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Preface

This is the Solutions Manual to accompany the text Probability and Sta-
tistics, The Science of Uncertainty, Second Edition by M.J. Evans and J.S.
Rosenthal published by W. H. Freeman, 2010. The solutions to all Exercises,
Computer Exercises, Problems, Computer Problems, and Challenges
are included.

The solutions to the computer-based problems are presented using Minitab.
This is not necessarily a recommendation that this software platform be used,
but all these problems can be solved using this software. In general, we feel it
will be fairly simple to modify the solutions so that they are suitable for other
statistical software such as R.

Many people helped in the preparation of this text. Not the least were the
students who pointed out many things that led to improvements. A special
thanks goes to Hadas Moshonov and Gun Ho Jang who diligently looked at
many of the problems in the text and helped with their solutions. Also many
thanks to Heather and Rosemary Evans and Margaret Fulford, for their patience
and support throughout this project.

Michael FEvans and Jeffrey Rosenthal
Toronto, 2009






Chapter 1

Probability Models

1.2 Probability Models

Exercises

1.2.1
(a) P({1,2}) = P{1})+ P({2})=1/24+1/3=5/6.

(b) P({1,2,3}) = P({1}) + P({2}) + P({3}) =1/2+ 1/3+1/6 = 1.
(c) P({1}) = P({2,3}) = 1/2.

1.2.2

(a) P({1,2}) = P({1}) + P({2}) = 1/8 + 1/8 = 1/4.

(b) P({1,2,3}) = P({1}) + P({2}) + P({3}) = 1/8 + 1/8 + 1/8 = 3/8.

(c) There are () = 8!/414! = 70 such events.

1.2.3 P{2}) = P({1,2}) — P{1}) =2/3—-1/2=1/6.
1.2.4 No, since P({2,3}) # P({2}) + P({3}).

1.2.5 Here P({s}) = P([s,s]) = s — s =0 for any s € [0, 1].

1.2.6 We have that a = ANB°NC b= ANBNC ¢c = A°NBNCE,
d=AnNB°NC,e=ANBNC, f=A°NBNC,and g=A°NB°NC.

1.2.7 This is the subset (AN B°) U (AN B).

1.2.8 P({1}) = P(S — {2,3}) = P(S) — P({2,3}) = 1 - 2/3 = 13, P({2})
P({1,2})+P({2,3})—P(S) =1/342/3—-1 =0, and P({3}) = P(S—{1,2})
P(S)— P({1,2}) =1 —1/3 = 2/3.

1.2.9 P({1}) = 1/12, P({2}) = P({1,2}) — P({1}) = 1/6 — 1/12 = 1/12,
P({3}) = P({1,2,3)~P({1,2}) = 1/3-1/6 = 1/6, and P({4}) = P({1,2,3,4})~
P({1,2,3}) =1—-1/3=2/3.

1.2.10 From the totality, 1 = P(S) = P({1}) + P({2}) + P({3}) = 5P({2}).
Hence, P({2}) = 1/5, P({1}) = 2P({2}) = 2/5, and P({3}) = P({1}) = 2/5.

1
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1.2.11 From the totality, 1 = P(S) = P({1}) + P({2}) + P({3}) = 4P({2}) +
1/6. Hence, P({2}) = 5/24, P({1}) = P({2}) +1/6 = 3/8, and P({3}) =
2P({2}) = 5/12.

1.2.12 From the totality, 1 = P(S) = P({1}) + P({2}) + P({3}) + P({4}) =
(31/12)P({2}) + 1/8. Hence, P({2}) = 21/62, P({1}) = P({2}) + 1/8 =
115/248, P({3}) = P({2})/3 = 7/62 and P({4}) = P({2})/4 = 21 /248.

Problems

1.2.13 No, since P([0,1]) = 1, while 256[0,1] P({s}) = Zse[o,l] 0 = 0. Here
additivity fails because [0, 1] is not countable.

1.2.14 No, since for countable S we would then have P(S) = > g P({s}) =
> sefoa) 0 = 0, contradicting the fact that P(S) = 1.

1.2.15 Yes. For example, this is true for the uniform distribution on [0, 1]. Since
[0,1] is not countable, there is no contradiction.

1.3 Basic Results for Probability Models

Exercises

1.3.1

(a) P({2,3,4,...,100}) = P({1,2,3,4,...,100}) — P({1}) = 1 — 0.1 = 0.9,

(b) P({1,2,3}) = P({1})+P({2})+P({3}) = P({1}) = 0.1. And, P({1,2,3}) =
0.1if P({2}) = P({3}) = 0. So, 0.1 is the smallest possible value of P({1}).

1.3.2 Let A be the event “Al watches the six o’clock news” and B be the
event “Al watches the eleven o’clock news.” Then P(A) =2/3, P(B) =1/2 and
P(ANB) = 1/3. Therefore, the probability that Al only watches the six o’clock
news is P(A\ (AN B)) = P(A)— P(ANB) =2/3—1/3 = 1/3. The probability
that Al watches neither news is given by P(AUB)“) =1—- P(AUB) =1 —
P(A)—P(B)+ P(ANB)=1-2/3—1/2+1/3=1/6.

