5 (3.63)
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where
& _,
¢(x) =/ —e 'dB(6), x=0.1,....
x!
If B is unknown, we substitute the (still unknown) histogram
- 1
B(0)=—#{i: 0,<6}, 6>0.
n
The estimator of 6, then becomes
E(6,X, =) = (x+ 1) ==, (3.64)
n’(
For x =1, it gives the following value for the expectation
4343
14374

We immediately conclude that the single-time words are overrepresented, in the sense
that if somewhere there exists a new Shakespeare canon equal in volume to the present

E(6,|X,=1)=2x 0.604.

one then the 14378 words appearing once in the present canon will appear in the new
one only 0.604 x 14376 = 8683 times.
Next, set

ro=>_01(X;=0) [/ >0,
i=1 i=1

The numerator is estimated by

E(6,X, = 0)ny = %no —n, = 14376
0

and the denominator by N =884 647. Then

14376
o=
07 884647

So, with a stretch of imagination one deduces that, should a new Shakespearean text
appear, the probability that its first word will not be from the existing canon is 0.016;
the same conclusion holds for the second word, etc. In fact, in 1985 the Bodleian Library
in Oxford announced the discovery of a previously unknown poem that some experts
attributed to Shakespeare. The above analysis was applied in this case [ETh2] and gave
an interesting insight.

=0.016.




4 Hypothesis testing

4.1 Type I and type II error probabilities. Most powerful tests

Statisticians do it with only a 5% chance of being rejected.
(From the series ‘How they do it’).

Testing statistical hypothesis, or hypotheses testing, is another way to make a judgement
about the distribution (PDF or PMF) of an ‘observed’” random variable X or a sample

X,

Traditionally, one speaks here about null and alternative hypotheses. The simplest case is
where we have to choose between two possibilities: the PDF/PMF f of X is f, or f;. We
say that f = f,, will represent a simple null hypothesis and f = f, a simple alternative.
This introduces a certain imparity between f,, and f;, which will also be manifested in
further actions.

Suppose the observed value of X is x. A ‘scientific’ way to proceed is to partition the
set of values of X (let it be R) into two complementary domains, € and € =R\ €, and
reject H, (i.e. accept H,) when x € C while accepting H, when x € C. The test then is
identified with domain € (called a critical region). In other words, we want to employ a
two-valued decision function d (the indicator of set €) such that when d(x) =1 we reject
and when d(x) =0 we accept the null hypothesis.

Suppose we decide to worry mainly about rejecting H, (i.e. accepting H,) when H, is
correct: in our view this represents the principal danger. In this case we say that a type I
error had been committed, and we want errors of this type to be comfortably rare. A less
dangerous error would be of rype II: to accept H, when it is false (i.e. H, takes place): we
want it to occur reasonably infrequently, after the main goal that type I error is certainly
rare has been guaranteed. Formally, we fix a threshold for type I error probability (TIEP),
a € (0, 1), and then try to minimise the type II error probability (TIIEP).

In this situation, one often says that H, is a conservative hypothesis, not to be rejected
unless there is a clear evidence against it.

For example, if you are a doctor and see your patient’s histology data, you say the
hypothesis is that the patient has a tumour while the alternative is that he/she hasn’t. Under

242
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H, (no tumour), the data should group around ‘regular’ average values whereas under H,
(tumour) they drift towards ‘abnormal’ ones. Given that the test is not 100% accurate,
the data should be considered as random. You want to develop a scientific method of
diagnosing the disease. And your main concern is not to miss a patient with a tumour
since this might have serious consequences. On the other hand, if you commit a type II
error (alarming the patient falsely), it might result in some relatively mild inconvenience
(repeated tests, possibly a brief hospitalisation).
The question then is how to choose the critical region C. Given C, the TIEP equals

P,(€) = / fo(@)I(xe@)dx or ¥ fy(x)I(x € ), 4.1)

and is called the size of the critical region € (also the size of the test). Demanding that
probability P,(€) does not exceed a given « (called the significance level) does not
determine C uniquely: we can have plenty of such regions. Intuitively, C must contain
outcomes x with small values of f,(x), regardless of where they are located. But we want
to be more precise. For instance, if PDF f, in H, is N(u,, 62), could C contain points
near the mean-value w, where PDF f; is relatively high? Or should it be a half-infinite
interval (w, =+ ¢, o) or (—oo, uy — ¢) or perhaps the union of the two? For example, we
can choose ¢ such that the integral

1 1
V2mao, V2o,

or their sum is < a. In fact, it is the alternative PDF/PMF, f;, that narrows the choice of

e (x 2942 Ro—¢ 2102
/ e~ (10?1208 4y or / e~ (0203 4
Mo+c —00

€ (and makes it essentially unique), because we wish the TIIEP

P,(@)= [ £i()I(xgC)dxor Y f,(x)I(x£€) 4.2)
to be minimised, for a given significance level. The complementary probability

P,(C) = / fiI(xeC)dxor Y f,(x)(x€C) 4.3)

is called the power of the test; it has to be maximised.

A test of the maximal power among tests of size < « is called a most powerful (MP) test
for a given significance level a. Colloquially, one calls it an MP test of size a (because
its size actually equals « as will be shown below).

4.2 Likelihood ratio tests. The Neyman—Pearson Lemma and beyond

Statisticians are in need of good inference
because at young age many of their hypotheses were rejected.
(From the series ‘Why they are misunderstood’.)
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A natural (and elegant) idea is to look at the likelihood ratio (LR):

fi(x)
fo(x)
If, for a given x, Ay p (x) is large, we are inclined to think that H, is unlikely, i.e. to

reject H; otherwise we do not reject Hy. Then comes the idea that we should look at
regions of the form

AHI,HU (x)= (4.4)

{x: Ay, oy (X) > k} 4.5)
and choose k to adapt to size a. The single value x € R can be replaced here by a vector
x=(x,...,x,) € R", with f,(x)=T] fy(x,) and f,(x) =[] f,(x;). Critical region € then

becomes a subset of R".

This idea basically works well, as is shown in the famous Neyman—Pearson (NP)
Lemma below. This statement is called after J. Neyman and E.S. Pearson (1895-1980),
a prominent UK statistician. Pearson was the son of K. Pearson (1857-1936), who is
considered the creator of modern statistical thinking. Both father and son greatly influenced
the statistical literature of the period; their names will repeatedly appear in this part of
the book.

It is interesting to compare the lives of the authors of the NP Lemma. Pearson spent all
his active life at the University College London, where he followed his father. On the other
hand, Neyman lived through a period of civil unrest, revolution and war in parts of the
Russian Empire. See [Rei]. In 1920, as a Pole, he was jailed in the Ukraine and expected a
harsh sentence (there was war with Poland and he was suspected of being a spy). He was
saved after long negotiations between his wife and a Bolshevik official who in the past
had been a medical student under the supervision of Neyman’s father-in-law; eventually
the Neymans were allowed to escape to Poland. In 1925 Neyman came to London and
began working with E.S. Pearson. One of their joint results was the NP Lemma.

About his collaboration with Pearson, Neyman wrote: ‘The initiative for cooperative
studies was Pearson’s. Also, at least during the early stages, he was the leader. Our
cooperative work was conducted through voluminous correspondence and at sporadic get-
togethers, some in England, others in France and some others in Poland. This cooperation
continued over the decade 1928-38.’

The setting for the NP Lemma is as follows. Assume H,: f = f,, is to be tested against
H,: f=f,, where f| and f; are two distinct PDFs/PMFs. The NP Lemma states:

Y k > 0, the test with the critical region C ={x: f,(X) > kf,(x)} has the highest
power P, (C) among all tests (i.e. critical regions C*) of size By(C*) < a=Py(C).

In other words, the test with € = {f,(x) > kf,(x)} is MP among all tests of significance
level @ =P,(C). Here a appears as a function of k: a = a(k), k> 0.

Proof. Writing I, and I,. for the indicator functions of € and C*, we have

0=[le®) = Ie- O] [/i(®) = kfo(®)],
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as the two brackets never have opposite signs (for x € C: f,(x) > kf,(x) and 1,(x) > I¢.(x)
while for x € C: f,(x) <kf,(x) and Io(X) < Iz.(x)). Then

0= [ [1ex) ~ Ie- ] [1(0) = kfp ()],
or

0= Y [1e090 ~ le- ][ (0) Ay ()],
But the RHS here equals

P,(€) — B, (€") — K[P(€) — Py(C")].
So

P,(€) — Py (C") > k[Py(€) — Py (C")].

Thus, if Py(C*) < Py(€), then P,(C*) <P,(€). O

The test with € = {x: f,x) > kf,(x)} is often called the likelihood ratio (LR) test or
the NP test.

The NP Lemma (either with or without the proof) and its consequences are among the
most popular Tripos topics in Cambridge University IB Statistics. See MT-IB 1999-203D,
1999-212D, 1998-112E, 1996-403G (i), 1995-403G (i), 1993-1037J (i, ii).

Remark (1) The statement of the NP Lemma remains valid if the inequality f;(x) >
kfy(x) is replaced by f;(x) > kf,(x).

(2) In practice, we have to solve an ‘inverse’ problem: for a given «a € (0, 1) we want
to find an MP test of size < «. That is we want to construct k as a function of «, not
the other way around. In all the (carefully selected) examples in this section, this is not a
problem as the function k — «(k) is one-to-one and admits a bona fide inversion k = k().
Here, for a given @ we can always find k > 0 such that P(€C) = « for € ={f,(x) > kf,(x)}
(and finding such k is a part of the task).

However, in many examples (especially related to the discrete case), the NP test may
not exist for every value of size . To circumvent this difficulty, we have to consider more
general randomised tests in which the decision function d may take not only values 0, 1,
but also intermediate values from (0, 1). Here, if the observed value is x, then we reject
H, with probability d(x). (As a matter of fact, the ‘randomised” NP Lemma guarantees
that there will always be an MP test in which d takes at most three values: 0, 1 and
possibly one value between.)

To proceed formally, we want first to extend the concept of the TIEP and TIIEP. This
is a straightforward generalisation of equations (4.1) and (4.2):

Po(d) = [ d(®)fo(x)dx or Y d(x)fy(x) (46)
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and

P\ (d) = f [1—dx)]fi(x)dx or 3 [1—d(x)]f(x). (4.7)
The power of the test with a decision function d is

Pi(d) = [ d(x)f,(x)dx or 30 d(x)f, (), (4.8)

Then, as before, we fix @ € (0, 1) and consider all randomised tests d of size < «, looking
for the one amongst them which maximises P, (d).
In the randomised version, the NP Lemma states:

For any pair of PDFs/PMFs f, and f, and a € (0, 1), there exist unique k >0
and p € [0, 1] such that the test of the form

1, fi(x) > kfo(x),
dyp(x) =1 p, fi(x) =kfo(x), (4.9)
0’ fl(x) <kf0(x)7

has Py(dyp) = . This test maximises the power among all randomised tests of
size a:

P, (dyp) =max [P (d¥) : Py(d¥) < «a]. (4.10)

That is dyp is the MP randomised test of size < a for H,: f = f,, against H,:
f=r.

As before, the test dyp described in formula (4.9) is called the (randomised) NP test. We
want to stress once more that constant p may (and often does) coincide with 0 or 1, in
which case dyp becomes non-randomised.

The proof of the randomised NP Lemma is somewhat longer than in the non-randomised
case, but still quite elegant. Assume first that we are in the continuous case and work
with PDFs f;, and f; such that V k>0

[ 5001 (10 = kfy(x)) dx =0, (.11)

In this case value p will be 0.
In fact, consider the function

G: k> [ 01 (1) > kfy(x)) dx.

Then G(k) is monotone non-increasing in k, as the integration domain shrinks with k.
Further, function G is right-continuous: lim,. ,, G(r) = G(k) ¥ k > 0. In fact, when
r\ k+,

L(fi(x) > rfo(x) /1 (fi(x) > kfo (%)),
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as every point X with f;(x) > kf,(x) is eventually included in the (expanding) domains
{f1(x) > rfy(x)}. The convergence of the integrals is then a corollary of standard theorems
of analysis. Moreover, in a similar fashion one proves that G has left-side limits. That is

Gk—)= ]l}rgl_ G(I)
exists V k > 0 and equals

[ 1 (1) = kfu(x) dx.

Under assumption (4.11), the difference

G(k=) = G(k) = [ 1 (/i (%) =kfy(x)) dx
vanishes, and G is continuous. Finally, we observe that
G0+)= klirglJr G(k)=1, G(o0)= klim G(k)=0. (4.12)

Hence G crosses every level a € (0, 1) at some point k = k(«) (possibly not unique).
Then the (non-randomised) test with

L, fi(x) > kfy(x),
0, f1(x) <kfy(x)

has size Py(d) = G(k) = « and fits formula (4.9) with p=0.
This is the MP test of significance level . In fact, let d* be any other (possibly
randomised) test of size P(d*) < @. We again have that V x

dyp(X) = {

0 = [dyp(x) — & (ILf (x) — kfo X)), (4.13)
since if dyp(x) =1, then both brackets are > 0 and if dyp(x) =0, they are both <0. Hence,
0= [ [dw(®) = d" @)L %) — k(@) fo(x)Jdx,
but the RHS again equals P, (d) — P, (d*) — k[F,(d) — P,(d*)]. This implies that
P, (d) — P, (d*) = k[Py(d) — By(d™)], i.e. Py (d) = P, (d¥)
if Py(d) > P,(d*).

We are now prepared to include the general case, without assumption (4.11). Again
consider the function

G: ki [ (0> kfy(x)dx or I () > kfy(x).  (14)

It is still monotone non-decreasing in k, right-continuous and with left-side limits. (There
exists a convenient French term ‘cadlag’ (continue a droite, limits & gauche).) Also,
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equation (4.12) holds true. However, the difference G(k—) — G(k) may be positive, as it
equals the integral or the sum

/ Jo®I (fi(x) =kfo(x))dx or 3 fo()I (f(x) =kf,(x))

that do not necessarily vanish. It means that, given « € (0, 1), we can only guarantee that
3 k=k(a) > 0 such that

Glk—) > a> G(k).
If G(k—) =G (k) (i.e. G is continuous at k), the previous analysis is applicable. Other-

wise, set

_a—G(k)
=G0 -G (4.15)

Then p € [0, 1], and we can define the test dyp by formula (4.9). (If p=0 or 1, dyp is
non-randomised.) See Figure 4.1.
The size

Po(dnp) :/fo(x)dNP(X)dX

equals

| FoOI(A®) = kfu)) dx+p [ Fo)1 (£, = k£ (x))dx

a—G(k)

AR 0]

(G(k—) = G(k)) =a.

It remains to check that dy,p is the MP test of size < «. This is done as before, as
inequality (4.13) still holds.
There is a useful corollary of the randomised NP Lemma:

If d(x) is an MP test of size a =Py(d). Then its power B =P, (d) cannot be less
than .

1 —
G(k-) —\
A

S

k

Figure 4.1



4.2 Likelihood ratio tests 249

Proof. In fact, consider a (randomised) test with d*(x) = a. It has Py(d*) = a =P, (d*).
AsdisMP, B>P (d*)=a. O

NP tests work for some problems with composite (i.e. not simple) null hypotheses and
alternatives. A typical example of composite hypotheses is where ® =R, H,: § <6, and
H,: 6> 6, for some given 6,. Quite often one of H, and H, is simple (e.g. Hy: 0 =0,)
and the other composite (6 > 6, or 6 < 6, or 6 # 6,).

A general pair of composite hypotheses is H: 0 € ®, against H,: 0 € ®,, where ©, and
0, are disjoint parts of the parameter set ®. To construct a test, we again design a critical
region € C R" such that H, is rejected when x € C. As in the case of simple hypotheses,
the probability

Py(C) =Py(reject Hy), 0 € 0, (4.16)
is treated as TIEP. Similarly, the probability

P,(C) =P, (accept H,), 0 0O,, (4.17)
is treated as the TIIEP, while

Py(C) = Py(reject Hy), € 0,, (4.18)

is treated as the power of the test with critical region C. Here, they all are functions of
0, either on ©, or on O,. (In fact, equations (4.16) and (4.18) specify the same function
0+ P, (C) considered on a pair of complementary sets @, and 0,.)

To state the problem, we adopt the same idea as before. Namely, we fix a significance
level a € (0, 1) and look for a test (i.e. a critical region) such that: (i)

Py(C) <, 6€0,, (4.19)
(ii) V test with critical region C* satisfying condition (4.19),
Py(C) = Py(C*), 0 0O,. (4.20)

Such a test is called uniformly most powerful (UMP) of level a (for testing H,: 6 € O,
against H,: 0 € 0)).

An important related concept is a family of PDFs/PMFs f(-;0),0 € ® C R, with a
monotone likelihood ratio (MLR). Here, we require that for any pair 6,, 6, € ® with
0, <0,,

f(x; 0,) _
f(x; 6)

where T is a real-valued statistic (i.e. a scalar function depending on x only) and gy, 5 (¥) is
a monotone non-decreasing function (g, 4, (¥) < &, ¢, (¥') when y <y"). In this definition,
we can also require that g, , (y) is a monotone non-increasing function of y; what is
important is that the direction of monotonicity is the same for any 6, < 0,.

Aeg,e, (x)= 80,.9, (T(x)). (4.21)
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Example 4.1 A hypergeometric distribution Hyp(N, D,n). You have a stack of
N items and select n of them at random, n < N, for a check, without replacement. If
the stack contains D < N defective items, the number of defects in the selected sam-

ple has the PMF
D\ (N-D
X n—x

N
n
Here, 8 = D. The ratio

fos1(x) D+1N—-—D—-n+x
fo(x) N—-D D+1—x

fr(x)= , x=max[0,n+D—N],...,min[D, n]. (4.22)

is monotone increasing in x; hence we have an MLR family, with T(x) = x.

The hypergeometric distribution has a number of interesting properties and is used in
several areas of theoretical and applied probability and statistics. In this book it appears
only in this example. However, we give below a useful equation for the PGF Es* of an
RV X ~ Hyp(N, D, n):

MDDy (L), (1 )
BS= L =Ty

In this formula, 0 <max[n, D] <N, and (a), is the so-called Pochhammer symbol: (a), =
a(a+1)---(a+k—1). The series on the RHS can be written as ,F,(—D, —n; —N; 1 — ),
or oF; ( Ty 1
(and elegant) recipe is given for calculating the PGF of Hyp(N, D, n).

Amazingly, in many books the range of the hypergeometric distribution (i.e. the set of
values of x for which f;,(x) > 0) is presented in a rather confusing (or perhaps, amusing)
fashion. In particular, the left hand end (n + D — N), =max[0, n + D — N] is often not
even mentioned (or worse, replaced by 0). In other cases, the left and right hand ends
finally appear after an argument suggesting that these values have been learned only in
the course of writing (which is obviously the wrong impression). W

), where ,F; is the Gauss hypergeometric function. In [GriS2], a different

Example 4.2 A binomial distribution Bin (n, ). Here, you put the checked item back
in the stack. Then

f(x; 0) = <Z) (11— 0", x=0,1,...,n,
where 8= D/N € [0, 1]. This is an MLR family, again with 7(x)=x. W

Example 4.3 1In general, any family of PDFs/PMFs of the form

J(x; ) = C(O)H(x) exp[Q(O)R(x)],
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where Q is a strictly increasing or strictly decreasing function of 6, has an MLR. Here,

f(x; 6,) _ C(6,)"
f(x;0,) C(6))"

exp |:(Q(02) —0(6))) ZR(xi)} :

which is monotone in T(x) =Y, R(x;). In particular, the family of normal PDFs with a
fixed variance has an MLR (with respect to 6 = u € R) as well as the family of normal
PDFs with a fixed mean (with respect to 6 = g > 0). Another example is the family of
exponential PDFs f(x; ) = 0e % I(x >0), 6>0. N

Example 4.4 Let X be an RV and consider the null hypothesis H,: X ~N(0, 1) against
H, : X ~ f(x) = ;e "I/* (double exponential). We are interested in the MP test of size
a, a<0.3.

Here we have

sl 0l Hy) = Cexp | 52 = 1) |.

So f(x|H,)/f(x|H,) > K iff x*> — |x| > K’ iff |x| > t or |x| <1 —¢, for some > 1/2.
We want a =Py (|X[>1)+ Py (|X| <1—1) tobe <0.3.If r <1,
Py, (1X| > 1) > Py (1X] > 1) =0.3174 > a.
So, we must have > 1 to get
a="Py (|X|>1)=P(=1) + 1 - D(1).

So, t=®~!(1 — a/2), and the test rejects H, if |X| > t. The power is

1 rt
Py (IX|>0)=1- Z/ e W2y —e~2. m

—t

The following theorem extends the NP Lemma to the case of families with an MLR,
for the one-side null hypothesis H,: 6 < 6, against the one-side alternative H, : 0 > 6,:

Let f(x; 0),0 € R, be an MLR family of PDFs/PMFs. Fix 6, € R and k > 0 and
choose any 0, > 6. Then the test of H, against H,, with the critical region

C={x: f(x;0)) > kf(x;0,)}, (4.23)
is UMP of significance level a =Py (C).

This statement looks rather surprising because the réle of value 6, is not clear. In fact, as
we will see, 6, is needed only to specify the critical region (and consequently, size «).
More precisely, owing to the MLR, € will be written in the form

{f(x;0') > k(0') f(x; )}

Y 6 > 6,, for a suitably chosen k(6"). This fact will be crucial for the proof.
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Proof. Without loss of generality, assume that all functions g,, o in the definition of the
MLR are monotone non-decreasing. First, owing to the NP Lemma, the test (4.23) is
NP of size <a =1, (C) for the simple null hypothesis f = f(-; 6,) against the simple
alternative f = f(-; 6,). That is

Py (C) =P, (C) V € with Py (C*) <a. (4.24)
By using the MLR property, test (4.23) is equivalent to

C={x: T(x) >c}
for some value c¢. But then, again by the MLR property, V ' > 6, test (4.23) is equivalent to

C={f(x; ') > k(0')f(x; 6,)}, (4.25)

for some value k(6"). Now, again owing to the NP Lemma, test (4.23) (and hence test
(4.25)) is MP of size <Py (€)=« for the simple null hypothesis f = f(-; 6,) against the
simple alternative f = f(-; 6). That is

Py(€) = Py (€*) V €* with P, (C*) <av.

In other words, we established that test (4.23) is UMP of significance level «, for the
simple null hypothesis f = f(-; 6,) against the one-side alternative that f = f(-; 6") for
some 0’ > ¢,. Formally,

Py (€) = Py (C*) whenever 6" > 6, and P, (C*) <a.

But then the same inequality will hold under the additional restriction (on €*) that
Py(C*) <a V 0 <86,. The last fact means precisely that test (4.25) (and hence test (4.23))
gives a UMP test of significance level a for H,: 6 <0, versus H,: 0> 6,. O

Analysing the proof, one can see that the same assertion holds when H,, is 0 < 6, and
H,: 6> 0,. As in the case of simple hypotheses, the inverse problem (to find constants
k(0"), 0 > 6,, for a given a € (0, 1)) requires randomisation of the test. The corresponding
assertion guarantees the existence of a randomised UMP test with at most three values of
the decision function.