1.3.3 P(late or early or both) = P(late) + P(early) — P(both) = 10% + 20% —
5% = 25%.

1.3.4 P(at least one knee sore) = P(right knee sore) + P(left knee sore)—
P(both knees sore) = 25% — P(both knees sore). The maximum is when
P(both knees sore) = 0, where P(at least one knee sore) = 25%. The minimum
is when P(both knees sore) = 10% (so the right knee is always sore whenever
the left one is), where P(at least one knee sore) = 15%.

1.3.5 (a) There are 2° = 32 possibilities and the size of the event having all five
heads is 1. Thus, the probability of getting all five heads is 1/32 = 0.03125.
(b) Let A be the event having at least one tail and B be the event having all
five heads. There will be at least one tail unless five heads are observed. Thus,
A = B¢ and the probability of A is

P(A) = P(B°)=1— P(B) =1 — (1/32) = 31/32 = 0.96875.
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1.3.6 (a) There are only 4 Jacks in a standard 52-card deck. Hence, the prob-
ability having a Jack from a standard 52-card deck is 4/52 = 1/13 = 0.0769.
(b) There are 13 Clubs &. Thus, the probability having a Club is 13/52 =
1/4 =0.25.

(c) There is only one card showing a Jack and a Club. So, the probability having
a Club Jack is 1/52 = 0.01923.

(d) There are 4 Jacks and 13 Clubs. Among 52 cards, only one card is both
Club and Jack. By Theorem 1.3.3, the probability having either a Jack or a
Club is 4/52 4 13/52 — 1/52 = 16/52 = 4/13 = 0.3077.

1.3.7 The event tying the game is the remainder part of the event winning
or tying the game after subtracting the event winning the game. Thus, the
probability of tying is 40% — 30% = 10%.

1.3.8 Suppose a student was chosen. The probability of being a female is 55%,
the probability of having long hair is 44%+15% = 59%, and the probability that
the student is a long haired female is 44%. By Theorem 1.3.3, the probability
of either being female or having long hair is 55% + 59% — 44% = 70%.

Problems

1.3.9 We see that P({2,3,4,5)) = P({1,2,3,4,5}) — P({1}) = 0.3 — 0.1 =
0.2. Hence, the largest is P({2}) = 0.2 (with P({6}) = 0.4). The smallest is
P({2}) =0 (with, e.g., P({3}) = 0.2 and P({6}) = 0.4).

Challenges
1.3.10

(a) Let D = BUC. Then P(AUBUC) = P(AUD) = P(A)+P(D)—P(AND) =
P(A)+ P(BUC)—-P((ANB)U(ANC)) = P(A)+ (P(B) + P(C)— P(BN
C))—(P(ANB)+P(ANC)—P((ANnB)N(ANC)) = P(A)+ (P(B)+ P(C) —
P(BNC))—P(ANB)—PANC)+ P(AnBNC), which gives the result.
b) We use induction on n. We know the result is true for n = 2 from the text
and for n = 3 from part (a)). Assume it is true for n — 1, so that P(B; U
L UB, 1) =" P(B;) - z?,;(;l P(B; N B;) + Z%’%& P(B; N B; N By) —
:tP(BlﬂﬂBn_l) for any elVGJIltS B17~-~7Bn—1- iejt D= A1U...UAn_1.
Then P(A; U...UA,) = P(DUA,) = P(D)+ P(A,) — P(DN A,). Now,
by the induction hypothesis, P(D) = P(A; U...U A, 1) = S." " P(4;) —
2’2,11 P(A; N A;) +z’:]i L P(4; N A; mAk) L+ PAIN... N A).
Also P(D NA,) = ((A1 ﬂ A n)U(AsNA)U... U (An_1 N A,)), so by the
induction hypothesis this equals Z;:ll P(A;N An) — Z";l P(A,NA;NA,)+

(
(

Sk P(AiNA;NARNA,) —.. £ P(A;N...NA,_1 N A,). Putting this
i<j<k
all together, we see that P(A1U...UA,) =" | P(4;) =Y %=1 P(A;NA;)+
i<j
Ytin=1 P(A;NA;NAg) —... £ P(A1N...NA,). This proves the statement

i<j<k
for tlrJns value of n. The general result then follows by induction.
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1.4 Uniform Probability on Finite Spaces

Exercises

1.4.1

(a) By independence, P(all eight show six) = (1/6)® = 1/1679616.

(b) By additivity, P(all eight show same) = Z?:l P(all eight show i) =
2?21(1/6)8 =6(1/6)% = (1/6)7 = 1/279936.

(c) For the sum to equal 9, we need seven of the dice to show 1, and the eighth
die to show 2. There are eight ways this can happen, each having probability
(1/6)%. So, P(sum equals nine) = 8 (1/6)% = 1,/209952.

1.4.2 There are (120) = 45 ways of choosing which two dice will have 2 showing.
Then the probability that those two dice show 2, and the other eight do not, is
(1/6)%(5/6)%. So, the answer is 45 (1/6)2(5/6)% = 1953125/6718464 = 0.2907.