UMP test for MLR families occasionally appears in Tripos papers: see MT-IB 1999-212D.

4.3 Goodness of fit. Testing normal distributions, 1: homogeneous
samples

Fit, Man, Test, Woman.
(From the series ‘Movies that never made it to the Big Screen’.)

The NP Lemma and its modifications are rather exceptional examples in which the
problem of hypothesis testing can be efficiently solved. Another collection of (practically
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important) examples is where RVs are normally distributed. Here, the hypotheses testing
can be successfully done (albeit in a somewhat incomplete formulation). This is based on

the Fisher Theorem that if X, ..., X, is a sample of IID RVs X, ~ N(u, 6?), then
_ 1
g(X —p)~N(0,1) and ;Sxx ~X._,, independently.
Here X =3, X;/n and Sy, =3,(X; — X)?. See Section 3.5.
A sample
X
X=| : |, with X; ~ N(u, 0%),
X

n

is called homogeneous normal, a non-homogeneous normal sample is where X; ~
N(u;, 07), i.e. the parameters of the distribution of X; varies with i. One also says that
this is a single sample (normal) case.

Testing a given mean, unknown variance Consider a homogeneous normal sample
X and the null hypothesis H,: u = u, against H;: u # u,. Here p, is a given value. Our
test will be based on Student’s t-statistic

\/E(Y_Mo)/a _ \/E(Y_Mo)
VSxx/(n—1)a? Sxx |

where sy is the sample standard deviation (see equation (1.33)). According to the defi-
nition of the t distribution in Example 3.3 (see equation (3.6)), T(X) ~ t,_, under H,. A
remarkable fact here is that calculating T(x) does not require knowledge of 2. Therefore,
the test will work regardless of whether or not we know .

Hence, a natural conclusion is that if under H,, the absolute value |T(x)| of t-statistic
T(x) is large, then H, is to be rejected. More precisely, given 7y € (0, 1), we will denote
by t,_,(7y) the upper vy point (quantile) of the t,_, distribution, defined as the value a
for which

[ h @ax=y

T(X) = (4.26)

(the lower 7y point is of course —¢,_, (y)). Then we reject H, when, with u = pu,, we have
ITx)[ > 1,1 (a/2).

This routine is called the Student, or t-test (the t distribution is also often called
the Student distribution). It was proposed in 1908 by W.S. Gossett (1876-1937), a UK
statistician who worked in Ireland and England and wrote under the pen name ‘Student’.
Gossett’s job was with the Guinness Brewery, where he was in charge of experimental
brewing (he was educated as a chemist). In this capacity he spent an academic year in
K. Pearson’s Biometric Laboratory in London, where he learned Statistics. Gossett was
known as a meek and shy man; there was a joke that he was the only person who managed
to be friendly with both K. Pearson and Fisher at the same time. (Fisher was not only



254 Hypothesis testing

famous for his research results but also renowned as a very irascible personality. When he
was confronted (or even mildly asked) about inconsistencies or obscurities in his writings
and sayings he often got angry and left the audience. Once Tukey (who was himself
famous for his ‘brashness’) came to his office and began a discussion about points made
by Fisher. After five minutes the conversation became heated, and Fisher said: ‘All right.
You can leave my office now.” Tukey said ‘No, I won’t do that as I respect you too
much.” ‘In that case’, Fisher replied, ‘T’ll leave.”)

Returning to the t-test: one may ask what to do when |¢| <, _,(a/2). The answer is
rather diplomatic: you then don’t reject H,, at significance level « (as it is still treated as
a conservative hypothesis).

The t-statistic can also be used to construct a confidence interval (CI) for u (again
with or without knowing ¢?). In fact, in the equation

V(X —p)

XX

P(—tn_l(a/2)< <tn_1(a/2)> =1-«

the inequalities can be imposed on u:
— 1 - 1
PlX— ﬁsxxtnq(a/z) < <X+ ﬁsxxtn—l(a/z) =l-a.

Here P stands for P, ., the distribution of the IID sample with X; ~ N(0, o). This
means that a 100(1 — a)% equal-tailed CI for w is

— 1 - 1
X— ﬁsxxtn—l(a/z)’ X+ ﬁsxxtn—l(a/z) . (4.27)

The t-statistic and the t-test appeared frequently in the Tripos questions: see MT-IB
1998-212E, 1995-103G (i), 1994-203F (ii,d), 1993-203J (ii), 1992-406D.

Some statisticians don’t drink because they are t-test totallers.
(From the series ‘Why they are misunderstood’.)

Example 4.5 The durability is to be tested, of two materials a and b used for soles
of ladies’ shoes. A paired design is proposed, where each of 10 volunteers had one sole
made of a and one of b. The wear (in suitable units) is shown in Table 4.1.

Table 4.1.
Volunteer
1 2 3 4 5 6 7 8 9 10
a 147 97 113 149 119 72 9.6 11.7 9.7 140
b 144 92 108 14.6 12.1 6.1 9.7 114 9.1 13.2

Difference 03 05 0.5 03 -02 11 -0.1 03 06 0.8
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Assuming that differences X, ..., X,, are IID N(u, 62), with u and ¢ unknown,
one tests Hy: u =0 against H;: w#0. Here x=0.41, S,, =, x7 — nx* =1.349 and the
t-statistic

1=+10x0.41/,/1.349/9=3.35.

In a size 0.05 test, H, is rejected as 74(0.025) =2.262 < 3.35, and one concludes that
there is a difference between the mean wear of a and b. This is a paired samples t-test.
A 95% confidence interval for the mean difference is

A/ 1.349/9 x 2.262 V1.349/9 x 2.262
0.41 — ,0.414
V10 /10

Historically, the invention of the t-test was an important point in the development of
the subject of statistics. As a matter of fact, testing a similar hypothesis about the variance
of the normal distribution is a simpler task, as we can use statistic Sy, only.

>= (0.133,0.687). W

Testing a given variance, unknown mean We again take a homogeneous normal
sample X and consider the null hypothesis H,: 0> = g7 against H,: 0 # a7, where o7 is
a given value. As was said above, the test is based on the statistic

1 1 _
—Syx=— 2. (X, — X)%, 4.28
0_3 XX 0_3 2,:( i ) ( )
which is ~x2_, under H,. Hence, given a € (0, 1), we reject H in an equal-tailed two-sided
test of level a when the value S,,/0? is either less than &, ,(a/2) (which would favour
o? < 0?) or greater than h;}_, (a/2) (in which case o is probably > o). Here and in what
follows /! (7y) stands for the upper 7y point (quantile) of x2, i.e. the value of a such that

/am S (x)dx=1.

Similarly, &, (y) is the lower vy point (quantile), i.e. the value of a for which

/0 S (x)dx="1;

as was noted before, i, (y) =h},(1—7), 0 <y<1. By f,. (x) we denote here and below
the x? PDF with m degrees of freedom.

This test is called the normal x? test. It works without any reference to u which may
be known or unknown.

The normal y? test allows us to construct a confidence interval for o2, regardless of
whether we know w or not. Namely, we re-write the equation

P (hn—l(a/z) < %Sxx < h:_l(a/Z)) =]1—«

as

IP( SXX 2 SXX )_
+7 <0< T A< = 1 —
hnfl(a/z) hn—l(a/z)
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(here Pis P, ., the sample distribution with X; ~ N(u, a?)). Then, clearly, a 100(1 — a)%
equal-tailed CI for o2 is

Sxx Sxx
(h,T] (/2)’ h;l(a/z)> ' (4.29)

Example 4.6 At a new call centre, the manager wishes to ensure that callers do not
wait too long for their calls to be answered. A sample of 30 calls at the busiest time of
the day gives a mean waiting time of 8 seconds (judged acceptable). At the same time,
the sample value of S,,/(n— 1) is 16, which is considerably higher than 9, the value from
records of other call centres. The manager tests Hy: o> =9 against H,: g2 > 9, assuming
that call waiting times are IID N(u, 0®) (an idealised model).

We use a x? test. The value S, /0> =29 x 16/9 =51.55. For @ =0.05 and n =30, the
upper « point !, (@) is 42.56. Hence, at the 5% level we reject H, and conclude that
the variance at the new call centre is > 9.

The confidence interval for o2 is

16 x29 16 x29
4572 7 16.05

) =(10.15,28.91),
as h,(0.025) =45.72 and h%(0.975)=16.05. W

Both the t test and normal y? tests are examples of so-called goodness of fit tests.
Here, we have a null hypothesis H,, corresponding to a ‘thin’ subset ®, in the parameter
set ©. In Examples 4.5 and 4.6 it was a half-line {u = u,, o> > 0 arbitrary} or a line
{neR, o? =07} embedded into the half-plane ® = {u € R, ¢ > 0}. The alternative
was specified by the complement ®, = ® \ ®,. We have to find a test statistic (in the
examples, T or Syy), with a ‘standard’ distribution under H,,. Then we reject H, at a given
significance level a when the value of the statistic does not lie in the high-probability
domain specified for this a. See Figure 4.2. Such a domain was the interval

(=t,1(@/2), 1,1 (a/2))

- (o/2) ht (o/2)

n-1 n-1

Figure 4.2
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for the t-test and

(hyy(@/2), hf_((/2))

for the y? test. In this case one says that the data are significant at level a. Otherwise,
the data at this level are declared insignificant, and H, is not rejected.

Remark In this section we followed the tradition of disjoint null and alternative
hypotheses (0, N @, = ). Beginning with the next section, the null hypothesis H, in a
goodness of fit test will be specified by a ‘thin’ set of parameter values ®, while the alter-
native H; will correspond to a ‘full’ set ® D ©,. This will not affect examples considered
below as the answers will be the same. Also a number of problems in Chapter 5 associate
the alternative with the complement ® \ ®, rather than with the whole set ®; again the
answers are unaffected.

4.4 The Pearson )’ test. The Pearson Theorem

Statisticians do it with significance.
(From the series ‘How they do it’.)

Historically, the idea of the goodness of fit approach goes back to K. Pearson and dates to
1900. The idea was further developed in the 1920s within the framework of the so-called
Pearson chi-square, or Pearson, or x°, test based on the Pearson chi-square, or Pearson,
or )(2, statistic. A feature of the Pearson test is that it is ‘universal’, in the sense that it can
be used to check the hypothesis that X is a random sample from any given PMF/PDF. The
hypothesis is rejected when the value of the Pearson statistic does not fall into the interval
of highly-probable values. The universality is manifested in the fact that the formula for
the Pearson statistic and its distribution do not depend on the form of the tested PMF/PDF.
However, the price paid is that the test is only asymptotically accurate, as n, the size of
the sample, tends to oo.

Suppose we test the hypothesis that an IID random sample X = (X, ..., X,) comes
from a PDF/PMF f°. We partition R, the space of values for RVs X, into k disjoint sets
(say intervals) Dy, ..., D, and calculate the probabilities

P= /D Fdx or Y £0(x). (4.30)
i D,

The null hypothesis H, is that ¥ ¢, the probability P(X; € D,) is equal to p?, the value
given in equation (4.30). The alternative is that they are unrestricted (apart from p, >0
and p, +---+ p, = 1). The Pearson x? statistic is

X1

P(X)=i(n%e')2, x=|:], 431)
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where n; (=n;(x)) is the number of values x; falling in D,, with n, +--- 4 n, =n, and
e, =np) is the expected number under H,. Letter P here is used to stress Pearson’s
pioneering contribution. Then, given a € (0, 1), we reject the null hypothesis at signifi-
cance level a when the value p of P exceeds k" (a), the upper a quantile of the x7_,
distribution.

This routine is based on the Pearson Theorem:

Suppose that X,, X,, ... is a sequence of IID RVs. Let D, . . ., D, be a parti-
tion of R into pair-wise disjoint sets and set q,=P(X;€ D)), =1, ..., k, with
g +--+q.=1Next,VIi=1,...,k and n>1, define
N,, = the number of RVs X; among X,,...,X, such that X; € D, with
Ny,+---+N.,=n, and
k (N, n
Pn — Z ( Ln ql) (432)
I=1 nq
Then ¥ o> 0:
lim P(P, > @) = / f (dx. (4.33)

Proof. We use the fact that relation (4.33) is equivalent to the convergence of the char-
acteristic functions ¢P” (t) =Eei*Pn:

lim ¢, () = / f ()edx, 1eR. (4.34)
n—oo n 0 -1
Set
N _ k
Y, =t oo that P, =312, (4.35)
/14 =1
and

i Y4 = % ;(Nl,n —nq)= % <21: N,—n ;%) =0. (4.36)

I=1
Our aim is to determine the limiting distribution of the random vector

Y,

n

Y =

n .
Yk,n

Take the unit vector

var

A
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and consider a real orthogonal k x k matrix A with kth column k. Such a matrix always
exists: you simply complete vector k to an orthonormal basis in R¥ and use this basis to
form the columns of A. Consider the random vector

Zl,n
Z,=| :
Zk,n
defined by
7,=A"Y,.

Its last entry vanishes:

k k
Zk,n = Z Y[,nAl,k = Z Yl,n\/ ql = O
=1 =1

At the same time, owing to the orthogonality of A:

k k—1
P,=37},=3 7, (4.37)
=1

= I=1

Equation (4.36) gives insight into the structure of RV P,. We see that to prove limiting
relation (4.33) it suffices to check that RVs Z, ,,...,Z,_,, become asymptotically
independent N(O, 1). Again using the CHFs, it is enough to prove that the joint CHF
converges to the product:

k—1

lim EeZ1nt+i1Ziin = T e ™11, (4.38)

n—oo =1

To prove relation (4.38), we return to the RVs N, . Write

|
n ny ny

=ny,...,N =nk)= Ve g,

nl. .. nk!q
V non-negative integers n,, . . ., n, with n, +---+n, =n. Then the joint CHF
n! k !
iY N, : neoo kel gy it
Ee —nl """" nkZ:Z[nI:n 4”1!""%!% q; © = (g%e ) .
Passing to Yy ,,..., Y, , gives

k n
Eel ZiiYin — o= iWnXit/ar (Z qlei’//x/’“ﬂ)
1=1
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and

In Ee'>/""in = pln (qu”’uﬁ) —1[2@

I=1
:nln|:

1&,
_7Zt1+
2[:]

%\

k 1 k )
Z 4V q — > Y1+ 0 (n_3/2):| —iv/ny 1,\/q,
= =1 1

2
k
(Z fz«/?z) +0(n'"?),
I=1
by the Taylor expansion.

As n — oo, this converges to

N =

IR+ 5 (AT6] =~ lIATP + 3 (470)]

1 k-1 5 4
=—§Z(ATt)l,t= D | eR™

=1
i

Here A is the above k x k orthogonal matrix, with AT=A~!, and || ||* stands for the square
of the norm (or length) of a vector from R¥ (so that |[t||>=3",#? and ||ATt||* =3, (ATt) ).
Consequently, with (t,Y,)=YF t,Y; ,, we have

k—1
lim EeltYn) = [Te“4"01/2, (4.39)

n—oo =1

Then, for RVs Z, ., in a similar notation

Rl ZitZin — FeitZ) — it ATY,) — Eai(AtY,)

which, by (4.38), should converge as n — oo to

k—1

l—[ e—(ATAt) /2 l—[ eftl 7

=1

This completes the proof.

We stress once again that the Pearson y? test becomes accurate only in the limit 1 — oo.
However, as the approximation is quite fast, one uses this test for moderate values of n,
quoting the Pearson Theorem as a ground.

It is interesting to note that K. Pearson was also a considerable scholar in philosophy.
His 1891 book ‘The Grammar of Science’ gave a lucid exposition of scientific philosophy
of the Vienna school of the late nineteenth century and was critically reviewed in the
works of Lenin (which both of the present authors had to learn during their university
years). However, Lenin made a clear distinction between Pearson and Mach, the main
representative of this philosophical direction (and a prominent physicist of the period)
and clearly considered Pearson superior to Mach.
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Example 4.7 In his famous experiments Mendel crossed 556 smooth yellow male peas
with wrinkled green female peas. From this progeny, we define:

N, = the number of smooth yellow peas,
N, = the number of smooth green peas,
N; = the number of wrinkled yellow peas,
N, = the number of wrinkled green peas,

and we consider the null hypothesis for the proportions

9 3 3 1
Hy: (p1s Py P3s Py) = 1616’16’ 16 )

as predicted by Mendel’s theory. The alternative is that the p, are unrestricted (with p; >0)

and Z?:l p;=1.
It was observed that (n,, n,, ns, ny) = (301, 121, 102, 32), with

e=1(312.75,104.25,104.25, 34.75), P =3.39888,

and the upper 0.25 point = h7(0.25) =4.10834. We therefore have no reason to reject
Mendel’s predictions, even at the 25% level.

Note that the above null hypothesis that f = f° specifies probabilities p? completely. In
many cases, we have to follow a less precise null hypothesis that the p? belong to a given
family {p)(6), 6 € ®}. In this situation we apply the previous routine after estimating the
value of the parameter from the same sample. That is the y? statistic is calculated as

P( ) Z (nl el)

e

(4.40)

where ¢, = np; (9) and 9 (= O(X)) is an estimator of 6.

Usually, 6 is taken to be the MLE. Then the value 7 = SF (n, —@)?/e of statistic P
is compared not with /;_, () but with A | i0)(@), where |0 is the dimension of set ©.
That is at significance level a € (0, 1) we reject Hy: p! belong to family {p?(6), 6 € O}
when 7> I | o (a). (Typically, the value i (a) is higher than 7 (a) when k; > k;.)
This is based on a modified Pearson Theorem similar to the one above. W

The Pearson y? statistic and Pearson test for goodness of fit are the subject of MT-IB
1997-412G and 1994-103F(i). However, their infrequent appearance in Tripos questions
should not be taken as a sign that this topic is considered as non-important. Moreover,
it gives rise to the material discussed in the remaining sections which is very popular
among Tripos examples.

4.5 Generalised likelihood ratio tests. The Wilks Theorem

Silence of the Lambdas
(From the series ‘Movies that never made it to the Big Screen’.)

The idea of using the MLEs for calculating a test statistic is pushed further forward
when one discusses the so-called generalised likelihood ratio test. Here, one considers



262 Hypothesis testing

a null hypothesis H, that 8 € ®,, where ©®, C O, and the general alternative H;: 0 € ©.
A particular example is the case of H,: f = f(¥), where probabilities p? = P(D,) have been
completely specified; in this case ® is the set of all PMFs (p,, ..., p;) and ®, reduced
to a single point (p§°), cees p,((O) ). The case where p! depend on parameter 6 is a more

general example. Now we adopt a similar course of action: consider the maxima
max [ f(x; 0): 6€ 0]

and
max [f(x; 0): 6e @]

and take their ratio (which is > 1):

max [ f(x; 0): 6 € 0]

Ao, (%) = max [f(x; 6): 0€6,]

(4.41)

Apy,.n, is called the generalised likelihood ratio (GLR) for H, and H,; sometimes the
denominator is called the likelihood of H,, and the numerator the likelihood of H;.
In some cases, the GLR AH]; H, has a recognised distribution. In general, one takes

R=2In Ay (X). (4.42)

Then if, for a given @ € (0, 1), the value of R in formula (4.42) exceeds the upper point
h,(a), H, is rejected at level a. Here p, the number of degrees of freedom of the X2
distribution, equals |®| — |Q,|, the difference of the dimensions of sets ® and ©,.

This routine is called the generalised likelihood ratio test (GLRT) and is based on
the Wilks Theorem, which is a generalisation of the Pearson Theorem on asymptotical
properties of the y? statistic. Informally, this theorem is as follows.

Suppose that X is a random sample with IID components X; and with PDF/PMF
f(-; 0) depending on a parameter 6 € ©, where © is an open domain in a
Euclidean space of dimension |®|. Suppose that the MLE E(X) is an asymptoti-
cally normal RV as n — oo. Fix a subset @y C O such that © is an open domain
in a Euclidean space of a lesser dimension |Q,|. State the null hypothesis H, that
0 € ©,. Then (as in the Pearson Theorem), under H, the RV R in formula (4.42)
has asymptotically the )(127 distribution with p = |0| — |0, degrees of freedom.
More precisely, ¥ 0 € O, and h > 0:

lim Py(R > h) = / £ (x)dx.
n— 00 h P

There is also a version of the Wilks Theorem for independent, but not IID RVs
X,, X,, . ... The theorem was named after S.S. Wilks (1906-1964), an American statis-
tician who for a while worked with Fisher. We will not prove the Wilks Theorem but
illustrate its role in several examples.
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Example 4.8 A simple example is where X; ~ N(u, 0?), with o2 known or unknown.
Suppose first that o2 is known. As in the previous section, we fix a value u, and test H,:
um=p, against H;: u € R unrestricted. Then, under H,, X is the MLE of u, and

1 S.XX
max L k) ekl = W exp <_ 202) ’

where
-2
Sxx = Z(‘xi - )C) s
i
whereas under H,,,

Mo

. — 1 2
f(x5 pg) = WCXP —20_2 s

where
Eio = Z(xi — o).
Hence,
1 2
AH1§H0 =exp th (2#0 — Sxx) N
and

1 no_
2111 AH|;H0 = ; (2;21,0 - Sxx) = ;(x_l‘l’)z NXIZ

We see that in this example, 21n Ay, (X) has precisely a x; distribution (i.e. the Wilks
Theorem is exact). According to the GLRT, we reject H, at level a when 21n Ay . (X)
exceeds h{ (a), the upper a quantile of the y? distribution. This is equivalent to rejecting
H, when |x — u|/n/o exceeds z7(a/2), the upper a/2 quantile of the N(0, 1) distribution.

If o2 is unknown, then we have to use the MLE G2 equal to Eio / n under H, and
Syx / n under H,. In this situation, o is considered as a nuisance parameter: it does not
enter the null hypothesis and yet is to be taken into account. Then

1
underH, : max [ f(x; u,0%): neR, 0> >0]= —— e "2,
1 [f( 1% ) 1 ] (27TSXX/n)n/2
and
1
under H,: max | f(x; g, 0°): 0> 0| = —————ec ">
0 [ 0 ] (2772%%/”)”/2
Hence,

n/2 - /2
PO o B L
il =\ g =1+ 5 s



264 Hypothesis testing

and we reject H, when n(X — u,)?/S,, is large. But this is again precisely the t-test, and
we do not need the Wilks Theorem.
We see that the t-test can be considered as an (important) example of a GLRT. B

Example 4.9 Now let u be known and test H,: 0> = 0] against o> > 0 unrestricted.
The MLE of ¢? is 3?/n, where 3? =3, (x; — u)?. Hence,

\/ﬁ )n 87"/2
V2732 '

under H,: max [f(x; w,0%): ot > 0] = (

and
under H,: f(x %) ] ex ! 32
S, ) = -2,
0 o Qmag)? P 207
with
2N\ 1/2 2
no n >
Apyim, = (22) exp |:_2 + w:| ,
and
2 2 2 2 2
ain p 2 X —noy
21In AH,;HUann y—n—{—a—g:—nln m.}_T
2 g2 2 o
— _nhn <1+ 'Z"O)+ 2%
nog a;

We know that under H,, 3?/0?~ x?. By the LLN, the ratio 3?/n converges under H, to
E(X, — u)* = Var X, = 07. Hence, for large n, the ratio (2% — nog) / nog is close to 0.
Then we can use the Taylor expansion of the logarithm. Thus,

3*—noy 1 (22 —n0'§>2] N 3% —nog

~N — —_
2In Ay .y, > —n 5 3 5 5
nog nog o

2
n (22 —noﬁ)z_ 3% —nog
2 n(rg ,/2}10’8 '
The next fact is that, by the CLT, as n — oo,
2_ 2
1% N, 1),
Zn(rg

This is because RV >%(X) is the sum of IID RVs (X; — )2, with

E(X; —u)*=0" and Var (X; — u)* =20;.