1.4.3

P(at least three heads) = 1 — P(< two heads)
=1 — P(0 heads) — P(one head) — P(two heads)

1= - () - (4 )ape

=1—(1+100+ 4950)(1/2)*% =1 — 5051/2'%°

1.4.4

. . e s 52
(a) There is only one way this can happen, so the probability is 1/ ( 5) =
1/2598960.
(b) There are (%) ways this can happen, so the probability is (**) /(%) =
33 /66640.
(c¢) The number of ways this can happen is equal to (52 -48-44-40-36) /5! =
1317888, so the probability is 1317888 / () = 2112/4165.
(d) The number of ways this can happen is equal to (13)(12) (g) (;1) = 3744, so
the probability is 3744 / () = 6/4165.
1.4.5

(a) The number of ways this can happen is equal to (1) (}3) (,5 55 15)
= 337912392291465600, so the probability is

52

123922914
33791239229 65600/(13 13 13 13

) = 1/158753389900.

(b) The number of ways this can happen is equal to (411) (i) (498) (13 ‘fg 13), so the
probability is

A4\ (4 (48 39 e
(1> <4) <9> <13 13 13) / (13 13 13 13> /4165 = 0.0106

1.4.6 The complement of this event is the event that the sum is less than 4,
which means we chose either two Aces, or one Ace and one 2. P(two Aces) =
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(5) / (%2) = 1/221. P(one Ace and one 2) = (1) (7) / (%) = 8/663. So, P(sum >
4)=1-1/221 — 8/663 = 652/663.

1.4.7 This is the probability that the first ten cards contain no Jack, so it equals

(18) / (%2) = 246/595 = 0.4134.

1.4.8 Out of all 52! different orderings, the number where the Ace of Spades
follows the Ace of Clubs is equal to 51! (since the two Aces can then be treated
as a single card). The same number have the Ace of Clubs following the Ace
of Spades. Hence, the probability that those two Aces are adjacent equals
2511 /521 =1/26.

1.4.9 The probability of getting 7 on any one role equals 6/36 = 1/6. Hence,
the probability of not getting 7 on the first two roles, and then getting it on the
third role, is equal to (5/6)%(1/6) = 25/216.

1.4.10 There are (3) ways of choosing which two dice are the same, and six ways
of choosing which number comes up twice, and then 5 ways of choosing which
number comes up once. Hence, the probability equals (3)(6)(5)/(6-6-6) = 5/12.

1.4.11 The probability they are all red equals ((i) / (132)) ((g) / (138)) = 5/4488.
Similarly, the probability they are all blue equals ((;) / (132)) ((132) / (138))
35/816. Hence, the desired probability equals 5/4488 + 35/816 = 395/8976
0.0440.

1.4.12 The number of heads are 0,1,2 and 3. The probability that the total
number of heads is equal to the number showing on the die is

P(die =1 and 1 heads) + P(die = 2 and 2 heads) + P(die = 3 and 3 heads)
1/3\1 1/3\1 1/3\1 7
= 5@5*5@? +6<3>§ =gz~ 01458
1.4.13 There are two possible combinations: (1) $0.01 x 1+ $0.05 x 2+ $0.1 x 2

and (2) $0.01 x 14+ $0.1 x 3. Let A be the event that the total value of all coins
showing heads is equal to $0.31. Hence, the probability of A is

2\ 1 /3\1 [4\1 2\ 1 /3\1 [4\1 11
Bz )z e Oz @) (e -m-om

Problems

1.4.14 If Ay, Ao, ... are disjoint sets, then |A; U A2 U...| = |A1] + |42 +....
Hence, P(A; U Ay U...) = [AiU A U...|/[S] = (JA1] + 42| +...) /|S| =
|[A1]/|S] + |A2]/|S]+ ... = P(A1) + P(A3) + ... Hence, P is additive.

1.4.15 By considering all 8-tuples of numbers between 1 and 6, we see that 9
can occur if and only if one of the dice takes the value 2 and the remaining
seven take the value 1. This occurs with probability (Ef) (%)8 = 4.7630 x 1076,

The value 10 can occur if and only if one of the dice takes the value 3 and
the remaining seven take the value 1 or two of the dice take the value 2 and the
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remaining six take the value 1. This occurs with probability (?) (%)8+ (g) ( 6)8 =
2.1433 x 1075,

The value 11 can occur if and only if one of the dice takes the value 4 and
the remaining seven take the value 1 or one of the dice takes the value 3, one
of the dice takes the value 2, and the remaining six take the value 1 or three
dice take the value 2 and the remaining dice take the value 1. This occurs with

e 8 8 8 _5
probability () (2)°+ () () (8)° + () (3)° = 71445 x 105,
1.4.16 For 1 < i < 6, the probability that the die equals ¢ and the number of
heads equals 7 is equal to (1/6)(%) /26. Hence, by additivity, the total prob-

ability is equal to S50, (1/6)(%) /2° = (1/6) 0, (8) /2° = (1/6)(63/64) =
0.164 06.

1.4.17 There are (2 130 5) = 2520 ways of choosing which two dice show 2, and
which three dice show 3. For each such choice, the probability is
(1/6)%(1/6)3(4/6)° that the dice show the proper combination of 2, 3, and other.