Hence, under H,, as n — oo, the square

2
32 —no} .
(0 N)(lz, ie. 2In AHI;HDN)(IZ,

V2noy

in agreement with the Wilks Theorem.
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We see that for n large, the GLRT test is to reject H,, at level o when

(27— ”0'0)2
2n0’6‘

Of course, in this situation there is the better way to proceed: we might use the fact that

> h (a).

2
R

2 X
0y

So we reject H, when 3?/03 > ht(a/2) or 3?/0? < h,(a/2). Here we use the same
statistic as in the GLRT, but with a different critical region.
Alternatively, we can take
Sxx 2
0'5 n—1°

where Syy =", (X; — X)?. The normal y? test:

1
reject Hy when — S, > h' (a/2) or <h, ,(a/2)

2 xx n—1
Ty

is again more precise than the GLRT in this example.
In a similar way we treat the case where H,: 0> =03, H,: 0> # o and p is unknown
(i.e. is a nuisance parameter). Here @ =X, 0 = Syy/n, and
1

7n/2

il

under H, : max[ (x;n,0%): ueR, o >O]

and
. 1 1
under HO . max [f(x, M 0'0) LM S R] = W exXp _ﬁsxx N
0 0
with the GLR statistic

a2\ 1S,
AHl;Ho = (ne) " (SO) eXp < 5 0_2 > :
xx 0

We see that Ay ., is large when S,/ o} is large or close to 0. Hence, in the GLRT
paradigm, H, is rejected when Syy /07 is either small or large. But Syy/07 ~ x>_,. We
see that in this example the standard y? test and the GLRT use the same table (but operate
with different critical regions). W

Another aspect of the GLRT is its connection with Pearson’s x* test. Consider the
null hypothesis Hy: p; = p;(0), 1 <i <k, for some parameter 6 € O, where set O, has
dimension (the number of independent co-ordinates) |®,| =k, <k — 1. The alternative H,
is that probabilities p; are unrestricted (with the proviso that p, >0 and }_; p, = 1).

Example 4.10 Suppose that RVs X,,...,X, ~ N(uy,0%) and Y,,...,Y, ~
N(uy, 02), where y, 02, jy and o2 are all unknown. Let H, be that o2 = o2 and H,
that o3 > o. Derive the form of the likelihood ratio test and specify the distribution of
the relevant statistic.
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Here

L., (Hy) = max [fx(x§ s 0) fy (v by, 0°): uy €R, py €R, 0'>0]

1 Sut Sy .
= max Wexp —7 co>0].

Note that for g(x) = x“e™" with a, b > 0:
=e(3)-()
max g(x)=g(-)=(-) e
x>0 g g b b
—(m+n)/2 &2

1 _SutS,

(mag)mim/2 0 m+n

Hence,
ny(HO) =
Similarly, under H,

ny(Hl) = max [fx(x§ Mx» U)zf)fY(y; My 0’5) DMy by ER, oy, 0y > O]

— ! ~Gn)/2,
Qmo)m2(2moz)n?

with o3 =S, /m, Gy =S,,/n (provided that oy > 07). As a result,

S SV, chx + SY (m+n)/2 S —m/2 va —n/2
if 2> 2 then A= < ’y) (”) (») ,
m n m+n m n

and
S S,
if =2 <2 then A=1.
m n
Further,
S S
it 22 = ™ then 2 InA=c+f|=].
Sy,v n S>’>‘
Here

fuw)y=(m+n)In(1+z)—mln u,
and c is a constant. Next,

)=

m+n m __ nu—m

1+u  u  u(l+u)

i.e. f increases when u > m/n increases. As a result, we reject H, if S,,/S,, is large.
Under H,,,

S S,
o3 =0y =0, and ﬁ ~XE s ﬁ ~ x2_,, independently.
Therefore,
S -1
XX/(m ) ~ -

Fm—l,n—] .
S,y/(n—1)
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Example 4.11 There are k + 1 probabilities py, . . ., p,. A null hypothesis H, is that
they are of the form

r)=(4)ea-ot0<izk

where 6 € (0, 1). (Here |®,| =1.) The alternative H, is that these probabilities form a
k-dimensional variety.

The MLE under H, maximises ZLO n;log p;(0), where n,, ..., n, are occurrence
numbers of values O, ..., k. Let 5 be the maximiser. An easy calculation shows that
under H,, 0 = % in;/(kn). Under H, the MLE is P, =n;/n, where n=ng,+---+n,.
Then the logarithm of the GLR yields

k =n;
MioPi oy M
[Tizo (Pi(e)) ‘ i np,(0)
The number of degrees of freedom is k+1—1— |0, =k — 1. We reject H, when
2In A > hf_ ().

Write np;(0) =e;, 6,=n,—e¢;, 0<i<k, with };8,=0. A straightforward calcula-
tion is:

2In A=2In

2 A=2%nIn = =2%(e;+6,)In (1+’>
i e i e

i i

8 &

: 5? (n; —¢;)?
~2 S+———+— =) —=> ——.
2,:( ' €; 2ei> Xl: € ; €;
This is precisely Pearson’s y? statistic. M
It has to be said that, generally speaking, the GLRT remains a universal and powerful

tool for testing goodness of fit. We discuss two examples where it is used for testing
homogeneity in non-homogeneous samples.

Example 4.12 Let X,, ..., X, be independent RVs, X; ~ Po(A;) with unknown mean
A,i=1, ..., n Find the form of the generalised likelihood ratio statistic for testing
Hy:A =...=A,, and show that it may be approximated by Z= Y"" (X, —X)*/X,

where X =n~! > X If, for n=7, you find that the value of this statistic was 26.9,
would you accept H,?
For X; ~ Po(},)),

x!

fx(x5 Q) ZH Le M,
i=1

_ X!

Under H,, the MLE A for Ais X= > i X;/n, and under H,, X,- =x;. Then the GLR

f(x;’)'\\la"'7,)'\\n)_ i'x?[
Fx: ) [

AH1 n (x)=
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and

21 Ay (X) =23 x,In
i X

:22[%+(xi—f)]ln (1+ x,-;x) %Zu

as In (14 x) ~ x — x%/2.
Finally, we know that for Z ~ xZ, EZ =6 and Var Z = 12. The value 26.9 appears
too large. So we would reject H,. W

Example 4.13 Suppose you are given a collection of np independent random variables
organised in n samples, each of length p:

X0 =(X,,....X,,)
XO =(Xy,....X,,)
X=X, ., X,,).

The RV X;; has a Poisson distribution with an unknown parameter /\j, 1<j<p.Youare
required to test the hypothesis that A; =--- = A, against the alternative that values A; >0
are unrestricted. Derive the form of the likelihood ratio test statistic. Show that it may be
approximated by

n s —\2
§Z(Yj—x)
j=1
with
Y—lix Y—iii‘x
J ns ij> npi:”:] ij

Explain how you would test the hypothesis for large n.
In this example, the likelihood

e A; K

nop
i=1j=1 i./ !

is maximised under H, at A =X, and has the maximal value proportional to e‘”’ﬁf”ﬁ.

Under H,, /\ =X, and the maximal value is proportional to the product e™"”* []".

Hence,

l
11/'
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We reject Hy when 21In Ay .p , is large. Now, In Ay 5 has the form

, -
(Z nX;In X; — npxIn x) =n|Y (Xx;InX;,—X;In x):|

i=1 j

Under Hy, nX;~ Po (nA) and npX ~ Po (npA). By the LLN, both X ; and X converge
to the constant A, hence (X; — X)/X converges to 0. This means that for n large enough,
we can take a first-order expansion as a good approximation for the logarithm. Hence,
for n large, 2In Ay 4 is

s o | P () [ O

j=1 X

Observe that the ratios Y, = (Y ! —Y) / VX resemble the ratios Y, from defini-
tion (4.35). In fact, it is possible to check that as n — oo,

X,-X

"5

~N (0, 1).

(This is the main part of the proof of Wilks Theorem.) We also have, as in equation (4.36),
that the Y, , satisfy a linear relation

i Yl,n\/§= Xp:(yl - X)=0.

Then as in the proof of the Pearson Theorem, as n — oo,

2In Ay, "’X,ZH' |

Concluding this section, we provide an example of a typical Cambridge-style Mathe-
matical Tripos question.

Example 4.14 What is meant by a generalised likelihood ratio test? Explain in detail
how to perform such a test.

The GLRT is designed to test Hj: 0 € O, against the general alternative H;: 0 € O,
where O, C ©. Here we use the GLR
X1
max [f(x; 0): 0 € 0]
max [f(x;60): 0€0,]

where x =

AHI;HO (x)=

n

The GLRT rejects H, for large values of Ay . .
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If random sample X has IID components X;,...,X, and n is large then, under
Hy, 2In Ay .y (X) ~ Xiv where the number of degrees of freedom p = |0| — |, (the
Wilks Theorem). Therefore, given a € (0, 1), we reject H, in a test of size « if

2In Ay, (X) > b (). W

It is interesting to note that the GLRT was proposed by Neyman and E. Pearson in
1928. The NP Lemma, however, was proved only in 1933.

The GLRT test is a subject of the following Tripos questions: MT-IB 1995-403G
(ii), 1992-206D.

4.6 Contingency tables

Statisticians do it by tables when it counts.
(From the series ‘How they do it’.)

A popular example of the GLRT is where you try to test independence of different
‘categories’ or ‘attributes’ assigned to several types of individuals or items.

Example 4.15 An IQ test was proposed to split people approximately into three equal
groups: excellent (A), good (B), moderate (C). The following table gives the numbers
of people who obtained grades A, B, C in three selected regions in Endland, Gales and
Grogland. The data are given in Table 4.2.

Table 4.2.

Region Grade Total n;,

Endland 3009 2832 3008 8849
Gales 3047 3051 2997 9095
Grogland 2974 3038 3018 9030
Total n,; 9030 8921 9023 26974

It is required to derive a GLRT of independence of this classification. Here,
€y =Ny Nyj/n,, are

2962.35 2926.59 2960.06
3044.70 3007.95 3042.34.
3022.94 2986.45 3020.60

The value of the Pearson statistic (defined in equation (4.45) below) is

4.56828 4 1.29357 + 1.68437 =7.54622,
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with the number of degrees of freedom (3 — 1) x (3 — 1) =4. At the 0.05 level k] (0.05) =
9.488. Hence, there is no reason to reject the hypothesis that all groups are homogeneous
at this level (let alone the 0.01 level). W

In general, you have a contingency table with r rows and ¢ columns. The independence
means that the probability p;; that say a type i item falls into category, or receives attribute,
J is of the form «;3; where

a,B;>0 and ) ;=) B,=1.
i=1 j=1

This will be our null hypothesis H,,. The alternative H, corresponds to a general constraint
p;=0and 37, >, p;;= 1. Here we set

pi+=Zpijv p+j=Zpij and P++:Zpi+=ZP+j=1
J i i J

(the notation comes from early literature).

The model behind Example 4.15 is that you have » items or individuals (26 974 in the
example), and n;; of them fall in cell (i, j) of the table, so that }°; ; n;; = n. (Comparing
with Example 4.1, we now have a model of selection with replacement which generalises
Example 4.2.) Set

ni = Znij’ n.;= Znij and n = Zni+ = Z”H =n.
J i i J
The RVs N; have jointly a multinomial distribution with parameters (n; (p;;)):
. | Loy
]I”(]\/ij:ni_/\fz,j):n.l_[;j!pij (4.43)

(the p;; are often called ‘cell probabilities’). It is not difficult to recognise the back-
ground for the GLRT, where you have |®,|=rc—1 (as the sum p,, =1) and
|Og|=r—1+c—1, with

10, =10y = (r=1)(c—1).

Under H,, the MLE for p,; is p;; =n;;/n. In fact, V n;; with n,, =n, the PMF (i.e. the
likelihood) is

pi/
Foup ((m): () =n! T
ij "tij*

and the LL is

¢ ((nij); (Pij)) = Znij In p;; +1In(n!) — Zln (n;;1).
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We want to maximise £ in p;; under the constraints
plj ZO’ Zpt] = 1
ij
Omitting the term

In (n‘) - Zln (n,-j!),

write the Lagrangian

L= n; Inp;—2A (Zpi.i - 1) :

ij i.j
Its maximum is attained when V i, j:
d n;

—L=-—-)1=0,

apij Pij
i.e. when p;;=n;;/A. Adjusting the constraint p, , =1 ylelds A=n.

Under H,, the MLE for e, is @; =n;, /n; for §; the MLE ,8 =n,;/n. In fact, here the
likelihood is

Fovy ((n)s (). (B)) = 1—[( B)

= n! 1—[ a;l[+ HB;'H 1_[ nij!’
i J iJ
and the LL is
14 ((nij); (@), (B])) = Z”H— Ina; + Z”+j InB;+ In (n!) — Z In (nij!)'
i J ij
This is to be maximised in «; and B; under the constraints

a,B;>=0,) ;=) B;=1.
i J

The Lagrangian now is

L= "n,Ina,+Y nln Bj—)\(Zai— l) —P«(Zﬂj—1>

(with the term [ln (n!) =Y In(n, j!)] again omitted). The stationarity condition

d d
—L=—4L=0, 1<i<r, 1<j<
i, 9B, i<r, j=c,

yields that &, =n, /A and ﬁj =n,;/u. Adjusting the constraints gives that A =pu =n.
Then the GLR

TG /M)
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and the statistic 21n AHI; n, €quals

ZZn”ln 22n1+

B 2%y, %:22nijln - (4.44)
J ij i

where ¢; = (ni+n+j)/ n. Writing n;; = e;; + §,; and expanding the logarithm, the RHS is

8, 16,
6) 22(611_‘_61])(6”_2’2]_{_"')’

ij ij

2 Z(eij +8;;)In (1 +
i

which is
(81])2 d (nl] lj 2

ij €ij i=1 j=1 €ij
by the same approximation as before.
Therefore, we can repeat the general GLRT routine: form the statistic

"¢ (n..—e..)?
21nA:ZZ(”7’J’ (4.45)
i=1 j=1 ¢ij

and reject H,, at level & when the value of the statistic exceeds hzrrfl)(cfl)(a), the upper
a point of X{._y)_y)-

Contingency tables also give rise to another model where you fix not only n, the
total number of observations, but also some margins, for instance, all (or a part) of row
sums 7, . Then the random counts N;; in the ith row with fixed n,, become distributed

multinomially with parameters (n,,; p;;, ..., p;.), independently of the rest. The null
hypothesis here is that p;; = p; does not depend on the row label i, V j=1,...,c. The
alternative is that p;; are unrestricted but p,, =1, i=1,...,r. This situation is referred

to as testing homogeneity.

Example 4.16 1In an experiment 150 patients were allocated to three groups of 45, 45
and 60 patients each. Two groups were given a new drug at different dosage levels and
the third group received a placebo. The responses are in Table 4.3.

Table 4.3.

Improved No difference  Worse
Placebo 16 20 9
Half dose 17 18 10
Full dose 26 20 14

We state H,, as

the prObabﬂitieS pImproved’ PNo difference and Pworse
are the same for all three patient groups,
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and H, as
these probabilities may vary from one group to another.

Then under H, the likelihood is

: n; ' n; nie
f(Mﬂ(("ij)KPij)) = ]_[ ﬁpnl- <+ Pic »

i=1 "Yilee . ic

and the LL is

Z((nl—j); (pi_/-)) =) n;lnp;+ (terms not depending on p,-_/-).
ij

Here, the MLE ’ﬁij of p;; is n;;/n;, . Similarly, under H, the LL is:

£((n;)); (pi;)) =Y_n,;In p; + (terms not depending on p;),
J

and the MLE p; of p; equals n,;/n, . Then, as before, the GLR is

-~ 2
200 Ay =2 0 28 =23 I D (nyj — )"
i pj i T €

with e;; = (n,.n;)/n, . The number of degrees of freedom is equal to (r —1)(c —1), as
|®;] =r(c —1) (c — 1 independent variables p;; in each of r rows) and [®y| =c —1 (the
variables are constant along the columns).

In the example under consideration: r=3, c=3, (r—1)(c—1)=4, h}(0.05)=9.488.
The array of data is shown in Table 4.4, which yields the array of expected values shown

in Table 4.5.

Table 4.4.

n;; Improved No difference ~ Worse

Placebo 16 20 9 45

Half dose 17 18 10 45

Full dose 26 20 14 60
59 58 33 150

Table 4.5.

e; Improved No difference  Worse

Placebo 17.7 17.4 9.9

Half dose 17.7 17.4 9.9

Full dose 23.6 232 13.2
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Thus Ay .p, is calculated as

247 (177% (0772 (2.6 (0.6
236 177 177 174 174
(32> (0.9 (0.1 (0.8
232 99 ' 99 132

This value is < 9.488, hence insignificant at the 5% level. W

=1.41692.

We finish this section with a short discussion of an often observed Simpson paradox. It
demonstrates that contingency tables are delicate structures and can be damaged when one
pools data. However, there is nothing mystic about it. Consider the following example.
A new complex treatment has been made available, to cure a potentially lethal illness. Not
surprisingly, doctors decided to use it primarily in more serious cases. Consequently, the
new data cover many more of these cases as opposed to the old data spread evenly across
a wider range of patients. This may lead to a deceptive picture (see, e.g., Table 4.6).

Table 4.6.

Didn’t recover Recovered Recovery %
Previous treatment 7500 5870 43.9
New treatment 12520 1450 10.38

You may think that the new treatment is four times worse than the old one. However,
the point is that the new treatment is applied considerably more often than the old one in
hospitals where serious cases are usually dealt with. On the other hand, in clinics where
cases are typically less serious the new treatment is rare. The corresponding data are
shown in Tables 4.7 and 4.8.

It is now evident that the new treatment is better in both categories.

Table 4.7. Hospitals

Didn’t recover Recovered Recovery %

Previous treatment 1100 70 5.98
New treatment 12500 1200 8.76

Table 4.8. Clinics

Didn’t recover Recovered Recovery %

Previous treatment 6400 5800 47.54
New treatment 20 250 92.60




276 Hypothesis testing

In general, the method of contingency tables is not free of logical difficulties. Suppose
you have the data in Table 4.9 coming from 100 two-child families.

Table 4.9.
1st Child
Boy Girl
2nd Child Boy 30 20 50
Girl 20 30 50
50 50 100

Consider two null hypotheses

H,: The probability of a boy is 1/2 and the genders of the children are independent.
HZ: The genders of the children are independent.

Each of these hypotheses is tested against the alternative: the probabilities are unrestricted
(which means that ppg, ppg. Poe> Pog only obey p.. >0 and pgg + ppg + Pos + Pog = 1
this includes possible dependence). The value of the Pearson statistic equals

2 2 2 2
(30 —125) n (20 —-125) n (20 —25) n (30—-125) _a
25 25 25 25
The number of degrees of freedom, for HOl equals 3, with the 5%-quantile 7.815. For
HZ, the number of degrees of freedom is 1; the same percentile equals 3.841.
We see that at significance level 5%, there is no evidence to reject H) but strong
evidence to reject H, although logically H} implies H}. We thank A. Hawkes for this

example (see [Haw]).
The contingency table GLRT appeared in MT-IB 1998-412E.

4.7 Testing normal distributions, 2: non-homogeneous samples
Variance is what any two statisticians are at.
(From the series ‘Why they are misunderstood’.)

A typical situation here is when we have several (in the simplest case, two) samples coming
from normal distributions with parameters that may vary from one sample to another.
The task then is to test that the value of a given parameter is the same for all groups.

Two-sample normal distribution tests Here we have two independent samples,

X, Y,
X=]| : and Y=| :
Xm le

where the X; are IID N(u,, 07) and the Y, are IID N(u,, 03).
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(a) Testing equality of means, common known variance In this model one assumes that

o} =0} =0? is known and test Hy: u, = p, against H,: u,, u, unrestricted. One uses

the GLRT (which works well). Under H,, the likelihood fx(x; i, 02)fy(¥; My, 072) is

1 1 1
m+n eXpP| —5 5 Z('xi - I“(‘l)2 ) Z(y - lu‘2)2:|
(«/277'0') ! |: 207 i 20? J !
e | o (S ), G )|
m+n 2 XX yy
(«/277'0') 20

and is maximised at
—~ ~ _ _ 1 _ 1
my=%and @, =ywhere X=—3 x,, y=—) ;.
m n -
i J
Under H,, the likelihood fx(x; &, 02) fy(¥; p, 0°) equals

1

and is maximised at

1 — 2 - 2
exp{_w[sm+m(x_m +8, (- ) ]}

~ mx + ny
m+n
Then the GLR
1 mn(x—y)?
Apyin, =eXP |:M W] )

and we reject H, when |x — Y| is large.
Under H,,,

. 1 1
X—-Y~ N(o,a2 <+))
m n

Hence, under H,, the statistic
L, X-7
Co/T/m+1/n
and we reject H, at level & when the value of |Z] is > z, (a/2) = ®~'(1 — a/2). The test
is called the normal z-test. Note that Wilks Theorem is exact here.

In what follows z,(vy) denotes the upper y point (quantile) of the normal N(0,1)
distribution, i.e. the value for which

~N(0, 1),

2y = .

1 /""
— e
N2 Y2+ (y)
As was noted, it is given by ®'(1—17), 0<y<1.
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(b) Testing equality of means, common unknown variance Here the assumption is that
02 =¢g? =07 is unknown: it gives a single nuisance parameter. Again, H,: u; =, and
H,: u,, u, unrestricted. As we will see, the result will be a t-test.

Under H; we have to maximise

1

in u,, u, and o?. As before, i, =X, i, =Y. The MLE for o? is

eXp{ zlz[SxmLm(x—m) +8,,+n@ - Mz)]}

Sxx +S yy

m+n

where S, =3 (x,— %)% S, =Y (y;— )"
i J

(The corresponding calculation is similar to the one producing ¢ =S, /n in the single-
sample case.) Hence, under H,,
max [ f(x; w1, 02) f(¥; por 07) 2 oy, o €R, 07 > 0]

—(m+n)/2
— 27TSXX +Syy mn ef(m+n)/2.
m+n

Under H, the MLE for u is, as before,
~ mx + ny
= m+n’

and the MLE for o2 is

= [Z("f S0 ﬁ)ﬂ

|:S +5S,, —|— (x—y)i|

m+

Hence, under H,),
max [f(x; w, o) fy: ., o) peR, 0* > 0]

27 mn ~(m+n)/2
=y — |9 S " (v —v)? ef(ern)/Z.
{m+n[”+ ”+m+n(x y)“

This yields the following expression for the GLR:

N (At S,) maE -y
st (m+n)(S,. +5,,)

( mn(} _ y)z )(m+n)/2
—(1+ .
(m + n)(Sxx + Syy)
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Hence, in the GLRT, we reject H, when
Ix =]

is large. It is convenient to multiply the last expression by ~/n+ m — 2. This produces
the following statistic:

X-Y
T=—— (.
Sxx+Syy (l + l)
m+n—2 \m n

In fact, under H,),
X-7
aJ1/m+1/n
independently. Thus

Sex+Sw
- 5 Xm+r172‘

1 1
~N(0, 1), ;SXXNszn—l and ;SYYNXﬁ—l’

0—2
The Wilks Theorem is of course valid in the limit m, n — oo, but is not needed here.
The t-test for equality of means in two normal samples was set in MT-IB 1995-103G (i).

Example 4.17 Seeds of a particular variety of plant were randomly assigned to either
a nutritionally rich environment (the treatment) or standard conditions (the control). After
a predetermined period, all plants were harvested, dried and weighed, with weights in
grams shown in Table 4.10.

Table 4.10.

Control 417 558 518 6.11 450 461 517 453 533 5.14
Treatment 4.81 4.17 441 359 587 383 603 489 432 469

Here control observations X, ..., X,, are [ID N(uy, 0%), and treatment observations
Y,,...,Y, are IID N(u,, 0?). One tests

H,: puy=py against H, : uy, w, unrestricted.
We have
m=n=10,¥=5.032,S,,=3.060,y=4.661, S, =5.669.

» Mxx

Then
_ Sex +Syy
T m4n-=2

~2

=0.485

and

e

Vo2 (1/m+1/n)



280 Hypothesis testing

With #,4(0.025) =2.101, we do not reject H, at level 95%, concluding that there is no
difference between the mean weights due to environmental conditions.

Now suppose that the value of the variance o2 is known to be 0.480 and is not
estimated from the sample. Calculating

_ _ 1 1
c=l—3 [o)—+=
m n

yields the value z =1.974. Since ®(z) =0.97558, which is just over 0.975, we formally
have to reject H, (although, admittedly, the data are not convincing). W

(c) Testing equality of variances, known means First, consider the case where u, and
W, are known (and not necessarily equal). The null hypothesis is H,: 07 = 07 and the
alternative H,: o7, o unrestricted. Under H,, the likelihood f(x; ., 0%) f(y; o, 0%) is
maximised at ¢ = (33, +37))/(m + n) and attains the value

5 5 —(m+n)/2
|:27T (3% + 2yy) :| o m+m)/2.

m+n

Here 37, =3":(x; — u,)* and Eiy =20, - Ma)*.
Under H,, the likelihood f(x;u,, o*)f(y; iy, 0%) is maximised at o7 = 32 /m,
G; =3 /n and attains the value

2 —m/2 P —n/2
2772)()( 2772}’}’ ef(m+n)/2.
m n

Then the GLR

AHI;HO =

m™2pn/? 32+ Eiy " 32+ Eiy "
(m + n)(mm/2 3% 2

22 m/2 2 n/2
o<<1+2;)’> <1+§2> )

The last expression is large when Eiv /32 is large or small. But under H,,

1 1
;Eix ~ X2 and ;2%,,, ~ X:, independently.

Thus, under H,, the ratio 33, /33, ~F, .. Hence, we reject H,, at level a when the value of
37 /33, is either greater than ¢, (a/2) or less than ¢, (a/2). Here, and below, ¢;/ ()
denotes the upper and ¢, (7y) the lower y point (quantile) of the Fisher distribution F
i.e. the value a for which

/aoofpnym(x)dxzy or foafF (x)dx=1,

n,m

n,m»

with ¢, (V) =¢;,,(1-7),0<y<1.
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Again, the strict application of the GLRT leads to a slightly different critical region
(unequally tailed test).

(d) Testing equality of variances, unknown means Now assume that w, and u, are
unknown nuisance parameters and test H,: o7 = o3 against H,: o7, o unrestricted. Under
H,, the likelihood f(x; w;, o) f(¥; ,, %) is maximised at

1
-~ — o~ — ~2
My =X, My=Yy, O Zm(sm"‘syy)’

where it attains the value

< SXX 4 Svy > —(m+n)/2
20— .
m+n

Under H,, the likelihood is f(x; w,, 07) f(¥; iy, 7). Its maximum value is attained at

SV U |
My =X, =Y, 0-|:7S O'ZZ*S”,
m n

XX

and equals

1 m/2 1 n/2
ef(m+n)/2'
27S,./m 27S,,/n

A S+ S,y m/2 S+ S,y M gm/2pn/2
Hy;Hy — S S (m+n)(m+”)/2’

XX yy

Then

and we reject H, when
S n/2 S N m/2
14+ = 14+ =
< Syy > ( Sxx )
is large.

But, as follows from Example 3.4 (see equation (3.7)),

Sxx/(m—1) N
Syy/(n—1) et

So, at level a we reject H,, in the ‘upper tail’ test when

(=08,
(m—1)S,, > @t (@)

and in the ‘lower tail’ test when

(m— 1)Syy

S~ 7Y +
(I’l _ I)Sxx > gon—l,m—l(a)'
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These tests are determined by the upper a points of the corresponding F-distributions.
We also can use a two-tailed test where H,, is rejected if, say,

(n— I)S (m— I)Syy

=), ~ Gt (@/2) or L > @i (4/2).
Yy XX

The particular choice of the critical region can be motivated by the form of the graph of
the PDF fr for given values of m and n. See Figure 3.3.

The F-test for equality of variances was proposed by Fisher. The statistic
(n—1)S,./ ((m—1)S,,) is called the F-statistic.

Remark We can repeat the routine for the situation where alternative H,, instead of
being o? # o2, is 02 > o (in which case we speak of comparison of variances). Then
the GLR Ay, 4, is taken to be

S.+5, \"2 (s +s \"2  m"p"? ! 1
() () i sty

Six Sy (m+n)(nz+n)/2’ mox T oyt
1, if — S < SU,
and at level a we reject H, when
(n=1S..
> @n (@),

(m_l)SW m—1,n—1

A similar modification can be made in other cases considered above.

The F-test is useful when we have X from Exp (A) and Y from Exp (w) and test H:
A =pu. A relevant Tripos question is MT-IB 1997-112G.

In the context of a GLRT, the F-test also appears when we test Hy: w;, =---=pu,,
where X; ~ N(u;, o) with the same variance o2. See MT-IB 1999-403D, 1995-403G
(ii). See also 1994-203F (ii,d).

Example 4.18 To determine the concentration of nickel in solution, one can use an
alcohol method or an aqueous method. One wants to test whether the variability of
the alcohol method is greater than that of the aqueous method. The observed nickel
concentrations (in tenths of a per cent) are shown in Table 4.11.

Table 4.11.

Alcohol method  4.28 432 425 429 431 435 432 433
428 427 438 4.28
Aqueous method 4.27 432 429 430 431 430 430 432

428 432
The model is that the values X,,...,X;, obtained by the alcohol method and
Y,...,Y,, obtained by the aqueous method are independent, and X;~ N(uy, 03),

Y;~ N (uy, oy). The null hypothesis is H,: o3 = oy against the alternative H,: oy > 07.
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Here
m=12, x=4.311, S,,=0.01189,
and
n=10, y=4.301, §,, =0.00269.

This gives (S,,/11) / (S,,/9) =3.617. From the x* percentage tables, ¢, ,(0.05) =3.10
and <p1+1,9(0.01) =5.18. Thus, we reject H, at the 5% level but accept at the 1% level.
This provides some evidence that o2 > o3 but further investigation is needed to reach a
higher degree of certainty. For instance, as ¢} 4(0.025)~3.92, H, should be accepted at
the 2.5% level. W

Non-homogeneous normal samples

Here X has X; ~N (u;, 67), with parameters varying from one RV to another.
(a) Testing equality of means, known variances Assuming that o, ..., o> are known
(not necessarily equal), we want to test

Hy: w,=---=pu, against H, : u, € R are unrestricted.
Again use the GLRT. Under H,, the likelihood is

1

n/2
f(x;,u,l,...,;Ln;alz,...,a'f)z(z )
T

1
[lio;

1
exp |:_2 Z(xi - Mi)z/o'iz:| >

maximised at &; = x;, with the maximal value (2)~"/*/ ([]; o).
Under H,, the likelihood

1\ 1 1
fxip,of,... 0= (277) o exp [—2 Z(xl- —P«)Z/U'iz:|

attains the maximal value

1 n/2 1 1 Y )
<27_r> ]_[;iexp —EXi:(xf—,U«) /0;

i

at the weighted mean

B=RM =Y x/0! / >1/a7.

Then the GLR

i

1 —~
AHI;HO =exp |:2 Z(xi - :U«)Z/U'iz:| .
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We reject H, when the sum Y_;(x; — ft)?/o? is large. More precisely,

(X; — (X))*
2In Ay =2 e E— ~ Xy

i i
(another case where the Wilks Theorem is exact). So, H, is rejected at level o when
>i(x; — m(x))*/o? exceeds k' («), the upper a point of x>_,.

(b) Testing equality of means, unknown variances Consider the same null hypothesis
H,: pu, =---=u, and alternative H,: u, unrestricted, in the case of unknown variances
(equal or not). Then, under H,, we have to maximise the likelihood in o7 as well. That
is in addition to @, = x;, we have to set &; =0, which is not feasible. This is an example
where the GLR routine is not applicable.

However, let us assume that normal sample X has been divided into groups so that at
least one of them contains more than a single RV, and it is known that within a given
group the means are the same. In addition, let the variance be the same for all RVs X;.
Then one uses a routine called ANOVA (analysis of variance) to test the null hypothesis
that all means are the same. In a sense, this is a generalisation of the test in subsection (a)
above.

So, assume that we have k groups of n; observations in group i, with n=n,+--- 4+ n,.
Set

Xj=mi+e€;, j=1,....n, i=1,...k

We assume that w,, ..., u, are fixed unknown constants and €;; ~N(0, 0?), indepen-
dently. The variance o is unknown. The null hypothesis is

Hyo py == =p,

and the alternative H, is that the w, are unrestricted.
Under H,, the likelihood

1 | 5
Qmoryz P [_MZZ(XU K :|

i=1 j=1

attains its maximum at
~ - o 1 _\2 _ 1
Bi=X, 0= ;; (x;; —X;.)" where X,, = . ;xi_i.
The maximum value equals
—n2
|:27Tlli Z Z(xij - )_‘i+)2i| e "2
i

It is convenient to denote

1= Z Z(xij - )_Ci+)2;
i
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this sum is called the within group sum of squares. If we assume that at least one among

numbers n,, ..., n, say n;, is > 1, then the corresponding term >i(Xi =
with probability 1. Then the random value §; =3, ; (Xi ;

of squares is also >0 with probability 1.

Under H,, the likelihood

1
@ty &P [ P ZZZ(XU—M)}

i=1 j=1

is maximised at

E=Xx., 0 ZZ( x++)

and attains the value

—n/2
1 —n
|:27TnZZ(xij —x++)2:| e ",
i

where

_ 1

Y= > Xy

ij
We write
- 2.
So = Z(xij - x++) >
ij

this is the total sum of squares.
The GLR is

s n/2
(20
Aot = <Sl> .

Write s, in the form

k n;
200 (= Xy + Xy — 7_C++)2 =

i=1 j=1

(the cross-term sum vanishes as >~ ;(x;; —

5= Zni()_czq— - )_C++)2;
i

-X,; +) of the within group sum

Z(xij - )_CH)Z + Z n(X — ’_C++)2
ij i

X,)=0Vi=1,...

this sum is called the between groups sum of squares.

Hence, s, =s, +5,, and

, k). Then write
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So, we reject H, when s, /s, is large, or equivalently,

5,/ (k—1)
s1/(n—k)
is large.
Now the analysis of the distributions of X;
First, V i, under both H, and H,:

ij> X,, and X, is broken up into three steps.

1 L —
P I(Xij _Xi+)2NXr21,-—l’
=

according to the Fisher Theorem (see Section 3.5). Then, summing independent y* dis-
tributed RVs:

1 = 2
=22 (X = Xi) ~ Xk
i

Next, V i, again under both H, and H,,

Y (X, —X,,) and X,,

j=1
are independent; see again the Fisher Theorem. Then
- o,
Si=y (X;—X,,) and $,=>" (X, — X, )
i ;

are independent.
Finally, under H,, the X;; are IID N(u, 0*). Then

- a? n o— s
X ~N i and ;(X++_/J’) ~Xi-

Also, the X, are independent N(u, 0%/n;) and n; (X, — ,u,)2 /o? ~ x?. Hence,

n.

P 2
Z;(XH_M) "’X/?-

Moreover, X, and X, — X, are independent, as they are jointly normal and with
Cov (X,,, X, — X, )=0. Writing
n

P 1 — — n
> (Xi+_ﬂ)2:;Z”i (X,-+—X++)2+; (7++_:“*)2’

— g2
we conclude that on the RHS,

Z” ( ++)2:

S
= ~Xi_, and *( ++ IU“)ZNXIZ’
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independently. On the other hand, write S, in the form

S, = Z"i [(Y:‘Jr - Mi) + (u; — ) + (l_‘« - Y++)]2 >
where L =>"; w;n; / n. Then a straightforward calculation shows that

ES,=(k—1)o” + Z iy — ).

We conclude that S, under H, tends to be inflated.
All in all, we see that the statistic

_Sy/tk=1)
Si/(n—k)
is ~F,_, ,_; under H, and tends to be larger under H,. Therefore, we reject H; at level

a when the value of Q is bigger than cp,:,ynfk(a), the upper « point of F,_, ,_,. This is
summarised in Table 4.12.

Table 4.12.

Degrees of freedom  Sum of squares Mean square
Between groups k—1 85 5,/ (k—1)
Within groups n—k 8 8 / (n—k)
Total n—1 Sy

Example 4.19 In a psychology study of school mathematics teaching methods,
45 pupils were divided at random into 5 groups of 9. Groups A and B were taught in
separate classes by the normal method, and groups C, D and E were taught together. Each
day, every pupil from group C was publicly praised, every pupil from group D publicly
reproved, and the members of group E ignored. At the end of the experiment, all the
pupils took a test, and their results, in percentage of full marks, are shown in Table 4.13.

Table 4.13.

A (control) 34 28 48 40 48 46 32 30 48
B (control) 42 46 26 38 26 38 40 42 32
C (praised) 56 60 58 48 54 60 56 56 46
D (reproved) 38 56 52 52 38 48 48 46 44
E (ignored) 42 28 26 38 30 30 20 36 40

Psychologists are interested in whether there are significant differences between
the groups. Values X;; are assumed independent, with X;; ~N(u,, 07%), i=1,...,5,
j=1,...,9. The null hypothesis is H,: u; = u, the alternative H,: w, unrestricted.
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Table 4.14.

Total x Y (x;—%,)*

A 354 393 568.0
B 330 367 408.0
C 494 549 192.9
D 422 469 304.9
E 290 322 419.6
Table 4.15.
DF  SS MS F-ratio

Between groups 4 289148 722.869 722.869/47.33=15.273
Within groups 40 18933 47.33

Total 44 4784.78

Form the results we draw up Tables 4.14 and 4.15. The observed value of statistic O
is 15.3. As @} 4(0.001) =5.7, the value falls deep into the rejection region for a =0.001.
Hence, H, is rejected, and the conclusion is that the way the children are psychologically
treated has a strong impact on their mathematics performance. W

The ANOVA test appeared in the question MT-IB 1995-403G.
Statisticians are fond of curvilinear shapes and often own as a pet a large
South American snake called ANOCOVA.
(From the series ‘Why they are misunderstood’.)

Nowadays in any Grand Slam you will be tested by an -Ova.
(A chat at a Wimbledon women’s final.)

(c) Testing equality of variances, known mean Now assume that w, =---=u, = is
known. Let us try to test Hy: 07 =--- =072 against H,: o7 > 0 are unrestricted. Under H,,
the likelihood is

1 n/2
J(x; 0'12, el of) = ()

2T

1
[l o

exp {—; S mz/a?} .

It attains the maximal value
1

—n/2
Qa2 [T — w2 7




4.8 Linear regression. The least squares estimators 289

at 07 = (x; — w). Under H,, the likelihood is maximised at 02 = Y_,(x; — u)? / n and
attains the value
1
Q)2 [i(x; — w)?/n]"?
This gives the GLR

—n/2

Ay = { i —p)? }/
F U = )P /]

The difficulty here is in finding the distribution of the GLR under H,,. Consequently,
there is no effective test for the null hypothesis. However, the problem is very important
in a number of applications, in particular, in modern financial mathematics. In financial
mathematics, the variance acquired a lot of importance (and is considered as an essentially
negative factor).

The statistician’s attitude to variation

is like that of an evangelist to sin;

he sees it everywhere to a greater or lesser extent.
(From the series ‘Why they are misunderstood’.)

4.8 Linear regression. The least squares estimators

Ordinary Least Squares People
(From the series ‘Movies that never made it to the Big Screen’.)

The next topic to discuss is linear regression. The model here is that a random variable
of interest, Y, is known to be of the form Y = g(x) + €, where: (i) € is an RV of zero
mean (for example, € ~N(0, 0?) with a known or unknown variance), (ii) g(x) = g(x, 6)
is a function of a given type (e.g. a linear form y + Bx or an exponential ke®* (made
linear after taking logs), where some or all components of parameter 6 are unknown),
and (iii) x is a given value (or sometimes a random variable). We will mainly deal with
a multidimensional version in which Y and € are replaced with random vectors

Y, €
Y=|: ande=| : |,
Y €

n n

and function g(x) with a vector function g(x) of a vector argument x. The aim is to
specify g(x) or g(x), i.e. to infer the values of the unknown parameters.

An interesting example of how to use linear regression is related to the Hubble
law of linear expansion in astronomy. In 1929, E.P. Hubble (1889-1953), an American
astronomer, published an important paper reporting that the Universe is expanding (i.e.
galaxies are moving away from Earth, and the more distant the galaxy the greater speed
with which it is receding). The constant of proportionality which arises in this linear
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dependence was named the Hubble constant, and its calculation became one of the central
challenges in astronomy: it would allow us to assess the age of the Universe.

To solve this problem, one uses linear regression, as data available are scarce; related
measurements on galaxies are long and determined. Since 1929, there have been sev-
eral rounds of meticulous calculations, and the Hubble constant has been subsequently
re-estimated. Every new round of calculation so far has produced a greater age for the
Universe; it will be interesting to see whether this trend continues.

We mainly focus on a simple linear regression in which each component Y, of Y is
determined by

Y=y+Bx,+¢, i=1,...,n, (4.46)
and €,,...,¢, are IlID, with Ee; =0, Var ¢, = o?. Here vy and B are unknown, while
x=(x;,...,x,) is a given vector. RVs ¢, are considered to represent a ‘noise’ and
are often called errors (of observation or measurement). Then, of course, Y;,..., Y, are

independent, with EY, =y + Bx; and Var € = ¢>. A convenient re-parametrisation of
equation (4.46) is

Yi=a+B(x —-%X)+e€, i=1,...,n, (4.47)
with
1
X==) x, a=y+px and ) (x,—X)=0.
n- i
In this model, we receive data (x,, y,), . . ., (x,, y,), Where the values x; are known and

the values y; are realisations of RVs Y;. Determining values of y and B (or equivalently,
a and ) means drawing a regression line

y=7v+Bx(or y=a+B(x—%)),

that is the best linear approximation for the data. In the case y =0 one deals with
regression through the origin.

A natural idea is to consider the pair of the least squares estimators (LSEs) @ and ,E
of « and B, i.e. the values minimising the sum

Z[)’i —a—B(x _f)]2~

This sum measures the deviation of data (x,,y,), ..., (x,,y,) from the attempted line
y = (a — Bx) + Bx. By solving the stationarity equations
d

7= = a— Bl = =0, 5 Tl —a s~ D =0.

we find that the LSEs are given by

%]

a=y, p=-2. (4.48)

XX

95
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Here

_ 1 _
y= ;Zyi’ SXXZZ(xi _x)z’

(4.49)
Sy =2 (i =Ty =L =D — ).

with y=a — ﬁf =y—S§,,%/S,,. We obviously have to assume that S, #0, i.e. not all x;
are the same. Note that

y=7+pBx,
i.e. (x,y) lies on the regression line. Furthermore, @ and B are linear functions of
Visewes Y

The last remark implies a number of straightforward properties of the LSEs, which are
listed in the following statements

() Ea=a, EB=p.

(i) Vara=o2/n, Var B=0?/S,,.

(iii) Cov (@, B) =0.

(iv) The LSE (@, E) gives the best linear unbiased estimator (BLUE) of (a, B), i.e.

the least variance unbiased estimator among those linear in Y, ...,Y,.

In fact, (i)

E&:%Z[a+ﬂ(x[—f)]:a

and
~ 1 _ 1 _ _
EB:?Z(XI'_X)EYi:?Z(xi_x)[a'i_ﬁ(xi_x)]zﬁ'
Next, (ii)
1 o?
A" =— ) VarY, = —
ara nzz ar¥,=—
and
~ 1 > o?

Further, (iii)

S 1 B 1
Cov(a,p)= — > Cov (Y, (x;—X)Y,) = —

XX

o? Z(xl- —x)=0.

Finally, (iv) let A= > ;¢;Y; and B= >:d;Y; be linear unbiased estimators of « and S,
respectively, with

ZQ‘[“"‘B(%‘ —X)]=a, and Zdi[a+ﬁ(xi -X)]=8.
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Then we must have

dYoei=1,> c¢(x;—%)=0, ) d;=0 and ) d,(x;—%)=1.

Minimising Var A= 23", ¢? and Var B=0?Y", d* under the above constraints is reduced
to minimising the Lagrangians

Li(cpyennscys a):UZZcf - (Zci— l) —MZci(xi—i)
and

Ly(d,....d; B):UZZdiz—)\Zdi—M (Zdi(xi—x) - 1) .
The minimisers for both £, and £, are

1 -
c=d;= T'_z[/\‘f'ﬂ(xi —X)].

Adjusting the corresponding constraints then yields

X —

S

bl

1
¢;=—and d,=
n

XX

ie. A=d and B=p.
The relevant Tripos question is MT-IB 1996-103G.

4.9 Linear regression for normal distributions

Statisticians must stay away from children’s toys
because they regress easily.
(From the series ‘Why they are misunderstood’.)

Note that so far we have not used any assumption about the form of the common
distribution of errors €, ..., €,. If, for instance, €, ~N(0, g?) then the LSE pair (@, B)
coincides with the MLE. In fact, in this case

Y~ N(a+B(x; %), o),
and minimising the sum

Z [y —a—B(x; — j)]2

i

is the same as maximising the log-likelihood
1
i) = =3I 20 = 5 5 3, — @ Bl ~ TP

This fact explains analogies with earlier statements (like Fisher Theorem), which emerge
when we analyse the normal linear regression in more detail.



4.9 Linear regression for normal distributions 293

Indeed, assume that €, ~ N(0, o?), independently. Consider the minimal value of sum

YilY—a=Blx; =)
R=Y[¥,—@—B(x, -]

R is called the residual sum of squares (RSS). The following theorem holds:

(i) a~N(a, a?/n).

(i) B~N(B,d%/S,).

(iii) R/a*~x>,.

(iv) @, B and R are independent.