Hence, the desired probability equals 2520(1/6)?(1/6)3(4/6)> = 280/6561.
1.4.18 For 0 < ¢ < 6, the number of ways of apportioning the Spades to North,

East, and Other (i.e., West and South combined), so that North and East each

have i Spades, is equal to (; , 15_,,). The number of ways of apportioning the
non-Spades to North, East, and Other is then (13_i 133_9i 13+2i). Hence, the
number of deals such that North and East each have i Spades is equal to

13 39
1913—-2i)\13—-413—-4313+2i/)"

On the other hand, the number of ways of apportioning all the cards to North,
East, and Other is equal to (,, 73 ,). It then follows by additivity that the

desired probability is equal to

26: 13 39 / 52
«\i i 13-2i)\13—i 13— 13+2i 13 13 26

i=

= 0.1766.

1.4.19 For 1 <1 < 9 the probability that the card’s value is ¢ and that the num-
ber of heads equals i is equal to (4/52) (") /2°. For i = 10, (4/52) is replaced
by (16/52) since any Ten, Jack, Queen, or King will do. Hence, by additivity, the
total probability is equal to Y"7_, (4/52)(*7) /20 + (16/52)(}9) / 20 = 0.0771.

Challenges

1.4.20 For 2 < ¢ < 7, the probability that the sum of the numbers equals i
is equal to (¢ — 1)/36, while for 7 < i < 12 it is equal to (13 — 4)/36. Hence,
the desired probability is equal to 3, _,((i — 1)/36)('?) /2'2 + 3, 2((13 —
i)/36)('?) /2! = 18109/147456 = 0.1228.

1.4.21
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a) This equals 365/365% = 1/365.

b) This equals 365/365¢ = 1/365¢~1.

¢) This equals 1 — (365 - 364 - --366 — C) / 365¢ = 1 — 365!/(365 — C)! 365°.
d) When C = 23, the probability equals 0.507297. That is, with 23 people in
a room, there is more than a 50% chance that two share the same birthday. (If
C = 40 this probability is 0.891232.) Many people find this surprising.

(
(
(
(

1.5 Conditional Probability and Independence

Exercises

1.5.1

(a) Here P(first die 6, and three dice 6) = (1/6) (g)(1/6)2(5/6) = 15/6. Also,
P(three dice 6) = (g)(1/6)3(5/6) = 20/6*. Hence, the conditional probability
equals (15/6%) /(20/6*) = 3/4 = 0.75. (This also follows intuitively since any
three of the four dice could have shown 6.)

(b) Here P(first die 6, and at least three dice 6) = P(first die 6, and three dice
6) + P(first die 6, and four dice 6) = 15/6* + (1/6)* = 16/6*. Also, P(at least
three dice 6) = P(three dice 6)+ P(four dice 6) = 20/6* +1/6* = 21/6*. Hence,
the conditional probability equals (16/6%) / (21/6) = 16/21 = 0.762.

1.5.2

(a) This probability equals P(one head, and die shows 1) + P(two heads, and
die shows 2) = (%)(1/2)%(1/6) + (3)(1/2)2(1/6) = 1/12 + 1/24 = 1/8.

(b) This probability equals P(one head, and die shows 1) / P(die shows 1) =
(1/12) /(1/6) = 1/2. (This makes sense since it is the same as the probability
that the number of heads equals 1.)

(c) Tt is larger, since the die showing 1 makes it much easier for the number of
heads to equal the number showing on the die.

1.5.3

(a) This probability equals (1/2)% = 1/8.

(b) Here P(number of heads odd) = P(one head)+P(three heads) = (?)(1/2)3+
(g)(l/?)?’ = 4/8 = 1/2. Also P(number of heads odd, and all three coins
heads) = P(all three coins heads) = (1/2)3 = 1/8. Hence, desired conditional
probability equals (1/8) /(1/2) = 1/4.

(c) Here P(number of heads even) = P(0 heads) + P(two heads) = (g)(1/2)3 +
(3)(1/2)3 = 4/8 = 1/2. Also P(number of heads even, and all three coins
heads) = 0 since this is impossible. Hence, desired conditional probability
equals 0/(1/2) = 0.

1.5.4 P(five Spades) = (153) / (552) = 33/66640. Also, P(four Spades) =

('HE/ (552) = 143/13328. Hence, P(five Spades | at least 4 Spades) =
P(five Spades) / P(four Spades) + P(five Spades) = (33/66640) / [(143/13328) +

(33/66640)] = 3/68 = 0.044.
1.5.5 This probability equals P(four Aces) / P(four Aces) = 1.
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1.5.6 This probability equals (1) (3)° / (%) = 0.54318.

1.5.7 This equals P(home run | fastball) P(fastball) + P(home run | curve ball) x
P(curve ball) = (8%)(80%) + (5%)(20%) = (0.08)(0.80) + (0.05)(0.20) = 0.074.

1.5.8 By Bayes’ Theorem, P(snow |accident) = [P(snow) / P(accident)]x
P(accident | snow) = [0.20/0.10] (0.40) = 0.80.

1.5.9 Here P(A) = 1/6, P(B) = 1/36, P(C) = 1/6, and P(D) = 1/6.

(a) P(AN B) = P(both dice show 6) =1/36 # (1/6)(1/36) = P(A) P(B), so A
and B are not independent.

(b) P(ANC) = P(both dice show 4) = 1/36 = (1/6)(1/6) = P(A) P(C), so A
and C are independent.