(v) R/(n—2) is an unbiased estimator of o>

2

(4.50)

To prove (i) and (ii) observe that @ and E are linear combinations of independent
normal RVs Y;. To prove (iii) and (iv), we follow the same strategy as in the proof of the
Fisher and Pearson Theorems.

Let A be an n x n real orthogonal matrix whose first and second columns are

1//n (=% /V/Su
: and :
1/y/n (x,—%)/ /5.

and the remaining columns are arbitrary (chosen to maintain orthogonality). Such a matrix
always exists: the first two columns are orthonormal (owing to equation y_,;(x; —X) =0),
and we can always complete them with n — 2 vectors to form an orthonormal basis in R”.
Then consider the random vector Z = ATY, with first two entries

Z, =/nY =/na~N(/na, a%)
and

1

m;ui—@n:@z%w(@ﬁ,o ).

In fact, owing to orthogonality of A, we have that all entries Z,, . . ., Z, are independent
normal RVs with the same variance. Moreover,

n n
Y= 7
i=1 i=1
At the same time,

i=3 i=1 i=1

Z,=

= Z(Yl - ?)2 +Z§2$xx - 2ﬁSxY

i=1
= Z (v.-@-Bex —f))zzR.

Hence, @, B and R are independent.
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If matrix A= (A;;), then (i) V j>2, 3>, A;=0, as columns 2, ..., n are orthogonal
to column 1, (ii) V j >3, 3, A;;(x; —%) =0, as columns 3, ..., n are orthogonal to
column 2. ThenV j>3

BZ; =3 EYA; =) (a+B(x;—¥))A,;
=« ZA,-_, +BZ(x,- —X)A;=0
and
VarZ; = 0'2205- =0’

Hence,
Zs, ..., Z,~N(0, 0%) independently.

But then R/0? ~ x2_,. Now (v) follows immediately, and ER = (n —2) 0.
It is useful to remember that

R=YY—na’ -5 B (4.51)
i=1
Now we can test the null hypothesis H,: B =3, against H,: B € R unrestricted. In fact,
we have that under H,,

2

= 1

B~N (,30, % ) and — R~ X__,, independently.
o

XX

Then
T= B=Fy ~t . (4.52)

VR [Vo=Ds, "

Hence, an « size test rejects H, when the value 7 of |T| exceeds 7,_,(«/2), the upper a/2
point of the t, ,-distribution. A frequently occurring case is 3, =0 when we test whether
we need the term B(x; —X) at all.

Similarly, we can use the statistic

a—a

NN T

to test Hy: o = o against H,: o € R unrestricted.
The above tests lead to the following 100(1 — y)% confidence intervals for « and S:

(4.53)

ba(y/2). @+ ﬁnr“(y/z)) , (4.54)

(a_ﬁ
J(n—=2)n (n—=2)

(ﬁ— Lr,,_m/z), B+ VR

(n—2)S,, M%—z()’ﬂ)) . (4.55)
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A similar construction works for the sum « + 3. Here we have

-~ 1 1 .
+B~N<a +B,0° ( + S)) , independently of R.
n

XX

Then
a+B—(a+p)

= ~t, .

172 n
(5, )wo2)

1/2
:a+ﬂ—tn 2(7/2)[(1 ;)R/(n—z)] i

B0 |5+ ) R —m}lﬂ}

gives the 100(1 —y)% CI for o+ .

Next, we introduce a value x and construct the so-called prediction interval for
a random variable ¥ ~N(a + B(x — X), 0?), independent of Y,, ..., Y,. Here, X =
Y / n, x;, ..., x, are the points where observations Y;, ..., Y, have been made,
and x is considered as a new point (where no observation has so far been made). It is
natural to consider

Hence,

:

(4.56)

Y=a+B(x—7%)

as a value predicted for Y by our model, with

EY =a+B(x—X)=EY, (4.57)
and
Var (/I;— Y) =VarY + Var Y
= Var@+ (x —%)*Var B+ o (4.58)
_ 2 [1+1+ (x—x)z]'
n s,
Hence,

7- Y~N<Ocr|:1+ (XS_:) D

and we find a 100(1 — )% prediction interval for Y is centred at Y and has length

L+ 5 ()

XX
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Finally, we construct the CI for the linear combination « + /3. Here, by the similar
argument, we obtain that

-~ JR |1 P .~ VR |1 P
(C!‘f‘lﬂ—m ;+S7”I"_2(7/2)’a+l’8+m n+S“ln_2(’)//2)) (459)

is a 100(1 — y)% CI for o+ IB.
In particular, when we select / =x — X, we obtain a CI for the mean value EY for a

given observation point x. That is
o1
a+PB(x—%), x=-) x,.
n-

A natural question is: how well does the estimated regression line fit the data? A bad
fit could occur because of a large value of o2, but ¢? is unknown. To make a judgement,

one performs several observations Y, ..., Y, ateach value x;:

im;

Yi=a+B(x,—X)+¢€; j=1,....m,i=1,...,n (4.60)

Then the null hypothesis H,, that the mean value EY is linear in x is tested as follows.
The average

1
i j=1

equals

2
a+B(x;—x)+€,, where EHNN(O,U).
m;

Under H,, we measure the ‘deviation from linearity’ by the RSS Y, m;(Y; L —a—
B(x; —x))* which obeys

1 - PN _
;Zmi(yi-#_a_B(xi_x))ZNX;ffz' (4.61)
Next, regardless of whether or not H, is true, Vi=1, ..., n, the sum
1 v o2 2
=) Z(Yu -Yy) ™~ Xm—1
J
independently of Y, ..., Y, . Hence

i _
S 2= Y ™~ X im, (4.62)
L]
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independently of Y, ..., Y,.. Under H,, the statistic

-~ IRE
Tom, [V —@=Bly,—9)] /(1—2)
Zi,j(Yij - Yi+)2/ (22 m; —n)
Then, given « € (0,1), H, is rejected when the value of statistic (4.63) is

> (Pn+72,m]+-~~+m”—n(a)'

The linear regression for a normal distribution appears in the following Tripos
examples: MT-IB 1999-412D, 1998-203E, 1993-403J, 1992-406D. See also SP-IB 1992-
203H().

Fn—z,m|+~»+m,ﬁn' (463)



5  Cambridge University Mathematical
Tripos examination questions in
IB Statistics (1992—-1999)

Statisticians will probably do it.
(From the series ‘How they do it’.)

The manipulation of statistical formulas
is no substitute for knowing what one is doing.
H.M. Blalock (1926-), American social scientist

The problems and solutions below are listed in inverse chronological order (but the order
within a given year is preserved).

Problem 5.1 (MT-IB 1999-103D short) Let X, ..., X, be a sample from a uniform
distribution on [0, 6], where 8 € [1,2] is an unknown parameter. Find an unbiased
estimator for 0 of variance less than 1/10.

Solution Set
M =max [X|, ..., X¢]

Then M is a sufficient statistic for 6, and we can use it to get an unbiased estimator for 6.
We have

Fy(y; 0) =Py(M<y)=Py(X, <y, ..., Xs<Y)

=[]Py(X; <y) = (Fy(y; 6))°, 0<y=<86.

i=1

Then the PDF of M is

d 5
fM(y’e) yFM(y’a) 06 ,0<y<9
and the mean value equals
6y> 6y’ 60
EM= | dyy =—.
/ 06 T 760 o 7

298
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So, an unbiased estimator for 0 is 7M/6. Next,

6
™ M\’ IMN\® [ 72 x 6y 726> 0’
Var o =E( =) —(E22) = [ X4y = 17 =7
6 6 6 6265 8x 6 48

For 0 €[1,2],

1 1

=€l 5l

48 T [48° 12
1.€. < , as required. Hence the answer:
ie. 02/48 <1/10 quired. Hence th

7
the required estimator = 3 x max[X,, ..., Xs]. O

Problem 5.2 (MT-IB 1999-112D long) Let X, ..., X, be a sample from a uniform
distribution on [0, 8], where 6 € (0, o) is an unknown parameter.

(i) Find a one-dimensional sufficient statistic M for 6 and construct a 95% confidence
interval for 6 based on 7.

(i) Suppose now that 6 is an RV having prior density

m(0) o« I(0 > a)0 7,

where a > 0 and k > 2. Compute the posterior density for 6 and find the optimal Bayes
estimator 6 under the quadratic loss function (6 — ).

Solution (i) Set

M=max [X,, ..., X,].

Then M is a sufficient statistic for 6. In fact, the likelihood

1
flxi 6= o = e
0, otherwise.

So, if we have 6 and x,,,, we can calculate f(-;60) which means that M is sufficient.
(Formally, it follows from the factorisation criterion.)
Now, Py(# > M) =1. So, we can construct the confidence interval with the lower

bound M and an upper bound b(M) such that P(6 < b(M)) =0.95. Write
PO<bM)=1-P(bM)<8) =1-P(M<b"'(h)=1-0.05;

as the PDF is

n—1

t
fu(t;0)=n o I(0<x<§),
we obtain
b—l 0))"
% =0.05, whence 57'(0) = 6(0.05)"/".

Then M = 60(0.05)"/" gives 6= M/(0.05)'/". Hence, the 95% ClI for 6 is (T, T/(0.05)"/").
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(ii) The Bayes formula

O = T oo
yields for the posterior PDF:

(81%) < 105; O)m(6) = 5 (0= ),
where

¢ = o(x) =max [a, X ].
Thus,

m(0x) = (n+k— )" #7107 *1(6 > ¢).
Next, with the quadratic LF we have to minimise
/ 7(0]x)(6 — 9)*d6.
This gives the posterior mean

-~

9" = arg min / 7(0]x) (0 — )20 = / m(0]x)do.
6

Now
/w g ktqp = 1 —n—k+2 ~ _ 1 ok
¢ —n—k+2 n+k—2 ’
and after normalising, we obtain
~ k —1 k —1
0" = Rl _ max[a, X, ..., x,]. O

Tktn—2""k+n—2

Problem 5.3 (MT-IB 1999-203D short) Write a short account of the standard procedure
used by statisticians for hypothesis testing. Your account should explain, in particular,
why the null hypothesis is considered differently from the alternative and also say what
is meant by a likelihood ratio test.

Solution Suppose we have data

from a PDF/PMF f. We make two mutually excluding hypotheses about f, H, (a null
hypothesis) and H, (an alternative).
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These hypotheses have different statuses. H,, is treated as a conservative hypothesis,
not to be rejected unless there is a clear evidence against it, for example:

(1) Hy: f=f, against H,: f = f|; both f;,, f, specified. (This case is covered by
the NP Lemma.)

(ii)) H,: f =f, (a specified PDF/PMF) against H,: f unrestricted. (This includes the
Pearson Theorem leading to x> tests.)

(iii) f = f(-; 0) is determined by the value of a parameter; H,: 6 € O, against
H,: 6 0,, where ®,N O, =0 (e.g. families with a monotone likelihood ratio).

(iv) H,: €0, against H: 6 € O, where O, C 0, and O has more degrees of freedom
than .

A test is specified by a critical region € such that if x € €, then H, is rejected, while
if x¢C, H, is not rejected (which highlights the conservative nature of H,). A type I
error occurs when H; is rejected while being true. Further, the type I error probability
is defined as P(C) under H,; we say that a test has size a (or < a), if max, P(C) <a.
We choose a at our discretion (e.g. 0.1, 0.01, etc.) establishing an accepted chance of
rejecting H, wrongly. Then we look for a test of a given size a which minimises the
type II error probability 1 —P(C), i.e. maximises the power P(C) under H,.

To define an appropriate critical region, one considers the likelihood ratio

max f(x|H, )
max f(x|H,)’

where the suprema are taken over PDFs/PMFs representing H, and H,, respectively. The
critical region is then defined as the set of data samples x, where the likelihood ratio is
large, depending on the given size a. [0

Problem 5.4 (MT-IB 1999-212D long) State and prove the NP Lemma. Explain what
is meant by a uniformly most powerful test.

Let X,, ..., X, be a sample from the normal distribution of mean 6 and variance 1,
where 6 € R is an unknown parameter. Find a UMP test of size 1/100 for

H,: 6<0, H:0>0,

expressing your answer in terms of an appropriate distribution function. Justify carefully
that your test is uniformly most powerful of size 1,/100.

Solution The NP Lemma is applicable when both the null hypothesis and the alternative
are simple, i.e. Hy,: f=f,, H: f=f, where f; and f,, are two PDFs/PMFs defined
on the same region. The NP Lemma states: V k > 0, the test with critical region C ={x:
f1(X) > kfy(x)} has the highest power P, (C) among all tests (i.e. critical regions) of size
P(C).

For the proof of the NP Lemma: see Section 4.2.
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The UMP test, of size a for H,: 6 € ®, against H,: 6 € ®, has the critical region
€ such that: (i) max[P,(C):0 € 0y] <a and (ii) V €* with max[P,(C*): 0 € Q)] <a:
Py(C) = Py(C*) V 0 € 0,.

In the example where X, ~ N(6, 1), H,: 8 <0 and H,: 6> 0, we fix some 6, >0 and
consider the simple null hypothesis that # =0 against the simple alternative that § =0,.
The log-likelihood

(XH)_ o ng
" Ty N

is large when }, x; is large. Choose k; > 0 so that

(o) on (5 e )

ie. k,//n=2,(0.01)=d1(0.99). Then

1
]P)e (le>kl) < m

V 6 <0. Thus, the test with the critical region

C’:{x: in>kl}

has size 0.01 for H,: 0 <O0.
Now, V 0’ > 0, € can be written as

e )

with some k' =k'(6’) > 0. By the NP Lemma, P, (C*) <P, (€),V C* with P,(€*) <0.01.
Similarly V ' >0

1
By (€7) <Fy(€) ¥ € such that By(€") < 15V 0:<0.

So, C={x: Y ; X, >k} is size 0.01 UMP for H, against H,. O

Problem 5.5 (MT-IB 1999-403D short) Students of mathematics in a large university
are given a percentage mark in their annual examination. In a sample of nine students the
following marks were found:

28 32 34 39 41 42 42 46 56

Students of history also receive a percentage mark. A sample of five students reveals the
following marks:

53 58 60 61 68
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Do these data support the hypothesis that the marks for mathematics are more variable
than the marks for history? Quantify your conclusion. Comment on your modelling
assumptions.

distribution N@©,1) Fos Feu Xy X5 Xb
95% percentile  1.65 478 6.04 237 224 21.0

Solution Take independent RVs

X, (=X")~N(u,,d}), i=1,...,9,
and

Yi(= ¥~ N(uy. 03).j=1.....5.

If o} = 03, then
12 - 12 -
F=g Y (X=X [ 230077 ~ Fy,.
i=1 i=1
where
Y=12X ?:121&.
9% v 5 7 J

We have X =40 and the values shown in Table 5.1, with };(X; — X)* = 546.
Similarly, Y =60, and we have the values shown in Table 5.2, with }_;(¥; —Y)* =118,

Table 5.1.
X; 28 32 34 39 41 42 42 46 56
X, —X —-12 -8 -6 -1 1 2 2 6 16

(X,—X)*> 144 64 36 1 1 4 4 36 256

Table 5.2.
Y; 53 58 60 61 68
Y, —Y -7 =2 0 1 8

J
(Y,-Y)? 49 4 0 1 o4

Then

1 1 273
F=-546 [/ -118 = — ~2.31.
8 4 118

But ¢g,(0.05) = 6.04. So, we have no evidence to reject H, : o7 = 0 at the 95% level,

i.e. we do not accept that o7 > o7. O
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Problem 5.6 (MT-IB 1999-412D long) Consider the linear regression model
Y=a+Bx;+¢, €.~ N(,0%), i=1,...,n,

where x,, ..., x, are known, with > x; =0, and where a, 8 € R and o2 € (0, o)
are unknown. Find the maximum likelihood estimators @, ,E 2 and write down their
distributions.

Consider the following data:

3

X, =3 =2 1 2
3.0 -5

-1
Y, -5 0 3

1

0
4
Fit the linear regression model and comment on its appropriateness.
Solution RV Y, has the PDF

Fr (s . B 0%) = (2mg?) e Oe B
with

n

In fy(y: @, B, 0%) = =7 1In 0 =3 (y; —a = Bx)*/(207).

To find the MLEs @ and ,E, consider the stationary points:

3 o
0= o > (y;—a—Bx;)>=—-2n(y— ), whence @a=Y,
a &

d ~ S
0= @ Z()’i —a—px)’= _szi(yi — a — Bx;), whence B = SXY >

XX

where Y =3,Y,/n, S,y =Y ;x;Y; and S,, =Y ;x?. The fact that they give the global
maximum follows from the uniqueness of the stationary point and the fact that
fv(y; @, B, 0?)— 0 as any of «, 8 and 0> — oo or 02 — 0.

SetR=Y",(Y;—a — Bx,)?, then at 2

=—|—ho"—— || =—— —, whence o~ = —.
do? 2 202 lo X n

The distributions are
o\ =
a~ N(a, ) , B~ N|B, (J'Z/X:xi2 , and R/o*~x._,.
n i
In the example, ¥ =0 and S,, =0, hence @= B =0. Further, R =84, i.c. 3> = 14.

This model is not particularly good as the data for (x;, ¥;) show a parabolic shape, not
linear. See Figure 5.1. O
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Yi

Figure 5.1
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Problem 5.7 (MT-IB 1998-103E short) The independent observations X, X, are dis-

tributed as Poisson RVs, with means u,, u, respectively, where

In u, =a,
In p, = o+ B,

with « and B unknown parameters. Write down £(«, 8), the log-likelihood function, and

hence find the following:
) e e o
1 ’
8012 JadB’ Ip?
(i) B the maximum likelihood estimator of (.

Solution We have, V integer x,, x, >0,

:U“l

0(x,, x3; @, B) =1In (e“' B )
x;! X,!

="+ x,a—e*P L x,(a+B) —In(x!x,)).

So, (i)

52 52 2
=y — e B _aatB T oy LatB
326 e(l—l—e)a&B e ,(wzﬂ_ e**F.

(i) Consider the stationary point

d
a—@ 0= x,+x,=¢" +ettB, %Z O:>x2:e“+5

Hence,

a=In x,, E:ln =.

The stationary point gives the global maximum, as it is unique and ¢ — —oo as

la|, |B] = 0. O
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Problem 5.8 (MT-IB 1998-112E long) The lifetime of certain electronic components
may be assumed to follow the exponential PDF

1 t
f(t;0)= 3 exp <_5) , for t>0,

where ¢ is the sample value of T.
Let ¢, ..., t, be a random sample from this PDF. Quoting carefully the NP Lemma,
find the form of the most powerful test of size 0.05 of

H,: 0=0, against H;: 0=0,

where 6, and 6, are given, and 6, < 6,. Defining the function

n—1

(n—1)!

show that this test has power

G ()= [ e dr,

0,
l—G”[OGnl(l —a)],
0,

where a =0.05.

If for n=100 you observed ), t;/n=3.1, would you accept the hypothesis H,: 6, =27
Give reasons for your answer, using the large-sample distribution of (T}, +---+T,)/n.

Solution The likelihood function for a sample vector t € R” is

L

1 1
ft; 6)= g &P (—0 Zt,)l(min t,>0), t=

t

n

By the NP Lemma, the MP test of size a will be with the critical region

NACH
e‘it' For(© k}’

such that

/ f5, ()4t =0.05.
e

Jo, ()  (6,\" 11 11
Fa(®) ‘<01> eXp[(%_el);"} RS

€ has the form

{t:Zti>c]
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for some ¢ > 0. Under H,,

] n
X= o Y T,~Gam (n,1), with P (X <u)=G,(u).
0

i=1
Hence, to obtain the MP test of size 0.05, we choose ¢ so that
c . c —1
1-G,|—)=0.05 1ie. —=G, (0.95).
6o 6,

Then the power of the test is

/f(, (t)dt=1-G, <lc>,
e ! 0,

which equals
00 —1
1-G, G—Gn (0.95) |,
1

as required.
As ET, =6 and Var T, = n6>, for n large:

> T;—nb
0/

by the CLT. Under H,: 6, =2,

T, —
Liliznby g
WG

On the other hand, z,(0.05) =1.645. As 5.5 > 1.645, we reject H,. O

~N(0, 1)

Problem 5.9 (MT-IB 1998-203E short) Consider the model
Yi=Bo+Bix;+B.x} + €, for 1<i<n,

where x|, ..., x, are given values, with >, x; =0, and where €, . . ., €, are independent
normal errors, each with zero mean and unknown variance o>.

(i)  Obtain equations for (EO,EI,EZ), the MLE of (B,, B, ,)- Do not attempt to
solve these equations.
(if) Obtain an expression for 87, the MLE of B, in the reduced model
Hy: yi=Bo+Bix; +€, l<i<n,

with ), x;,=0, and €, ..., €, distributed as above.
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Solution (i) As Y, ~ N(B, + B;x; + B,x?, 0*), independently, the likelihood

" 1
f(¥1Bo: By By 0 =l_[ 2)1/2 p|:_2‘]_2(yi_130_ﬁlxi_32x[2)2]

: " ! ; 2)\2
:(27702) exp _T,zg(yi_ﬁo_ﬁle—ﬁzx,-) .

We then obtain the equations for the stationary points of the LL:

3

6.3 =2 Z(yz lei_BZ'xiz):O7
19

‘931 =2 ;x (i — lei_Bzxiz):O’
J

w ;Zx (i — Bo — Bix; — B,x;) =0.

In principle, o should also figure here as a parameter. The last system of equations

still contains ¢, but luckily the equation 3¢/da> =0 could be dropped.
(ii) The same is true for the reduced model. The answer

'BIZS

XX

with S,y =Y, x,;Y;, S, =>;x7 is correct. Again, o> will not appear in the expression
for ,. O

Problem 5.10 (MT-IB 1998-212E long) Let (x,,...,x,) be a random sample from
the normal PDF with mean w and variance o2.

(i)  Write down the log-likelihood function £(w, ?).

(ii)  Find a pair of sufficient statistics, for the unknown parameters (u, o%), carefully
quoting the relevant theorem.

(iii) Find (&, 62), the MLEs of (w, 6). Quoting carefully any standard distributional
results required, show how to construct a 95% confidence interval for u.