(¢) P(AN D) = P(both dice show 4) = 1/36 = (1/6)(1/6) = P(A) P(D), so A
and D are independent.

(d) P(C N D)= P(both dice show 4) =1/36 = (1/6)(1/6) = P(C) P(D), so C
and D are independent.

(e) P(ANC N D) = P(both dice show 4) =1/36 # (1/6)(1/6)(1/6) =

P(A) P(C)P(D), so A and C and D are not all independent. (Thus, A and C
and D are pairwise independent, but not independent.)

1.5.10 We have from the Exercise 1.4.11 solution that P(all red) = 5/4488,
while P(all blue) = 35/816. Hence, P(all red | all same color) = P(all red) / P(all
same color) = (5/4488)/[(5/4488) + (35/816)] = 2/79 = 0.025.

1.5.11
(a) The number showing on the die must be greater than or equal to 3. Hence,
the probability that the number of heads equals 3 is

6 6
1
P(die =1 f heads = 3) - ————0.1667.
E (die = i, # of heads E 6()

=3 i=1
(b) The conditional probability is
. P(die = 5, # of heads =3)  31(3)% 5
P(die = 5|# of heads = 3) = : =882 — —
(die = 57# of heads = 3) P(# of heads = 3) 1/6 16
= 0.3125.

1.5.12
(a) Let D be the number showing on the die and J be the number of Jacks in

our hands. Then, the distribution of J given D = d is Hypergeometric
(52,4,d). Hence,

0 6 21 208
P(J=2)=> P(J=2[D=d)P(D=d) = Z 52 6= 2025 = 0-0233.
d=1 d=1 d

®©

() (5
(%)
P(D=31J=2)=P(D=3,J

)

-

(b) Since P(D =3,.J =2) = = 12/5525 = 0.002172,

1
6

2)/P(J = 2) = 1071/11492 = 0.093195.
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Problems

1.5.13

(a) P(red) = P(card #1)P(red|card #1) + P(card #2) P(red|card #2) +
P(card #3) P(red|card #3) = (1/3)(1) + (1/3)(0) + (1/3)(1/2) = 1/2.

(b) P(card #1|red) = P(card #1, red)/ P(red) = P(card #1) P(red|card
#1)/ P(red) = (1/3)(1) / (1/2) = 2/3. (Many people think the answer will be
1/2.)

(c) Make three cards as specified, and repeatedly run the experiment. Discard
all experiments where the one side showing is black. Of the experiments where
the one side showing is red, count the fraction where the other side is also red.
After many experiments, it should be close to 2/3.

1.5.14 Assume A and B are independent. Then since A N B and AN B are
disjoint with union B, P(A® N B) + P(AN B) = P(B). Hence, P(A° N B) =
P(B) - P(ANB) = P(B) - P(A) P(B) = P(B)[1— P(A)] = P(B) P(A®). So,
A% and B are independent. The converse then follows by interchanging A and
A€ throughout.

1.5.15 If P(A|B) > P(A), then P(AN B)/P(B) > P(A), so P(ANB) >
P(A)P(B), so P(ANB)/P(A) > P(B), so P(B|A) > P(B). The converse
follows by interchanging A and B throughout.

Challenges

1.5.16 Let ¢; be the probability that the sum of the second and third dice
(to be called the “other dice”) equals i. Then the desired probability equals
P(first die 4, sum of three dice 12) / P(sum of three dice 12) = P(first die
4, sum of other dice 8)/ Z?:1 P(first die ¢, sum of other dice 12 — i) =
(1/6)gs / > (1/6) qio—i = as/ ;1505 = (5/36) /[(5/36)+(6/36)+(5/36)+
(4/36) + (3/36) + (2/36)] = 5/[6+6+5+4+3+2] = 5/25.

1.5.17

(a) This probability is equal to P(sum is 4 |sum is 4 or 7) = (3/36) /[(3/36) +
(6/36)] = 3/9 = 1/3.

(b) p2 = p3 = p12 =0, and p; = p1; = 1. Also py = 1/3 from part (a). For
other ¢, let ¢; = P(sum is ¢) as in the previous solution. Then p; = P(sum
is i[sum is ¢ or 7) = ¢; /g + (6/36)] = ¢i/la: + (1/6)] = 1/[1 + (1/6¢:)].
Thus, ps = 1/[1+ (1/6(4/36))] = 2/5, po = 1/ [1 + (1/6(5/36))] = 5/11,
ps =1/[1+(1/6(5/36))] = 5/11, pg = 1/[1 + (1/6(4/36))] = 2/5, and p;0 =
1/[1+(1/6(3/36))] =1/3.

(¢) By the law of total probability, the probability of winning at craps is
S22, P(first sum 7) P(win | first sum ) = 312 gipi = (1/36)(0) + (2/36)(0) +
(3/36)(1/3)+(4/36)(2/5)+(5/36)(5/11)+(6/36)(1)+(5/36)(5/11)+(4/36)(2/5)+
(3/36)(1/3) 4+ (2/36)(1) 4+ (1/36)(0) = 244/495 = 0.492929. This is just barely
less than 50%; but that “barely less” is still enough to ensure that, if you play
craps repeatedly, then eventually you will lose money (and the casino will get
rich).
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1.5.18

(a) Since you chose door A, the host will always open either door B or door
C. Without any further information, those two events are equally likely, i.e.,
P(host opens B) = P(host opens C) = 1/2. Also, the car was originally equally
likely to be behind any of the three doors, so P(car behind A) = P(car behind
B) = P(car behind C) = 1/3. Also, if the car is actually behind A, then the host
had a choice of opening door B or C, so P(host opens B |car behind A) = 1/2.
Then by Bayes’ Theorem P(win if don’t switch | host opens B) = P(car behind
A | host opens B) = [P(car behind A) / P(host opens B)] P(host opens B |car
behind A) = [(1/3) / (1/2)] (1/2) = 1/3. So, if you don’t switch, then only 1/3 of
the time will you win the car. (This makes sense if you consider that originally,
you had 1/3 chance of guessing the correct door. When the host opens another
door it may change the probabilities of the other doors concealing the car, but
it won’t change the probability that you guessed right in the first place, which
is still 1/3.)

(b) If the car is actually behind C, then the host had to open door B, so P(host
opens B|car behind C) = 1. Then P(win if switch |host opens B) = P(car
behind C|host opens B) = [P(car behind C) / P(host opens B)] P(host opens
B| car behind C) = [(1/3) /(1/2)] (1) = 2/3. (This makes sense since we must
have P(win if don’t switch | host opens B)+ P(win if switch | host opens B) = 1.)

(c) Many people find this very surprising. To do an experiment, hide a pebble
under one of three cups (say), let a volunteer guess one cup, then reveal an
unselected non-pebbled cup, and give a volunteer the option to switch to the
other cup or stick with the original cup. Do this repeatedly, and compute what
fraction of the time they win if they do or do not switch.

(d) In this case, we would instead have P(host opens B | car behind C) = 1. Also,
we would have P(host opens B) = P(host opens B, car behind A)+ P(host opens
B, car behind C) = 1/3+1/3 = 2/3. So, in this case, P(win if don’t switch | host
opens B) = P(car behind A |host opens B) = [P(car behind A) / P(host opens
B)] P(host opens B|car behind A) = [(1/3)/(2/3)](1) = 1/2. Also, P(win
if switch|host opens B) = P(car behind C|host opens B) = [P(car behind
C) / P(host opens B)] P(host opens B | car behind C) = [(1/3) / (2/3)] (1) = 1/2.
So in this case, it doesn’t matter if you switch or not.

(e) This is a standard conditional probability calculation. We have P(win if
don’t switch | car not behind B) = P(car behind A | car not behind B) = P(car
behind A, car not behind B) / P(car not behind B) = (1/3) / (2/3) = 1/2. Simi-
larly, P(win if switch | car not behind B) = P(car behind C | car not behind B) =
P(car behind C, car not behind B) / P(car not behind B) = (1/3) /(2/3) = 1/2.
So in this case also, it doesn’t matter if you switch or not. (When the original
Monty Hall problem was first proposed, many people incorrectly interpreted it
as this case, leading to confusion over whether the correct answer was 1/3 or

1/2.)
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1.6 Continuity of P

Exercises

1.6.1 For the first way, let A, = {2,4,6,...,2n}. Then by finite additivity,
P(A,) = P2Q)+P(4)+ -+ P2n) =272 4274 4 . +272 = (1/4)[1 —
1/ /11— (1/4)]) = (1/3)[1 — (1/4)"]. But also {A4,,} " A. Hence, P(A) =
limy, 00 P(4,) = lim,—(1/3)[1 — (1/4)"] = 1/3. For the second way, by
countable additivity, P(A) = P(2) + P(4) + P(6) +---+=2"2+271 4+ 276 4
c 2720 = (1/4) /[1 = (1/4)] = 1/3.

1.6.2 Let A, = [1/4, 1 —e™"]. Then {A,} / A, where A =[1/4, 1). Hence,
lim;, o0 P([1/4a 1- ean = lim, . P(An> = P(A) = P([1/47 1)) =1- 1/4 =
3/4.

1.6.3 Let A, = {1,2,...,n}. Then {A,} / A, where A = {1,2,3,...} = S.
Hence, lim,, ,o, P(4,) = P(A) = P(S) = 1.

1.6.4 The event of the interest is {0} = [0,0] = (\,—,[0,8/(4 + n)]. Theorem
1.6.1 implies P({0}) = lim,, .o P([0,8/(4+n)]) = lim, o (2+€e7™)/6 =2/6 =
1/3.

1.6.5 The event {0} is the complement of (0, 1] which can be represented as
(0,1] = U;Z;[1/n, 1]. Using Theorem 1.6.1, we have

P((0,1]) = lim P([1/n,1]) = lim 0=0.

Thus, P({0}) = P([0,1]) — P((0,1]) =1 — 0 = 1.

1.6.6
(a) Note [1/n,1/2] C (0,1/2) for all n > 1. Monotonicity of a probability
measure (see Corollary 1.3.1) and Theorem 1.6.1 imply

P((0,1/2]) = lim P([1/n,1/2]) < lim 1/3=1/3.

(b) Suppose P({0}) = 2/3 and P({1/2}) = 1/3. Then, P([1/n,1/2]) = P({1/2})
=1/3<1/3 forn =1,2,.... However, P([0,1/2]) = P({0,1/2}) =1 > 1/3.
Hence, P([0,1/2]) < 1/3 does not hold.