Solution (i) The LL is
0x s 0% = " In (2m0?) — —— Y (x, - )
o 2 202 '

(ii) By the factorisation criterion, T(x) is sufficient for (u, o?) iff £(x; u, 0?) =
In g(T(x), 4, o) +1n h(x) for some functions g and h. Now

(s oY) =~ n Qo) — 5 -+ (-l
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The remaining calculations affect the sum ) ; only:
] n

= 507 2L =X 25 D E - p) + (F— )]

1 e —\2 — 2
iy [;(x,-—X) +n(x—p) }

as Yo (x;—%)=0.
Thus, with T(X) = (X, 3,(X; — X)?), we satisfy the factorisation criterion (with h=1).
So, T(X) = (X, Y_;(X; — X)?) is sufficient for (u, a?).
(iii) The MLEs for (w, o) are found from
J J
—f=—4{=0
o do?

and are given by
- Sy _
a=x, 0°=-"2, where S,, =) (x; —%)".
n -
We know that

o? 1 5
X~N|p, — ) and —Sxx~ X,
n o

X—u 1 [ Syx ,
a/vn [ oVn—1 "V

So, if #,_,(0.025) is the upper point of 7

Then

then

n—1»

_ 1 _ 1
xX— ﬁsmtn_l(0.0%), X+ ﬁsmtn_l(0.0ZS)
is the 95% CI for u. Here 5,, =+/S,,/(n—1). O

Problem 5.11 (MT-IB 1998-403E short) Suppose that, given the real parameter 6, the
observation X is normally distributed with mean 0 and variance v, where v is known. If
the prior density for 0 is

m(6) ocexp[ — (8 — puo)*/2uy).

where p, and v, are given, show that the posterior density for 8 is 7(6|x), where

77(9|X)OCCXP[_ (0_,“1)2/2”1]’
and w, and v, are given by
_ Mo/vy+x/v 1 1 1

YT 1y + 1/ v, v v
Sketch typical curves (6) and 7(60|x), with u, and x marked on the -axis.
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Solution We have
1
Sf(x; 0) cexp [—2(x — 9)2] , —00 < X < 00.
v
Then
1 » 1 2
m(0]x) o< fx; O)m(6) ocexp | ——(x = 0)" — 5—(6 — po)” | .
2v 2v,

Write

(=02 (0- Mo)z (1 ) 20( uo)+u3+x2
v

v vy N

(1 >< _x/v+uo/vo)2
1/vy+1/v

_(X/U“‘Mo/vo) By, X

Ci

C

+=2+=

1/vg+1/v Vg v

= — (6 — u,)* + terms not containing 6,
Uy

where w,, v, are as required.
Thus

(0]x) ocexp [—zf)(e—unz - ﬂ ocexp [—Ziw—w] .

Both PDFs () and (- |x) are normal; as Figure 5.2 shows, the variance of 7 is
larger than that of 7r(-|x). O

Problem 5.12  (MT-IB 1998-412E long) Let (n;;) be the observed frequencies for an
r X ¢ contingency table, let n=3";_, Z;Zl n;; and let

E(n;)=np;, 1<i<r, 1<j<c,

thus 37,3 p;;=1.

i<t if X<pqg

Hy>po  if x> pg

Ho H

Figure 5.2
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Under the usual assumption that (n;;) is a multinomial sample, show that the likelihood
ratio statistic for testing

Hy: pij:aiBj’
for all (7, j) and for some vectors a = (e, ..., «,) and B=(B;,...,B.), is
D=2%"%"n;lIn(n;/e;),
i=1 j=1

where you should define (e;;). Show further that for |n;; — e,;| small, the statistic D may
be approximated by

Z2=3"3 (n;— eij)z/eij'
i=1 j=1
In 1843 William Guy collected the data shown in Table 5.3 on 1659 outpatients
at a particular hospital showing their physical exertion at work and whether they had
pulmonary consumption (TB) or some other disease. For these data, Z*> was found to be
9.84. What do you conclude?

Table 5.3.

Level of exertion at work Disease Type
Pulmonary consumption ~ Other disease

Little 125 385

Varied 41 136

More 142 630

Great 33 167

(Note that this question can be answered without calculators or statistical tables.)

Solution With n;; standing for counts in the contingency table, set

n:iinij, E(n;)=np;, 1<i<r,1<j=<c.

i=1 j=1

We have the constraint: ), ; p;; = 1. Further,

Hy: pj=a,B;; Zai =Z’8j =1; H,: p,; arbitrary, Zpij =1.

i J ij

Under H,, in the multinomial distribution, the probability of observing a sample (n;;)
equals [, ; p;ljf’/nij!. The LL, as a function of arguments p;;, is

(py)=2_n;In py+A,

i,j
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where A=—3",,In(n;;!) does not depend on p;;. Hence, under the constraint ), ; p;; =1,
£ is maximised at

n;

/p\ij = 7
Under H,, the LL equals

Z(ozi,,Bj):ZnHln ai+2n+jln B;+B,

J

where B does not depend on «;, 3;, and
n = Z”m nyj= Z nj.
j i

Under the constraint 3 a; =3 8;=1, ¢ is maximised at

n. -~ n

~ _ it _
o; = , Bj——.
n n
Thus,
e.. n.n,.:
~ _7ij _ i)
pij=—, wheree;; = —.
n n

Then the LR statistic

max I:E(pij) : lszff = 1]
21n ,

= ZZnij In(n;;/e;)
max [ﬁ(ai,ﬁj): Zai=ZBj=1] i

coincides with D, as required.

With n;; — e;; = 0;;, then

5.
D=2 (e;+6;) In (1 + ”)
ij ' €ij

and, omitting the subscripts,

512/’ 2
D%ZZ:Z.
ij

The data given yield Z> =9.84. With r =4, ¢=2, we use x;. The value 9.84 is too
high for x3, so we reject H,,. The conclusion is that incidence of TB rather than other
diseases is reduced when the level of exertion increases. [J
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Problem 5.13 (MT-IB 1997-103G short) In a large group of young couples, the stan-
dard deviation of the husbands’ ages is four years, and that of the wives’ ages is three
years. Let D denote the age difference within a couple.

Under what circumstances might you expect to find that the standard deviation of age
differences in the group is about 5 years?

Instead you find it to be 2 years. One possibility is that the discrepancy is the result of
random variability. Give another explanation.

Solution Writing D= H — W, we see that if the ages H and W are independent, then
VarD=Var H + Var W =4* + 3 =52,

and the standard deviation is 5. Otherwise we would expect Var D #5, so value 5 is
taken under independence.

An alternative explanation for the value 2 is that H and W are correlated. If H=aW + ¢
with W and & independent, then with Var H =16 and Var W =9

VarH =16 =a’*Var W + Var ¢,
Var (H—W)=4=(a—1)*Var W + Vare.
Hence,
12=(a? — (a—1)*)Var W,

and a=7/6. O

Problem 5.14 (MT-IB 1997-112G long) Suppose that X,, ..., X, and Y, ...,7Y,

’ m

form two independent samples, the first from an exponential distribution with the param-
eter A, and the second from an exponential distribution with parameter u.

(i)  Construct the likelihood ratio test of H,: A = u against H,: A # u.
(ii)  Show that the test in part (i) can be based on the statistic

T = Z?:l Xi .
i Xi+ XL Y

(iii) Describe how the percentiles of the distribution of 7 under H, may be determined
from the percentiles of an F-distribution.

Solution (i) For X; ~ Exp(A), Y;~ Exp (u),

n —~ 1 n
f(x; A) =[] (Ae™™) I (minx, >0); maximised atA™'=—Y x,,
n i=1

i=1

with

max [f(x; A):A> O] :X"e’”,
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and

m 1 m
Fyi ) =TT (ne™) I (miny;>0); maximised ati~"' = - Doy
j=1

j=1

with

max [f(y; W) 0] —Are ™,

Under H,, the likelihood is
~ 1 n m
f(x: 0) f(y; 0); maximised at0 ' = —— (Y " x;+ > y; ],
n+m\i; =1
with

max [ f(x; 0) f(y; 6) : 6> 0] = grtme(mim),

Then the test is: reject H, if the ratio

’)\\nﬁln _(Zixi+2_/yj)’1+’n( n >n< m )m
Prtm n+m X Zj ¥

is large.
(ii) The logarithm has the form

(n+m) In (in—f—Zyj) —nln ) x;—mln )y,
i j i j

plus terms not depending on X, y. The essential part is
2% DY
— —mln —————
Zixi+Zij Zixi+Zij
Thus the test is indeed based on 7. Furthermore, H,, is rejected when T is close to O or 1.

(iii) Under H,, A=un =40, and

ZHZXI NXZZn’ ZHZY] NX;m‘

J

—nln =—nlnT—mn(1-T).

Hence,

Y./ (2
LSNP VLA CLONS
T VP ATCT R

Thus the (equal-tailed) critical region is the union

C= (0, (1 + 'Z%,zn(a/z))l) U ((1 + %o;m,zn(a/z))*1 , 1) ,

and it is determined by percentiles of F,,, ,,. O
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Problem 5.15 (MT-IB 1997-203G short) Explain what is meant by a sufficient statistic.

Consider the independent RVs X, X,, ..., X,, where X, ~ N(a+ Bc;, ) for given
constants ¢;, i=1,2, ..., n, and unknown parameters «, 3 and 6. Find three sample
quantities that together constitute a sufficient statistic.

Solution A statistic T = T(x) is sufficient for a parameter 6 if f(x; 8) = g(T, 6)h(x).
For a data vector x with entries x,, . . ., x,, we have

f(x; 0) = Hﬁ,e(xi) = U 7/21% exp [_219(% —a- BC:’)Z]

:Wexp{—$ [Zx?—2fo<a+ﬁc,~>+z<a+;sc,.>2“

o 1, a B 1 )
= Qo) exp|: 20 ;x,« + 9 Xi:xi+ 9 Xi:xici 26 Zi:(a+Bci) j| .

Thus, the triple

T(x)= (Z xiz’ in, Z Cixi>
i i i
is a sufficient statistic. [

Problem 5.16 (MT-IB, 1997-212G long) Let X;, X,, ..., X, be a random sample
from the N(6, o%)-distribution, and suppose that the prior distribution for 6 is the N(u, 7%)-
distribution, where ¢?, u and 72 are known. Determine the posterior distribution for ,
given X;, X,, ..., X,, and the optimal estimator of 6 under (i) quadratic loss, and
(ii) absolute error loss.

ne

Solution For the first half, see Problems 2.42 and 2.43. For the second half: as was
shown in Problem 2.3.8, the posterior distribution is

m(0]x) = m(0) f(x; 6) _ 1 exp |:_ = Mn)z]
Jm(0)f(x:0)d0 ~ 2ar, 22 |
where
L _ w/T+nx/o’

=5+ M=
T2 1 0 H 1/72+ n/o?

As the normal distribution is symmetric about its mean, the best estimators in both cases
are E(0|x)=pu,. O

Problem 5.17 (MT-IB 1997-403G short) X,, X,, ..., X, form a random sample from
a uniform distribution on the interval (—6, 260), where the value of the positive parameter
6 is unknown. Determine the maximum likelihood estimator of the parameter 6.
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Solution The likelihood f(x; 6) is

1
I(—0<x,...,x,<20)= @I(—O < minx;)/(max x; < 26).

(36)"
Hence, the MLE is of the form

o~

0 = max |:—minxi, 2maxx,-i|. g

Problem 5.18 (MT-IB 1997-412G long) The y>?-statistic is often used as a measure
of the discrepancy between observed frequencies and expected frequencies under a null
hypothesis. Describe the y?-statistic, and the x? test for goodness of fit.

The number of directory enquiry calls arriving each day at a centre is counted over
a period of K weeks. It may be assumed that the number of such calls on any day
has a Poisson distribution, that the numbers of calls on different days are indepen-
dent, and that the expected number of calls depends only on the day of the week. Let
n;, i=1, 2,...,7, denote, respectively, the total number of calls received on a Monday,
Tuesday, . .., Sunday.

Derive an approximate test of the hypothesis that calls are received at the same rate
on all days of the week except Sundays.

Find also a test of a second hypothesis, that the expected numbers of calls received
are equal for the three days from Tuesday to Thursday, and that the expected numbers of
calls received are equal on Monday and Friday.

Solution Suppose we have possible counts n; of occurrence of states i=1,...,n, of
expected frequencies e,. The y2-statistic is given by

P:i (”i_ei)Z.
i=1 ¢
The x? test for goodness of fit is for H,: p; = p,(6), 0 € O, against H,: p; unrestricted,
where p; is the probability of occurrence of state i.

In the example, we assume that the fraction of calls arriving during all days except
Sundays is fixed (and calculated from the data). Such an assumption is natural when
the data array is massive. However, the fractions of calls within a given day from
Monday to Saturday fluctuate, and we proceed as follows. Let e* = é(n] +---+ng), ef=
%(”2 +ny+ny), €= %(”1 + ns).

Under H: on Monday—Saturday calls are received at the same rate, the statistic is

(n; — e*)2

e*

and has an approximately x? distribution. (Here the number of degrees of freedom is five,
since one parameter is fitted.)
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In the second version, H,, is that on Tuesday, Wednesday and Thursday calls are
received at one rate and on Monday and Friday at another rate. Here, the statistic is

Z (nz ) Z (nj_eZ)

*
i= j=1,5 €

and has an approximately x7 distribution. O

Problem 5.19 (MT-IB 1996-103G long) (i) Aerial observations x;, x,, x5, x, are made
of the interior angles 6,, 6,, 65, §,, of a quadrilateral on the ground. If these observa-
tions are subject to small independent errors with zero means and common variance o2,
determine the least squares estimator of 6,, 0,, 65, 0,.

(ii) Obtain an unbiased estimator of ¢ in the situation described in part ().

Suppose now that the quadrilateral is known to be a parallelogram with 6, = 6; and
0, = 0,. What now are the least squares estimates of its angles? Obtain an unbiased
estimator of ¢? in this case.
0,=2m. The

i=1"Yi

Solution (i) The LSEs should minimise Y% (6, — x;)?, subject to Y+
Lagrangian

L= (0,—x;)*— A <Z 0, —277)

has

0 .
@L 0 when 2(6;, —x;) —A=0, ie. 6,=

)
| >

Adjusting Y0, =27 yields A = 1(m—3;x,), and

—~ 1
9i=xi+1 <277—in>.

(ii) From the least squares theory, X;, i=1,2, 3,4 has mean 6,, variance o2, and the X;
are independent. Write

i o) - o] ()]

1 1 a?
——vV X,)=— x40?="
16 ar(; ) 16777 T

Thus,

E <Z(Xi —@)2) =

and >, (x; — ) is an unbiased estimator of g
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If 6, =60, and 0, = 6,, the constraint becomes 2(0, + 0,) =2, i.e. 6, + 6, = . Then
the Lagrangian

L=(0,— x,)2 + (6, — x2)2 + (6, — xs)z + (6, — x4)2 —2A(6,+ 0, —m)
has

d
L =2(0, — x,) +2(60, — x3) —2A,
30,

9
—L=2(6,— x,) +2(6, — x,) — 2A,
30,

and is minimised at
~ 1 ~ 1
0, = E(xl +x3+A), 6,= E(xz +x,+A).

The constraint 51 —1—52 = then gives A= (7 — ), x;/2), and

~ 1 1 1 T
0, = E(x] +x;) + 1 <2W—Xi:xi> = Z(x1 Fx— X —xy)+ 7
and similarly

~ 1 T
6221(x2+x4_x1_x3)+3~

Now

~\2 3, X, X, X, wm\°
Bnob) (-3 i3

_32+12+12+122_32
1 \a 4 4 1) |7 747
The same holds for i =2, 3, 4. Hence, Y _(x; —@)2/3 is an unbiased estimator of o2. [

Problem 5.20 (MT-IB 1996-203G long) (i) X,, X,, ..., X, form a random sample
from a distribution whose PDF is

o [2x/02,0<x<0
f(x; 0) = {0, otherwise,

where the value of the positive parameter 0 is unknown. Determine the MLE of the
median of the distribution.

(ii) There is widespread agreement amongst the managers of the Reliable Motor
Company that the number x of faulty cars produced in a month has a binomial distribution

P(x:s):(?)ps(l -p)" (s=0,1,...,n,0<p<1).
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There is, however, some dispute about the parameter p. The general manager has a prior
distribution for p which is uniform (i.e. with the PDF f,(x) =1(0 < x < 1)), while the
more pessimistic production manager has a prior distribution with density f,(x) =2x/(0 <
x < 1). Both PDFs are concentrated on (0, 1).

In a particular month, s faulty cars are produced. Show that if the general manager’s
loss function is (p — p)2, where D is her estimate and p is the true value, then her best
estimate of p is

s+ 1
n+2’

=

The production manager has responsibilities different from those of the general man-
ager, and a different loss function given by (1 — p)(p — p)?. Find his best estimator of p
and show that it is greater than that of the general manager unless s > n/2.

You may assume that, for non-negative integers o, £,

alp!

/0 pa(l_p)ﬁdp:(a+ﬁ+1)!'

Solution (i) If m is the median, the equation

SRS PP
0o 6 T 0 2
gives m= 9/\/5 Then
2x X
x; my/2) = ==, 0=<x=mV2,
is maximised in m by x/\/z and f(x; mv/2) =11 f(x;; mv/2) by
- 1
M= —— max x;.

V2

(i) As P,(X =s5) < p*(1 — p)"~*, s=0, 1, ... n, the posterior for the general manager
(GM) is

7M(pls) ocp’(1 = p)" 10 < p < 1),
and for the production manager (PM)
7™ (pls) ocpp'(1—p)" 10 < p <1).

Then the expected loss for the GM is minimised at the posterior mean:

1 1
/I;GM — f ppv(l _p)nsdp// pv(l _p)nf.g-dp
0 0

G+ Dn=9)! (n—s+s+1)!  s+1
T (n—s+s+2)!  sln—s)!  n+2’
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For the PM, the expected loss
[ =P ara™ iy
is minimised at
a= [ o= pa Gl [ [ 0= el

which yields

™M= f p(1—=p)pp*(1—p)"~dp / / p(1—p)pp*(1—p)"~*dp

) =s+ 1! (n—s+s5+3)!  s5+2
T o (n=s+s+4)! (s+Dn—s+1)! n+4

We see that (s+2)/(n+4)>(s+1)/(n+2) iff s<n/2. O

Problem 5.21 (MT-IB 1996-403G long) (i) What is a simple hypothesis? Define the
terms size and power for a test of one simple hypothesis against another.

State and prove the NP Lemma.

(ii) There is a single observation of an RV X which has a PDF f(x). Construct the
best test of size 0.05 for the null hypothesis

1
Hy: f) =5 (-1=x=1)
against the alternative hypothesis
3
H,: f(x)= Z(l —x*) (=1<x<l).

Calculate the power of your test.

Solution (i) A simple hypothesis for a parameter 0 is H,: 0 = 6,. The size equals the
probability of rejecting H,, when it is true. The power equals the probability of rejecting
H, when it is not true; for the simple alternative H,: 6 =6, it is a number (in general, a
function of the parameter varying within H,).

The statement of the NP Lemma for H,: f = f, against H,: f = f, is as follows.

Among all tests of size < «, the test with maximum power is given by

C={x: fi(x) > kfy(x)}, for k such that P(x € C|H,) = [, fo(x)dx=a.
In other word, V k > O the test:
reject Hy, when f|(x) > kfy(x)

has the maximum power among the tests of size < a:=P,(f;(X) > kf(X)).
The proof of the NP Lemma is given in Section 4.2.
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(i) The LR f,(x)/fo(x) =3(1 — x?)/2; we reject H, when it is >k, i.e. |x| < (1 —
2k/3)Y2. We want

2k\ ' 2k\ "

That is the condition |x| < (1 —2k/3)"/? is the same as |x| < 0.05. By the NP Lemma,
the test

reject H, when |x| <0.05

is the most powerful of size 0.05.
The power is then

0.05

3 005 3 3
IP>(|x|50.05|1L11)=1/005(1—xz)dx=5 <x—);> ~0.075. O

0

Problem 5.22 (MT-IB 1995-103G long) (i) Let X,, ..., X,, and Y;, ..., Y, be
independent random samples, respectively, from the N(u,, c?)-and the N(u,, 0?)-
distributions. Here the parameters u,, i, and o are all unknown. Explain carefully how
you would test the hypothesis H,: u, =, against H;: w, # W,.

(ii) Let X,, ..., X, be a random sample from the distribution with the PDF

f(x; 0)= e @0 for < x<oo,

where 6 has a prior distribution the standard normal N(0, 1). Determine the posterior
distribution of 0.

Suppose that 0 is to be estimated when the loss function is the absolute error loss,
L(a, 0) =|a — 6|. Determine the optimal Bayes estimator and express it in terms of the
function ¢, (x) defined by

2®(c,(x) —n)=d(x —n), for —oo < x < o0,
where

P(x) = ~dy

1 X
7 f e
N2 /-
is the standard normal distribution function.

Solution With
— 1 - 1
X=—>Y X,~ N(u,, 0*/m) and Y==>Y~ N(w,, o?/n),
m < n%

we have that under H,

—12
Lx-v (1 + 1) ~ N, 1).
g m n
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Set
Sxx = Z(Xz - Y)2 ~ 0'2)(,2,1—1’ Sy = Z(Yj _7)2 ~ 0'2X2—1~
i=1 j=1
Then
1 2
= (Sxx + Syy) ~ Xmtn—2>
and

I 1

o -12 "
t=(X-Y) ;“‘; [(Sxx+SYY)/(m+”_2)] ~ lygn—2-

The MP test of size « rejects H, when || exceeds ¢, , ,(a/2), the upper /2 point of
the t,,,_,-distribution.
(ii) By the Bayes’ formula,
7(0]x) o m(6) f(x; ) e/ H0-Ti%i [(§ < min x;),
with the constant of proportionality

1 exp(=n*/2+3x)
V27 ®(minx;—n)

Under absolute error LF L(a, 6) = |a — 6], the optimal Bayes estimator is the posterior
median. That is we want s, where

s N 1 min x;
/ de—O-m*/2 — 7/ o= (0-n?/2
—o0 2/ ’

or, equivalently: 2d(s — n) = ®(min x; — n), and s = ¢, (min x;), as required. O

(/ e_92/2+”9_2"""1(0 < min )ci)de)i1 =

Problem 5.23 (MT-IB 1995-203G long) (i) Let X|, . .., X, be a random sample from
the distribution with the PDF
2x
f(x; 0)= for 0<x<6.

ﬁa

Determine the MLE M of  and show that (M, M/(1— y)i) is a 100y% CI for 6, where
O<y<l.

(ii) Let X,, ..., X, be an independent random sample from the uniform distribution on
[0,60,]andlet Y;, ..., Y, be an independent random sample from the uniform distribution
on [0, 6,]. Derive the form of the likelihood ratio test of the hypothesis H,: 6, = 6, against
H,: 6, # 0, and express this test in terms of the statistic

o max (My, M)
~ min (My, My)’
where My =max, ., X; and M, =max,_, Y,

By observing that under the hypothesis H, the distribution of T is independent of

0 =0, = 0,, or otherwise, determine exactly the critical region for the test of size a.
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Solution (i) The likelihood

f(x; 0)= > (ﬁxi) I(max x; < 6)

2n
0 i=1

is written as g(M(x, 6))h(x), where M(x) = maxx;. Hence, M = M(X) = max X, is a
sufficient statistic. It is also the MLE, with

u\2n
]P’(Mfu):(]P)(leu))":(f) , 0<u<o.
0
Then
P M<6<L =P (6(1— )"/ <M <0)
- _(1—’)/)1/(2") - -
=1-P(M<6(1—1y)"")
(9(1 _ 7)1/(2;,))2"
02n
=l-(1-y=v

=1-

Hence, (M, M /(1 —y)"/®") is a 100y% CI for 6.
(ii) Under H,),

1 2n
fX’YZ(O) I0<xy, ... X, ¥ ves ¥, <0),
is maximised at the MLE 6 = max (My, My). Under H,,

1 n 1 n
fXY: () () I(()le’ LERIRY ’-xn S GI)I(OSXI’ R "xn S 02)’
’ 6, 6,
is maximised at the MLE (51 ,52) =(My, My).
Then the ratio A (X, y) is

1 mo (MM
|:max (My, My) ]

1 n 1 n
(M) <M> [max (My, M)I”" _ [ max(My, M))T" _ .,
[min(MX’MY)] o

So, we reject H, if T(x,y) > k for some k > 1.
Now, under H,

Pty =0=(3) e fu=ng ().
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and similarly for M,. Then, for 0 <a <1 and k> 1, we want « to be equal to

0 0
rer=si=g [ [ ()7 G (g =+ o
1 x/k !
1

X"
=2 2// n—1 nfld dx =2 / "*lid =
n /] Xy yax I’lo X o X o

So, k=a~"/", and the critical region for the size « test is

C’:{x,y: T> a’l/"}. O

Problem 5.24 (MT-IB 1995-403G long) (i) State and prove the NP Lemma.