1.6.7 Suppose that there is no n such that P([0,n]) > 0.9. Note [0,m] C
[0,n] whenever 0 < m < n and [0,00) = (J;—,[0,n]. Theorem 1.6.1 implies
1= P([0,00)) = lim,,—00 P([0,n]) < 0.9. It makes a contradiction. Hence, there
must exist a number N > 0 such that P([0,n]) > 0.9 for all n > N.

1.6.8 Suppose that P([1/n,1/2]) < 1/4 for all n. Note (0,1/2] = J,—[1/n,1/2].
Theorem 1.6.1 implies 1/3 = P((0,1/2]) = lim, o P([1/n,1/2]) < 1/4. Tt

makes a contradiction. Hence, there must exist N > 0 such that P([1/n,1/2]) >

1/4 for all m > N.

1.6.9If P((0,1/2]) > 1/4, then there must be a number n such that P([1/n,1/2])
> 1/4. Otherwise, i.e. P((0,1/2]) < 1/4, P([1/n,1/2]) < P((0,1/2]) < 1/4 for
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all n > 0. Unfortunately, P([0,1/2]) = 1/3 doesn’t guarantee P((0,1/2]) > 1/4.
For example, a probability measure having P({0}) = 1/3 and P({1}) = 2/3 also
satisfies P([0,1/2]) = P({0}) = 1/3 but P([1/n,1/2]) =0 < 1/4 for all n > 0.

Problems

1.6.10

(a) Let A, = (0, 1/n). Then {A4,} \, A, where A = () is the empty set. Hence,
lim,, .o P(A,) (A)=P(0) =0.

(b) Suppose P({0}) = 1, so that P puts all of the probability at the single value
0. Then P([0,1/n)) = 1 for all n, so lim,_,o, P([0,1/n)) = 1 > 0. (However,
here P((0,1/n)) = 0 for all n.)

Challenges

1.6.11 Let Ay, A, A, ... be disjoint, and let B = (J,2; A,. We must prove
that °°° | P(A,) = P(B). Well, let B, = A; UAyU---U A,. Then P(B,) =
P(A;) + P(As) + --- + P(A,) by finite additivity. Also, B, C Bj,11, and
U,, Bn = B, so that {B,} /" B. It follows that limy_,.. P(By) = P(B). But
limpy— oo P(BN) = th—»oo[P(Al) + P(Ag + -4 P(AN)] =

limy oo Y2, P(A,) = Y07, P(A,). So, Y50, P(A,) = P(B).



Chapter 2

Random Variables and
Distributions

2.1 Random Variables

Exercises

2.1.1

(a) minges X(s) = X(1) =1 since X(s) > 1 for all other s € S.

(b) maxses X (s) does not exist since limg_, oo X (s) = 0o but X (s) # oo for all
seS.

(¢) minges Y(s) does not exist since lims oo Y(s) = 0 but Y(s) # 0 for all
seS.

(d) maxses Y (s) =Y (1) =1 since Y (s) < 1 for all other s € S.

2.1.2

a) No, since X (low) > Y (low).

b) No, since X (low) > Y (low).

¢) No, since Y (middle) = Z(middle).
d) Yes, since Y (s) < Z(s) for all s € S.

(e) No, since X (middle) Y (middle) = Z(middle).

(f) Yes, since X (middle) Y (middle) < Z(middle) for all s € S.

2.1.3

(a) For example, let X(s) = s and Y(s) = s% for all s € S.

(b) For the above example, Z(1) = X(1)+Y(1)? = 1 +1% = 2, Z(2) =
X(@2)+Y(2? =244 = 18 Z(3) = X(3) + Y(3)2 = 3+ 97 = 84, Z(4) =
X(4) +Y(4)2 = 4+ 162 = 260, and Z(5) = X(5) + Y (5)2 = 5 + 252 = 630.
2.1.4 Here Z(1) = X(1) Y (1) = (1)(13 +2) = 3, Z(2) = X(2) Y(2) = (2)(2% +
2) =20, Z(3) = X(3)Y(3) = (3)(3° +2) = 87, Z(4) = X(4)Y(4) = (H)(4° +
2) = 264, Z(5) = X(5)Y(5) = (5)(5° +2) = 635, and Z(6) = X(6)Y (6) =
(6)(6% + 2) = 1308.

13
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2.1.5 Yes, X is an indicator function of the event AN B, i.e., X = [4np.

2.1.6

(a) By the definition, W (1) = X(1) + Y (1) + Z(1) = I;123(1) + I12,5(1) +
1{374}<1) =14+0+0=1.

(b) By the definition, W(2) = X(2) +Y(2) + Z(2) = I{1,93(2) + I{2,53(2) +
(c) By the definition, W(4) = X(4) + Y(4) + Z(4) = I112y(4) + I1233(4) +
I{374}(4) =0+0+1=1

(d) Note that I4 > 0. Thus, I4(s) > 0 for all s € S. Then, W(s) = X(s) +
Y(s) 4+ Z(s) = I{1,23(s) + If2,3y(s) + Z(s) > Z(s) for all s € S. Therefore,
W > Z.