(i) Let X;, ..., X, be a random sample from the N(u, o?)-distribution. Prove that
the random variables X (the sample mean) and Y/, (X; — X)* ((n — 1) x the sample
variance) are independent and determine their distributions.

Suppose that

Xll, Xln,
X2], X2n,
Xm] an

are independent RVs and that X;; has the N(u;, 0'2)-distributi0n for 1 < j <n, where
Mis ..., M,, 0% are unknown constants. With reference to your previous result, explain
carefully how you would test the hypothesis Hy: u,=---=pu,,.

Solution (Part (ii) only.) We claim:

(a) X=Y,X,/n~ N(u,a?/n);
(b) X and Syy =Y ;(X, — X)? are independent;

(©  Syx=2i(X; _Y)z/a'2 ~ Xﬁ—l‘

To prove (a) note that linear combinations of normal RVs are normal, so, owing to
independence, X ~ N (u, 02/n). Also, (X — u)*/0? ~ xi.
To prove (b) and (c) observe that

S - = 2l = %)+ (X =

i

=YX =X +2(X - X)X — ) + (X )]

= Syx +n(X —p)*.
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Given an orthogonal n x n matrix A, set

X, Y,
X=| : |, Y=]|: | where Y=AT(X—pul).
XV’ Yn

We want to choose A so that the first entry ¥, = /n(X — u). That is A must be of the
form

1//n
1//n

A = . . . . b
1/4/n
where the remaining columns are to be chosen so as to make the matrix orthogonal.

Then Y, = /n(X — )~ N(0, 0?), and Y, is independent of Y,, . . ., ¥,. Since }_, ¥Y?> =
3 (X, — w)?, we have

> Y,-2 = (X;— 1) = n(X — pu)* = Sxy.
i=2 i=1
Hence Syy =31, Y?, where Y,, ..., ¥, are IID N(0, 0%) RVs. Therefore Sy, /o>~ x2_,.
Now consider the RVs X;; as specified. To test Hy: p)=---=pu, = u against H;:
Mys - ., M, unrestricted, we use analysis of variance (one-way ANOVA). Write N =mn
and X;;=u;+¢€;,j=1,...,n,i=1, ..., m, where ¢; are IID N(0, 0%).
Apply the GLRT: the LR Ay . ((x;;)) equals

max, ... .02 (2770'2)71\,/2 eXp [_ Zij(xi_j - Mi)Z/(zo.Z)] . So N2
max,, ;2 (2mo?)~N2exp [_ Zij(xij - /-L)2/(20'2)] B (SI)

Here
So= Z(xij - j++)2’ § = Z(xij - fH)zs
ij ij

and

"X
Xy =) %, the mean within group i (and the MLE of u; under H,),
j=1

lJ

Xy =
The test is of the form

S
reject H, when S—O is large.
1
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Next,
So = Z Z(xi./' —Xip T Xy — f++)2
i=1 j=1
=22 [(xij — %"+ 20x; =X ) (% = X)) + (3 — f++)2]
i=1 j=1
=3 0= F ) A Y (T — X ) =S5+ S,
ij i
where

S;=n Z(fwr —%)"

Thus, S,/S, is large when S,/S, is large. S, is called the within groups (or within
samples) and S, the between groups (between samples) sum of squares.
Next, whether or not H,, is true,

Z(Xij - YH)Z ~ 0'2)(2—1 Vi,
since EX;; depends only on i. Hence,
Sl ~ o-szz\lfm
as samples for different i are independent. Also, Vi,

Y (X;; —X,,)* is independent of X, .
J

Therefore, S, is independent of S,. If H, is true,
S~ x -

Further, if H, is not true, S, has

ES,=(m— o’ +”Z(Pﬁ - %)
i=1
where w=>", u;/m.
Moreover, under H,, the value of S, tends to be inflated. So, if H, is true, then

_ Sy/m=1)

0= SN —m)  Tmetnem

while under H, the value of Q is inflated. Thus, in a size a test we reject H, when the
value of statistic Q is larger than ¢, _, _, (), the upper a quantile of F,,_, y_,. O
The Private Life of C.A.S. Anova
(From the series ‘Movies that never made it to the Big Screen’.)
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Problem 5.25 (MT-IB 1994-103F long) (i) At a particular time three high street restau-
rants are observed to have 43, 41 and 30 customers, respectively. Detailing carefully the
underlying assumptions that you are making, explain how you would test the hypothesis
that all three restaurants are equally popular against the alternative that they are not.

(i) Explain the following terms in the context of hypothesis testing:

(a) simple hypothesis;

(b) composite hypothesis;

(¢) type I and type II error probabilities;
(d) size of a test;

(e) power of a test.

Let X,, ..., X, be asample from the N(u, 1)-distribution. Construct the most powerful
size a test of the hypothesis H,: u = u, against H;: u = u,, where w, > u,.

Find the test that minimises the larger of the two error probabilities. Justify your answer
carefully.

Solution (i) In total, 114 customers have been counted. Assuming that each customer
chooses one of the three restaurants with probabilities p,, p,, p;, independently, we
should work with a multinomial distribution. The null hypothesis H,: p, = p, = p;=1/3,
with the expected numbers 38. The value of the Pearson y>-statistic:

(observed —expected)”  25+9+64 98

pP— =—=2.579.
2 expected 38 38

Given a € (0, 1), we compare P with /3 (@), the upper a quantile of x3. The size « test
will reject Hy, when P> hf ().

(ii) (a) A simple hypothesis H,, is that the PDF/PMF f = f,, a completely specified
probability distribution that enables explicit numerical probabilities to be calculated.

(b) A composite hypothesis is f € a set of PDFs/PMFs.

(c) The TIEP is P(reject Hy|H, true) and the TIIEP is P(accept Hy| H, not true). For a
simple H,, the TIEP is a number, and for a composite H it is a function (of an argument
running over the parameter set corresponding to H,). The TIIEP has a similar nature.

(d) The size of a test is equal to the maximum of the TIEP taken over the parameter
set corresponding to H,,. If H, is simple, it is simply the TIEP.

(e) Similarly, the power is 1 minus the TIIEP. It should be considered as a function
on the set of parameters corresponding to H,.

To construct the MP test, we use the NP Lemma. The LR

J(x; 1) _ 1 2 2
F(X; 1) =exp (_2 Z [(xi — 1) — (X — ko) ])

_n
=exp [n(m — Bo) ¥+ 2 (g — M?)]
is large when X is large. Thus the critical region for the MP test of size « is

C={x:x>c}
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y
1 - y=o
IN\=B@
! |
o=B 1 o
Figure 5.3
where
a=P, (X>c)=1-®(Vnlc—puy)).
ie.

1
c=puy+ —=2z,(a), where e dx = a.

1
\/ﬁ 2% 277 Iy ()

The test minimising the larger of the error probabilities must again be NP; otherwise
there would be a better one. For size «, the TIIEP as a function of « is

B(a)=P, (X <c) = (z,(a) + Vn(ro— 1))

where z, (a) is the upper a quantile of N(0, 1). Clearly, max [, 8(«a)] is minimal when
a = B(a). See Figure 5.3.
We know that when « increases, z, () decreases. We choose o with

a=®(z (@) + /(o — 1)) ie z,(a)= —%(Mo — ).

This yields

1 Mo + 1
C=HMo— E(MO_MI):%' O
Problem 5.26 (MT-IB 1994-203F long) (i) Let X;, ..., X,, be a random sample
from the N(u,, o?)-distribution and let Y}, ..., ¥, be an independent sample from the

N(u,, o?)-distribution. Here the parameters w,, m,, o7 and o3 are unknown. Explain
carefully how you would test the hypothesis H,: o7 = o3 against H,: o? # o3.

(i) Let Y;, ..., Y, be independent RVs, where Y, has the N(Bx;, o*)-distribution,
i=1,..., n Herex,, ..., x, are known but 3 and o? are unknown.

(a) Determine the maximum-likelihood estimators (B, 32) of (8, o2).
(b) Find the distribution of B.
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(¢) By showing that Y, — Exi and E are independent, or otherwise, determine the
joint distribution of 8 and 2.

(d) Explain carefully how you would test the hypothesis H,: = [, against H,:
B# Bo-

Solution (i) Set

1
Z(x—x) Wlth—SXX Xo 1

i=1

and

=30, -9 with — Sy ~ X1
Jj=1
Moreover, Syy and Sy, are independent.
Then under H,,

1 1
—Sxx [ ——Sw ~Fo_ia1s
m—1 n—1

and in a size « test we reject H, when [S,./(m — 1)]/[S,,/(n —1)] is either
<@ ai(@/2)or>¢r | (a/2), where ¢, |, (a/2) is the upper/lower quantile of
1:mfl,nfl‘

(ii) The likelihood

Jp.o2(Y)= («/Zl_mr) exp |:—2;2 Z(Yi - Bxi)2:| .

(a) The MLE (B, 32) of (B, 0?) is found from

?ln fﬁaZ(Y)— P in(Yi_IBxi):O’

J n 1 )
ﬁln Ip.o2(Y) = 52 + py Xi:(Yi —Bx;)"=0,

and is

= xY . 1 5
B=7x2’ 02=;Z(Yi_ﬂxi)2'

This gives the global minimum, as we minimise a convex quadratlc function —1In f5 ,2(Y).
(b) As a linear combination of independent normals, ,8 N (B ot/ Yy x )

(c) As ,8 and Y, — Bxl- are jointly normal, they are independent iff their covariance
vanishes. As E(Y; — Bx;) =0,

Cov (Y, — Bx;, B) = E(Y, — Bx)B=E(Y,8) — x.E(B*),
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which is zero since
EYEY, EY?

E(YB) =) .% +x =
Z’#’ EDME: Yexi
2x,x o+ B2
=) b 2j +x; i BzXI
DY Dk X
a? -~ -~ -~
= (B4 £ ) = (VB o+ (5BY) =B
2k X
In a similar fashion we can check that Y, —Exl, .. Y, —Ex,,, E are independent and

normal. Then &% and E are independent.
Next, the sum _,(¥; — Bx;)? equals

Z [Yz _Exi+ (E_B)xi]z ZZ(YL _Bxi)z + (lez) @_3)2.

i i

;;(Yz —316,')2,\,)(,21 and ;(Xl:xlz> (ﬁ—ﬁ>2~xf’

we conclude that G%n/o? ~ x2_,.
(d) Under H,

B-BIVE X
LYY = Bxy)?

Hence, the test is
reject Hy if |T| > t,_,(«/2), the upper @/2 point of 7,_,. O

T= t

n—1+

Problem 5.27 (MT-IB 1994-403F long) (i) Let X be a random variable with the PDF
flx;0)=e " f<x<oo,

where 6 has a prior distribution the exponential distribution with mean 1. Determine the
posterior distribution of 6.
Find the optimal Bayes estimator of 6 based on X under quadratic loss.

(ii) Let X,, ..., X, be a sample from the PDF
! e x>0,
fondwy=1 ATH
e/t x<0,
A

where A >0 and p > 0 are unknown parameters. Find (simple) sufficient statistics for
(A, ) and determine the MLEs (A, &) of (A, w).
Now suppose that n=1. Is A an unbiased estimator of A? Justify your answer.
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Solution (i) For the posterior PDF, write
m(0|x) cce e O I(x > 0> 0) o (0 < 6 < x).
So, the posterior is U(0, x).
Under quadratic loss, the optimal estimator is the posterior mean, i.e. x/2.
(ii)
1
JXA, p)=————exp| =) xI(x;=0)/A+ ) xI(x; <0)/p|.
e I >
Hence

T(x)=(S*,57), §*=Y"xI(x;>0), S~ =) x;I(x;<0)

is a sufficient statistic.
To find the MLE (A, ), differentiate £(x; A, w) =In f(x; A, w):

d n St
Lo p)=——1 12—,
A== T
P 5~
o A p) = ——— — 20,
o Adp W

whence
T= (s +vV=587). =, (-5 +V7557),
" n

which is the only solution. These values maximise ¢, i.e. give the MLE for (A, w) as
£ — —oo when either A or p tend to 0 or oo.
This argument works when both ST, —§~ > 0. If one of them is 0, the corresponding
parameter is estimated by 0. So, the above formula is valid V samples x € R" \ {0}.
Forn=1, /)\\le(x >0). As

_~ 1 o0
EA=— xe ™ Adx
/

obviously depends on pu, it cannot give A. So, A is biased.
An exception is u = 0. Then EA = A, and it is unbiased. In general, EST =
nA?/(A+w). So,

~ A2 1
EA= + —-Ev—-S-S+.
Ad+u  n

The second summand is >0 for n > 1 unless w =0 and S~ =0. Thus, in the exceptional
case u=0,EA=AVr>1. 0O
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Problem 5.28 (MT-IB 1993-103J long) (i) A sample x,, ..., x, is taken from a
normal distribution with an unknown mean u and a known variance o2. Show how to
construct the most powerful test of a given size « € (0, 1) for a null hypothesis Hy: =,
against an alternative H,: =, (Lo % y)-

What is the value of a for which the power of this test is 1/2?

(ii) State and prove the NP Lemma. For the case of simple null and alternative
hypotheses, what sort of test would you propose for minimising the sum of probabilities
of type I and type II errors? Justify your answer.

Solution (i) Since both hypotheses are simple, the MP test of size < « is the LR test
with the critical region

H
@:{x: J(x|H,) >k}
f(x|H,)
where k is such that the TIEP P (C|H,) = a. We have

n n 1 N N
x|H.) = e—(xi—ll«o)z/&”z), x|H,) = e~ (imm)7/ Q2o )’
f(l())i]:[l p f(|1)i11 —
and
J(x|H)) 1
Apyn,(X) =In f(X|H1) =5 [(x— ) = (x; — o)’
0 i
n _
= 2R o) — (3 — )]

Case 1: u; > u,. Then we reject H, when x > k, where @ = P(X > k|H,). Under
H,, X~ N(u,,0?/n), since X;~ N(uy, 0?), independently. Then /n(X — u,)/o ~
N(0, 1). Thus we reject H, when X > w, + 0z (a)/+/n where z, () =®~!(1 — @) is the
upper « point of N(0, 1).

The power of the test is

1

2mno /tfﬁz+(a)+n,u0
It equals 1/2 when z_ (@) = (u; — po)/n/0, ie.
1 =]
a=——
N2 a(w —po) /o

Case 2: u; < uo. Then we reject Hy when X < uy — 0z, (a)/+/n, by a similar argument.
The power equals 1/2 when

dye—o—nwz/(zazn): ! / °° e—yz/zdy.
N 2T V2 @)+l —m) /o

e/ 2dy.

1 /«/ﬁ(!ﬂ]*#())/"’
N N2 /-
Hence, the power is 1/2 when
1 oo
a=—
N2 Y alwo—wm /o

o e_»"z/zdy.

e 2dy.
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(ii) (Last part only) Assume the continuous case: f(-|H,) and f,(-|H,) are PDFs.
Take the test with the critical region € = {x: f(x|H,) > f(x|H(,)}, with error probabilities
P(C|H,) and 1 —P(C|H,). Then for any test with a critical region C*, the sum of error
probabilities is

P (C*|Hy) +1-P(C*|H) =1 +f [f(x[Hy) — f(x|H,)]dx
@*

=1+ [ [flHo) = f(clH)Tdx+ [ [l Hy) = fxlH))dx

ene ex\e

=1+ [ [f(xlHy) = fx|H)] dx
e*ne
as the integral over €*\ C is > 0.
Next,

U [ [fGxlHo) = fxlHy)] e

c*ne

=1+ [ [f(xlHo) = falH) dx = [ [FCelHo) = f(x|H,)]dx
cC

e\ex

> 1+ [ [f(x|Hy) = (x| H)) dx = P(EIHy) + 1~ P(CIH, ),

4

as the integral over €\ C* is <0. O

It has to be said that the development of Statistics after the Neyman—Pearson Lemma
was marred by long-lasting controversies to which a great deal of personal animos-
ity was added. The most prominent (and serious in its consequences) was perhaps a
Fisher—Neyman dispute that opened in public in 1935 and continued even after Fisher’s
death in 1962 (one of Neyman’s articles was entitled ‘The Silver jubilee of my dispute
with Fisher’).

Two authoritative books on the history of Statistics, [FiB] and [Rei], give different
versions of how it all started and developed. According to [FiB], p.263, it was Neyman
who in 1934-1935 ‘sniped at Fisher in his lectures and blew on the unquenched sparks
of misunderstanding between the (Fisher’s and K. Pearson’s) departments (at University
College London) with apparent, if undeliberate, genius for making mischief.” On the other
hand, [Rei] clearly lays the blame on Fisher, supporting it with quotations attributed to a
number of people, such as J.R. Oppenheimer (the future head of the Los Alamos atomic
bomb project), who supposedly said of Fisher in 1936: ‘I took one look at him and
decided I did not want to meet him’ (see [Rei], p. 144). In this situation, it is plausible that
F.N. David (1909-1993), a prominent British statistician, who knew all parties involved
well, was right when she said: ‘They (Fisher, Neyman, K. Pearson, E. Pearson) were all
jealous of one another, afraid that somebody would get ahead.” And on the particular issue
of the NP Lemma: ‘Gosset didn’t have a jealous bone in his body. He asked the question.
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Egon Pearson to a certain extent phrased the question which Gosset had asked in statistical
parlance. Neyman solved the problem mathematically’ ([Rei], p. 133). According to [FiB],
p- 451, the NP Lemma was ‘originally built in part on Fisher’s work,” but soon ‘diverged
from it. It came to be very generally accepted and widely taught, especially in the United
States. It was not welcomed by Fisher ...’ .

David was one of the great-nieces of Florence Nightingale. It is interesting to note that
David was the first woman Professor of Statistics in the UK, while Florence Nightingale
was the first woman Fellow of the Royal Statistical Society. At the end of her career David
moved to California but for decades maintained her cottage and garden in south-east England.

It has to be said that the lengthy arguments about the NP Lemma and the theory (and
practice) that stemmed from it, which have been produced in the course of several decades,
reduced in essence to the following basic question. You observe a sample, (x,, ..., X,).
What can you (reasonably) say about a (supposedly) random mechanism that is behind
it? According to a persistent opinion, the Fisherian approach will be conspicuous in the
future development of statistical sciences (see, e.g. [E1]). But even recognised leaders
of modern statistics do not claim to have a clear view on this issue (see a discussion
following the main presentation in [E1]). However, it should not distract us too much
from our humble goal.

Problem 5.29 (MT-IB 1993-203J long) (i) Explain what is meant by constructing a
confidence interval for an unknown parameter 6 from a given sample x,, ..., x,. Let a
family of PDFs f(x; 6), —oo < 6 < o0, be given by

e 0 x>0,

f(x;a):{o, x<0.

Suppose that n =4 and x;, = —1.0, x, =1.5, x;,=0.5, x, =1.0. Construct a 95%
confidence interval for 6.

(i) Let f(x; u, 0?) be a family of normal PDFs with an unknown mean g and an
unknown variance o2 > 0. Explain how to construct a 95% confidence interval for
from a sample x,, ..., x,. Justify the claims about the distributions you use in your
construction.

My Left Tail

(From the series ‘Movies that never made it to the Big Screen’.)

Solution (i) To construct a 100(1 — y)%CI, we need to find two estimators
a=a(x), b=>b(x) such that P(a(X) <0<b(X))>1—.
In the example,

f(x; 0) =e 0 (x, > OV i).

So min X; is a sufficient statistic and min X; — 6 ~ Exp (n). Then we can take a=b — &
and b = min x;, where

o0
/ ne Mdx=e" = Y.
B
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With y=0.05, n=4 and min x; = —1, we obtain the CI

In a different solution, one considers

> X, —n6~ Gam (n, 1), or 2> (X, —6) ~ x3,.

i=1 i=1

Hence we can take

a= (ZX,-—;hZI(V/Z))/n, b= (ZX,-—;hZH(y/Z))/n,

where K3, (7y/2) are the upper/lower y/2 quantiles of x3,. With y=0.05, n=4 and
> i x; =2, we obtain

1 r{(0.025) 1 hg(0.0ZS)}

2 8 2 8

The precise value for the first interval is [—1.749, —1], and that for the second

(117530 1 2.180
27 8 ‘2 3

:| =[-1.6912,0.2275].

The endpoint 0.2275 is of course of no use since we know that < x, = —1.0. Replacing
0.2275 by —1 we obtain a shorter interval.

(ii) Define

1
n—1

(X, — X

i=1

n
o~ ~2
p==->X, 0=
i=1

Then (a) Vn( — p)/o ~ N(0,1) and (b) (n —1)7*/0? ~ x2_,, independently, imply-
ing that

S| =

SR
(0

Hence, an equal-tailed CI is

T G4

w——1,,(0.025), o+ —1t,_,(0.025) |,
|:Iu’ ﬁ n 1( ) 1 \/ﬁ ]( )i|

where 1, ,(a/2) is the /2 point of t,_;, @ =0.05. The justification of claims (a), (b)

has been given above. [

Problem 5.30 (MT-IB 1993-403J long) (i) State and prove the factorisation criterion
for sufficient statistics, in the case of discrete random variables.

(ii) A linear function y = Ax + B with unknown coefficients A and B is repeatedly
measured at distinct points x,, ..., x;: first n, times at x,, then n, times at x, and
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so on; and finally n, times at x,. The result of the ith measurement series is a sample
Yits +++» Yin» i=1, ..., k. The errors of all measurements are independent normal
variables, with mean zero and variance 1. You are asked to estimate A and B from the
whole sample y;;, 1<j<n;, 1=<i=<k. Prove that the maximum likelihood and the least
squares estlmators of (A, B) coincide and find these.

Denote by A the maximum likelihood estimator of A and by B the maximum likelihood
estimator of B. Find the distribution of (A, B).

Solution (Part (ii) only) Define

(n) =Z”i’ xX=

i Xilli

(n)

and

w;=x,—%, with (un) =3 un; =0, (u* n)—Zu n,>0.

Let a=A, B=B+ A%, then y;; =au; + B +¢€; and ¥;; ~N(au, + B, 1), i.e.

L N P
fy,j(yz‘_/)—mexp[ 2()’;, au; B)]

To find the MLE, we need to maximise []; ;exp[—3(y;; — au; — B)?]. This is equivalent
to minimising the quadratic function ), ; (y,_, au,; — 3)*. The last problem gives precisely
the least squares estimators. Therefore the MLEs and the LSEs coincide.

To find the LSEs, we solve

;Ej(“f‘ﬁ—a“f)z:wﬁ:(lw;jm

d 1
— Y,—-B—au)=0ca=—> Y.u,
C?Oé IX]:( ij B auz) a <Lt2n> Z ljul

with

That is

= N (0 o)

LJ

Observe that (Z, §) are jointly normal, with covariance
i X

(Zl 1 l) (Zt n[) ( in[‘xiz) '

Cov (Z, E) =
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Problem 5.31 (SP-IB 1992 103H long) (i) Let x,, ..., x, be a random sample from
the PDF f(x; 6). What is meant by saying that #(x,, . . ., x,) is sufficient for §?
Let
e 0 x>0
; 0 — b b
R P

and suppose n=3. Let y, <y, <y; be ordered values of x,, x,, x;. Show that y, is
sufficient for 6.

(ii) Show that the distribution of Y, — 6 is exponential of parameter 3. Your client
suggests the following possibilities as estimators of 0:

0,=x;—1,
22:)’1’
93=%(x1+x2+x3)— 1.

How would you advise him?
Hint: General theorems used should be clearly stated, but need not be proved.

Solution (i) 7(x) is sufficient for @ iff the conditional distribution of X given T(X)
does not involve 6. That is, P,(X € B|T =) is independent of 6 V domain B in the
sample space. The factorisation criterion states that 7' is sufficient iff the sample PDF
f(x; 0) = g(T(x), 8) h(x) for some functions g and A.

For f(x; 0) as specified, with n =3, x = (x, x,, X3).

3 X1
f(x; 0) =[]e " ?I(x;, > 0) =e*’e X% I(min x, > ), x=|x,
i=1 X

So, T =min X, :=Y, is a sufficient statistic: here g(y, 8) =e3*I(y > 0), h(x)=e %",

() V y>0: Py(Y, —0>y) =Py(X,, X5, X3 >y + 0) = [T, Py(X;, > y+ 0) =e .
Hence, Y; ~ Exp (3).

Now, E(X;— 1) =E(X; —0) + 0 — 1 =6, Var X, =1.

Next, ¥, =min X; is the MLE maximising f(x; 6) in 0; it is biased as

1
EY,=E(Y,~0)+ 0= +0.

The variance Var 6, equals 1/9.
Finally,

1 1 1
E <3(X1 + X, + X3) — 1) =6,  Var (3(}(1 +X,+X;) — 1) =

We see that ¥, has the least variance of the three. We could advise the client to use 6,
bearing in mind the bias. However, the better choice is 8, —1/3. O
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Remark The RB Theorem suggests to use the estimator 0= E(6,]0,=1)=E(0;|0,=1).
A straightforward computation yields that O=1—1 /3. Hence, E6=0 and Var § =1 /9.
That is, the RB procedure does not create the bias and reduces the variance to the
minimum.

Problem 5.32 (SP-IB 1992, 203H long) (i) Derive the form of the MLEs of &, B and
o in the linear model

Y=o+ Bx; +¢,

1 <i<n, where e~ N(0,0?%) and Y7, x; =0.

(ii) What is the joint distribution of the maximum likelihood estimators @, 8 and G*?
Construct 95% confidence intervals for

@ o

(b) a+pB.

Solution (i) We have that ¥, ~ N(a + Bx;, d%). Then

1 1
fyia,B,0%) = mexp [_M Xi:(% _a_Bxi)2:| ,

and
1
Uy: @ Bo0?) =In f(y: e, B.0%) = =3 In (2m0%) = 55 3 — = B
o =
The minimum is attained at

d J
oty B o) = fﬁﬁ(y,a B, o) = ——t(y; @ B, 07) =0,

i.e. at
x'Y
(xTx)’

>

-~ I —~ s
y, B= 22;26«2 where€, =Y, — a — Bx,.
i

(ii) Then we have
X\ ~ o2 n
an~ N [ ’ ~ N s T o ) (7) o’ ~ 2 .
a (a n ) B < XTX) 0_2 g anZ
Also,

_ 1 1
Cov(@ B)=Cov [ =¥, — Y xY,

2

Z.XCOV( i 1)

nxT

X;xi=0,
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Cov (@,€) =Cov (@, Y, —a—Bx,)

z( —)cOv(,, Y)=0,

and
Cov (B.€) =Cov (B.Y,— @ — Bx;)
1 & 1
=EZ;XJ SIJ—EX].XI COV(YJYJ)
=
2
o
XTX (xl xl)
So, @, E and €, ..., €, are independent. Hence, @, E and ¢ are also independent.

Therefore, (a) the 95% CI for o is

no? no’
ht ™ h
where A~ is the lower and A* the upper 0.025 point of x? ,.
Finally, (b)

G+ B~ N<a+B, 0'2<1 +i>)
n o x'x

and is independent of &2. Then

@+p) —(a+B)/ F
V XTX

Hence, the 95% CI for a + B is

G L L S T L
a — 10, —+ — , Oy — 4+ — ,
n xxVn-2 n xxVn-2

where t is the upper 0.025 quantile of t, ,. [

Problem 5.33 (SP-IB 403H 1992 long) (i) Describe briefly a procedure for obtaining
a Bayesian point estimator from a statistical experiment. Include in your description
definitions of the terms:

(a) prior;
(b)  posterior.

(ii) Let X,, ..., X, be independent identically distributed random variables, each
having distribution Gam (k, A). Suppose k is known, and, a priori, A is exponential of
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parameter w. Suppose a penalty of (a — A)? is incurred on estimating A by a. Calculate
the posterior for A and find an optimal Bayes estimator for A.

Solution (i) We are given a sample PDF/PMF f(x; ) and a prior PDF/PMF 7r(6) for
the parameter. We then consider the posterior distribution

m(0]x) ocm(0) f(x; 0),

normalised to have the total mass 1. The Bayes’ estimator is defined as the minimiser of
the expected loss E 4 L(a, 0) for a given function L(a, ) specifying the loss incurred
when 6 is estimated by a.

(i) For the quadratic loss, where L(a, 6) = (a — 6)?, the Bayes’ estimator is given by
the posterior mean. In the example given, the posterior is Gamma:

m(A|x) oce A [Te ™ ~ Gam (kn +Lu+) xi) :
Hence, the Bayes’ estimator is given by its mean (kn+ 1) / (b+>X;x). O

Problem 5.34 (MT-IB 1992-106D long) Let X, X,, ..., X, be an independent sam-
ple from a normal distribution with unknown mean y and variance o>. Show that the pair
(X, 5 ), where

X, Z(X X)%,

is a sufficient statistic for (u, o’?).
. . —2 . .=
Given A > 0, consider AS™ as an estimator of ¢>. For what values of A is AS

(i) maximum likelihood,
(ii)  unbiased?

Which value of A minimises the mean square error

E(AS” — 02)2?
Solution The likelihood

o ] ) LI
s o) = x|~ 505 u)]

2702

27o?

~((g) 0| 2 2 —xf—z'f.z(x—mz]

. . — =2, . .. .
Hence, by the factorisation criterion, (X, S") is a sufficient statistic.

1 " 1 2
=< )e"p ‘zazgx”_x”_“)z]
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Maximising in g and o2 is equivalent to solving
J 2 J 2
—1In f(x; u, 07) = —In f(x; u, 0°) =0,
i do?

which yields =%, 02 =Y_,(x; — X)*/n. Hence, (i) AS” is MLE for A = 1.
For (ii)

EnS’ =Y E(X,— X)2=Y E(X, — u)? — nE(X — )
i=1 i=1
n 2
=nVarX — —nVarX=(n—1)o".
n
Hence, AS” is unbiased for A = n/(n—1).
)
Finally, set (1) = E(AS” — ¢?)?. The differentiating yields
&' (V) =2E(AS” — )S".

Next, 18~ ~ (Y2 +---+ Y2 ), where ¥, ~ N(0, 6%), independently. Hence,

E(S) =nE(X2 4+ Y2 )
=n [(n — DEY! + (n—1)(n— 2)(EY12)2]
=n"? [3(n —Do*4+n—-1)(n— 2)04] =n"2(n® - 1)o*.

AsES = (n—1)c?/n, equation ¢’(A) =0 gives

oES’ n

By n+l

which is clearly the minimiser. [

The Mystery of Mean Mu and Squared Stigma
(From the series ‘Movies that never made it to the Big Screen’.)

Problem 5.35 (MT-IB 1992-206D long) Suppose you are given a collection of np
independent random variables organised in n samples, each of length p:

X0 =(X,,....X,,)
XO=(X,,....X,,)
XMW =(X,,....X,,).

The RV X, ; has a Poisson distribution with an unknown parameter A s 1<j<p.You are
required to test the hypothesis that A; =---= A, against the alternative that at least two
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of the values A ; are distinct. Derive the form of the likelihood ratio test statistic. Show
that it may be approximated by

n g —\2
=2 (X, —X)
Xj:1
with
o n o 1 n p
X=-YX., X=— X,
i n§ ! M,glg J

Explain how you would test the hypothesis for large n.
Solution See Example 4.13. O

Problem 5.36 (MT-IB 1992-306D long) Let X,, X,, ..., X, be an independent sam-
ple from a normal distribution with a known mean u and an unknown variance o taking
one of two values o7 and o7. Explain carefully how to construct a most powerful test of
size «a of the hypothesis o = o against the alternative o = 0,. Does there exist an MP
test of size a with power strictly less than a? Justify your answer.

Solution By the NP Lemma, as both hypotheses are simple, the MP test of size < a is
the likelihood ratio test

reject Hy,: o =0, in favour of H;: 0 =0,,

when
(Qmod) " exp[— Yi(x, — )2/ 207)]
(2mat) "2 exp [~ 3i(x; — )2/ (207)]
where k > 0 is adjusted so that the TIEP equals «. Such test always exists because the

normal PDF f(x) is monotone in |x| and continuous.
By re-writing the LR as

(2) oolz (5 - ) mes -]

we see that if o, > 0, we reject H, in the critical region

>

b}

¢ = [Z(xi—ﬂ)22k+}

and if o, > 0,, in the critical region

€=[Z(xi_ﬂ)25k}~
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Furthermore,
1
LS (%= )~ 2 under H,
oy
and
L > (X, — 1)~ x2 und
2 i ,LL) Xn under Hl'
gy

The x? PDF is

1 1
fro(x) = T (n)2) 27 x> e [(x > 0).

Then if o, > 0, we choose k* so that the size

* 1 1
P(C*|H,) = —
( | 0) k+/z712 T (n/2) n/2

XM le™2dx = a,

and if o, > 0,, k™ so that
Ko 1
I'(n/2) 212

]P’(C’7|HO)=/0 x"* e dx = a.

The power for o, > o, equals

n/2—1e—x/2dx

o 1 1
=P(C*|H)) = —
B ( | l) k+/022 r (n/2) on/2

and for o, > 0,

k= /o2
2 1 1 2 =la=x/2

B=P(C|H,) = /0 OB

We see that if o, > oy, then k*/o? <kt /o?, and B > . Similarly, if o, > 7, then
k=/o3 >k~ /o}, and again B > a. Thus, B < « is impossible. [

Gamma and Her Sisters

(From the series ‘Movies that never made it to the Big Screen’.)

Problem 5.37 (MT-IB 1992-406D long) Let €,, €,, ..., €, be independent random
variables each with the N(0, 1) distribution, and x,, x,, ..., x, be fixed real numbers.
Let the random variables Y, Y,, ..., Y, be given by

Y=a+Bx;,+oe, 1<i<n,

where @, B€ R and o2 € (0, o) are unknown parameters. Derive the form of the least
squares estimator (LSE) for the pair (@, 8) and establish the form of the distribution.
Explain how to test the hypothesis 8 =0 against 8 #0 and how to construct a 95%
CI for B.

(General results used should be stated carefully, but need not be proved.)



344 Tripos examination questions in IB Statistics

Solution Define
_ 1 _ _
X=-) x, a=a+pxand u;=x; — X,

i=1

with

> u;=0 and Y,=a+ Bu; + oe;.

The LSE pair for (a, 8) minimises the quadratic sum R=3Y" (Y, —EY,)>=Y" (Y, —
a— Bu,)?, i.e. solves

I r="Rr=0
da B

This yields

and

R=Y (¥, — 38— Bx,)? =1 — nY" —u'up? ~ao’xi,,

since we have estimated two parameters. So, R/(n —2) is an unbiased estimator for o>
Now consider H,: 8=8,=0, H,: B#3,. Then
5 < o’ ) . ,E\/ uTu
0, , Le.
o

uTu

B~N ~N(0, 1) iff =0,

i.e. under H,. Thus
Z‘E\/ uTu

o

So, given «, we reject H, when the value of |T| exceeds 7,_,(a/2), the upper «/2 point

T=

of t,_,.
Finally, to construct an (equal-tailed) 95% CI for B, we take t, ,(0.025). Then from
the inequalities

(B—B)vuTu
R/(n—2)

—t, ,(0.025) < <1, ,(0.025)
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we find that

. | R - | R
B—1t, ,(0.025) m,ﬁ—ktn_z(0.0ZS) D

is the required interval. [

Each of us has been doing statistics all his life,
in the sense that each of us has been busily reaching
conclusions based on empirical observations
ever since birth.
W. Kruskal (1919-), American statistician

We finish this volume with a story about F. Yates (1902-1994), a prominent UK
statistician and a close associate of Fisher (quoted from [Wi], pp. 204-205). During his
student years at St John’s College, Cambridge, Yates had been keen on a form of sport
which had a long local tradition. It consisted of climbing about the roofs and towers of
the college buildings at night. (The satisfaction arose partly from the difficulty of the
climbs and partly from the excitement of escaping the vigilance of the college porters.)
In particular, the chapel of St John’s College has a massive neo-Gothic tower adorned
with statues of saints, and to Yates it appeared obvious that it would be more decorous if
these saints were properly attired in surplices. One night he climbed up and did the job;
next morning the result was generally much admired. But the College authorities were
unappreciative and began to consider means of divesting the saints of their newly acquired
garments. This was not easy, since they were well out of reach of any ordinary ladder.
An attempt to lift the surplices off from above, using ropes with hooks attached, was
unsuccessful, since Yates, anticipating such a move, had secured the surplices with pieces
of wire looped around the saints’ necks. No progress was being made and eventually
Yates came forward and, without admitting that he had been responsible for putting the
surplices up, volunteered to climb up in the daylight and bring them down. This he did
to the admiration of the crowd that assembled.

The morale of this story is that maybe statisticians should pay more attention to
self-generated problems. ... (An observant passer-by may notice that presently two of
the statues on the St John’s chapel tower have staffs painted in a pale green colour,
which obviously is not an originally intended decoration. Perhaps the next generation of
followers of Fisher’s school are practicing before shaping the development of twenty-first
century statistics.)



Appendix 1.

Table Al.1. Some useful discrete distributions

Tables of random variables
and probability distributions

Family

notation

range PMF P(X=r) Mean Variance PGF Es*

Poisson

A —A

Po(\) : A A A1)
0,1,... "

Geometric 1—p 1—p »
Geom (p) p(I=p) — 5 —

p p 1—s(1-p)

1,2,...

Binomial

1 n r n—r n

Bin (n, p) (r>p (I-p) np np(1—p) [ps+(1—p)]
0,...n

Negative binomial X

. r4k—1 , k(1-p) k(1—p) P
NegBin (p, k) Pl =p) > —
01 r p p 1—s(1-p)
. D\ (N-D

Hypergeometric ; n—r uD nD(N — D)(N — n)
Hyp (N, D, n) e — N —NZ(N 0 F —-D, —n
(n+D—N),, N S O A
....DAn n

Uniform 1 n+1 n’—1 s(1—s")
U[1, n] -
1 " n 2 12 n(1—ys)
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Appendix 2. Index of Cambridge University
Mathematical Tripos examination questions in
IA Probability (1992-1999)

The references to Mathematical Tripos IA examination questions and related examples
adopt the following pattern: 304H (short) and 310B stands for the short question 4H
and the long question 10B from Paper 3 from the corresponding year. For example,
Problem 1.14 is the short question 3H from Paper 3 of 1993.

IA sample questions 1992
1.8

1.16

1.40

1.72

1.73

2.29

IA specimen papers 1992
303B (short):  1.58
304B (short): 2.49
309B (long): 1.36
310B (long): 2.32
311B (long): 1.51
312B (long): 2.18

Mathematical Tripos TA 1992
303C (short): 1.24

304C (short): 2.4

309C (long): 2.50

310C (long): 1.70

311C (long): 1.17

312C (long):  1.80

Mathematical Tripos IA 1993
303H (short): 1.14
304H (short): 2.37
309H (long):  1.31

349
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Index of examination questions in IA Probability

310D (long): 1.39
311D (long): 2.13
312D (long): 2.31

Mathematical Tripos IA 1994

303B (short): 1.29
304B (short): 2.17
309B (long): 1.53
310B (long): 1.61
311B (long): 1.15, 1.42
312B (long): 2.47

Mathematical Tripos IA 1995

303A (short): 1.34
304A (short): 1.59
309A (long): 1.64
310A (long): 1.27
311A (long): 2.22
312A (long): 1.77

Mathematical Tripos IA 1996

203A (short): 2.50
204A (short): 1.48
209C (long): 1.54
210C (long): 2.24
211B (long): 1.41
212B (long): 1.20

Mathematical Tripos IA 1997

203G (short): 1.9

204G (short): 1.50
209G (long): 147, 1.57
210G (long): 1.78
211G (long):  2.232.46
212G (long): 1.63

Mathematical Tripos IA 1998

203C (short): 1.21
204C (short):  1.56
209C (long): 1.62
210C (long): 1.46
211C (long): 2.45
212C (long): 2.16
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Mathematical Tripos IA 1999
203C (short): 1.26

204C (short):  1.43

209C (long): 2.32

210C (long): 1.52

211C (long): 2.44

212C (long):  1.45,2.33
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Index

asymptotic normality, 206

ballot problem, 31
branching process 96
critical, 97

subcritical, 97
supercritical, 97

Cantor’s staircase, 123
characteristic function (CHF) 62

joint, 126
comparison of variances, 282
conjugate family (of PDFs/PMFs), 234
contingency tables, 271
correlation coefficient (of two RVs), 148
covariance (of two RVs), 39, 147
critical region (of a test) 242

size of, 243

decision rule 236
optimal Bayes, 236

distribution function, cumulative (CDF) 116
joint, 126

error (in hypotheses testing) 242
mean square (MSE), 218
standard, 218

estimator
best linear unbiased (BLUE), 291
least squares (LSE), 290
maximum likelihood (MLE), 213
minimum MSE, 222
optimal Bayes point, 235
unbiased, 208

estimation
interval, 229
parametric, 206
point, 229

exceedance, 166

expectation, or expected value (of an RV) 33
conditional, 36

exponential families, 226

extinction probabilities, 98
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factorisation criterion, 211
Fisher information, 222
formula
Bayes, 8
convolution, 40
exclusion—inclusion, 27
Stirling, 72
Fourier transform, 152
function
Beta, 201
concave, 76
convex, 76
Gamma, 114

Galton—Watson process, 104

hypothesis
alternative, 242
composite, 249
conservative, 242
null, 242
one-side, 251
simple, 242

hypothesis testing, 242

independence, 13
independent events, 14
independent identically distributed random variables
(IID RVs), 37
independent observations, 165
independent random variables
continuous, 133
discrete, 37
inequality
AM-GM, 91
Cauchy-Schwarz (CS), 39
Chebyshev, 75
Chernoff, 76
Cramér-Rao (CR), 222
HM-GM, 91
Holder, 76
Jensen, 76
Markov, 75
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interval
confidence, 229
prediction, 295

Jacobian, 122

Laplace transform, 61
Law of Large Numbers (LLN)
weak, 78
strong, 79
Lebesgue integration, 112
left-hand side (LHS), 27
Lemma
Borel-Cantelli (BC), First, 132
Borel-Cantelli (BC), Second, 132
Neyman-Pearson (NP), 244
likelihood function, 245
likelihood ratio (LR) 245
generalised (GLR), 262
monotone (MLR), 249
linear regression
simple, 249
log-likelihood function (LL), 213
loss
posterior expected, 235
loss function 235
quadratic, 235
absolute error, 235

matrix
inverse, 115
invertible, 115
orthogonal, 172
positive-definite, 115
mean, mean value (of an RV)
posterior, 235
sample, 85
measure, 112
median 121
posterior, 236
sample, 136
memoryless property, 56, 132
method
of moments, 220
of maximum likelihood, 213
mode, 121
moment (of an RV), 61

moment generating function (MGF), 61

nuisance parameter, 263
outcome, outcomes, 3, 108

paradox
Bertrand, 108
Simpson, 275
percentile, 201
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point (of a distribution)
lower, 201
upper, 201
posterior PDF/PMF (in Bayesian estimation), 180,
236
prior PDF/PMF (in Bayesian estimation), 179
probability
conditional, 139
posterior, 233
prior, 233
probability density function (PDF) 112
Beta, Cauchy, chi-square, exponential, Gamma,
Gaussian or normal, Gaussian or normal
bivariate, Gaussian or normal multivariate,
jointly Gaussian or normal: see the list of
continuous, probability distributions, 347,
348
conditional, 132
joint, 126
support of, 123
unimodal, 161
probability distribution, conditional, 7, 132
probability distribution, continuous
Beta, 200
Cauchy, 114
chi-square, or x2, 197
exponential, 112
Fisher F-, 199
Gamma, 114
Gaussian, or normal, 112
Gaussian or normal, bivariate, 127
Gaussian or normal, multivariate, 115
log-normal, 162
Simpson, 115
Student t, 198
uniform, 112
probability distribution, discrete
binomial, 54
geometric, 56
hypergeometric, 250
multinomial, 271
negative binomial, 57
Poisson, 57
uniform, 3
probability generating function (PGF), 58
probability mass function (PMF)
binomial, geometric, multinomial, negative
geometric, Poisson, uniform: see the list of
discrete probability distributions, 346

quantile
lower, 201
upper, 201
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random variable (RV), 33, 116
records, 45
reflection principle, 32
regression line, 290
relative entropy, 83
Riemann integration, 54
Riemann zeta-function, 54
right-hand side (RHS), 7
risk 236

Bayes, 236

sample, 85

standard deviation 168
sample, 218

standard error, 218

statistic (or sample statistic)
Fisher F-, 282
ordered, 155
Pearson chi-square, or )(2, 257
Student t-, 253
sufficient 209

minimal, 212

statistical tables, 212

sum of squares
between groups, 285
residual (RSS), 293
total, 285
within group, 285

tail probabilities, 116
test

analysis of variation (ANOVA), 284

critical region of, 242

Fisher F-, 282

most powerful (MP), 243
Pearson chi-square, or y?-, 257
power of, 243

randomised, 245

significance level of, 243

size of, 243

Student t, 253

uniformly most powerful (UMP), 249

Theorem
Bayes, 8
Central limit (CLT)
integral, 79
local, 81
De Moivre-Laplace (DMLT), 81
Fisher, 216
Rao-Blackwell (RB), 218
Pearson, 257
Wilks, 262
total set of outcomes, 6
type 1
error probability (TIEP), 242
type II
error probability (TIIEP), 242

Unconscious Statistician, Law of the,
35, 145
uncorrelated random variables, 39

variance 39
sample, 209