?111 %“i deiition, V(1) = X(1) =Y (1)+ Z) = Ty ()~ Loy () + .y (1) =
(0) B defnition I (2) = X(2) =Y (2)+ 2(2) = 101 2) ~T(a) (2) 1121 2) =
(©) By defmition. W(3) = X(3)— ¥(3) 4 Z(3) — I13(3) — T1a.5)(3) + T10y(3) =
(()d; 11n+(c0): I/I;(l?;) — 1 but Z(3) = 0. Hence W > Z is not true.

(a) By definition W(1) = X(1) - Y(1)+ Z(1)=1-0+0=1.

(b) By definition W(2) = X(2) - Y(2)+ Z(2)=1-1+0=0.

(c) By definition W(5) = X(5) - Y(5) + Z(5) =0—-0+1=1.

(d) Suppose that A ¢ B € S. We will show that I4 — Ig = I[4_p. For all
s € A% T1a(s) = Ip(s) = Ia_p(s) = 0. Hence I4(s) — Ip(s) =0 = I4_p(s).
For all s € B, I4(s) = Ig(s) =1 and I4_p(s) = 0. Thus, Ia(s) — Ig(s) =
0 = I4—p(s). Finally, for s € A — B, I4(s) = Ia_p(s) = 1 and Ip(s) = 0.
Hence, I4(s) —Ip(s) =1=1Ia_p(s). Since {1,2} C {1,2,3}, we have X —Y =
1{11’273}5T It1 2y = Itsy > 0. Therefore W(s) = X(s) — Y (s) + Z(s) > Z(s) for
all s e S.

2.1.9

(a) By definition, Y (1) = 12X (1) = 1.
(b) By definition, Y (2) = 22X (2) = 4.
(c) By definition, Y (4) = 42X (4) =0

Problems

2.1.10

(a) No, we could have X (s) < 0 for some s € S.

(b) No, if S is infinite, then it could be that for all ¢ there is some s € S with
X(s) < ¢, so that X(s) + ¢ <0.

(c) Yes, if S is finite, then we can take ¢ = —mingeg X(s) < oo and then
X(s)+c>0forallsesS.

2.1.11 No, if S is finite, then maxscg|X(s)| must be finite, so X must be
bounded.
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2.1.12 Yes, then X = I4, where A= {s € S; X(s) =1}.

2.1.13 If |S| = m, then the number of subsets of S is 2™ (since each s € S can
be either included or not). Since subsets are in one-to-one correspondence with
indicator functions, this means there are 2" indicator functions as well.

2.1.14 No, if X(s) < 0 for some s € S, then Y (s) = /X (s) is undefined (or,
at least, not a real number), so Y is not a random variable.

2.2 Distributions of Random Variables

Exercises

2.2.1 Clearly, X must equal 0, 1, or 2. Also, X = 0 if and only if the coins
are both tails, which has probability (1/2)? = 1/4. Similarly, X = 2 if and only
if the coins are both heads, which also has probability (1/2)? = 1/4. Hence,
P(X=0=P(X=2)=1/4and P(X =1)=1-P(X =0)-P(X =2)=1/2,
with P(X =z) =0 for  # 0,1, 2.

2.2.2

(a) Clearly, P(X = z) =0 for x # 0,1,2,3. For = € {0,1,2,3}, there are (i)
ways we could end up with z heads, and each has probability (1/2)3 = 1/8.
Hence, P(X = z) = (i) /8 for x =0,1,2,3, so that P(X =0) = P(X =3) =
1/8,and P(X =1) = P(X =2) =3/8.

(b) Here P(X € B) = (1/8)Ip(0) + (3/8)Ir(1) + (3/8)Ip(2) + (1/8)Ir(3).

2.2.3
(a) Here P(Y =1y) =0 for y # 2,3,4,5,6,7,8,9,10,11,12. For

y€{2,3,4,5,6,7,8,9,10,11,12}

P(Y = y) equals the number of ways the two dice can add up to y, divided by
36. Thus, P(Y =2)=1/36, P(Y =3)=2/36, P(Y =4) =3/36, P(Y =5) =
4/36, P(Y =6) =5/36, P(Y =7) =6/36, P(Y =8) =5/36, P(Y =9) = 4/36,
P(Y =10) =3/36, P(Y =11) = 2/36, and P(Y = 12) = 1/36.

(b) Here

P(Y € B) =(1/36)15(2) + (2/36)I5(3) + (3/36)I5(4) + (4/36)I15(5)
+(5/36)1(6) + (6/36)I5(7) + (5/36)I5(8) + (4/36)I5(9)
+(3/36)I5(10) + (2/36)Ip(11) + (1/36)I5(12).

2.2.4 Here P(Z = z) =1/6 for z =1,2,3,4,5,6. Hence:

(a) PW = w) = 1/6 for w = 5,12,31,68,129,220, with P(W = w) = 0
otherwise.

(b) P(V =w) = 1/6 for v = 1,/2,v/3,2,/5,6, with P(V = v) = 0 otherwise.
(c) P(ZW = x) = 1/6 for w = 5,24,93,272,645,1320, with P(ZW = z) = 0
otherwise.

(d) P(VIW =y) = 1/6 for y = 5,12v/2,311/3, 136, 129v/5, 220/6, with P(VW =
y) = 0 otherwise.
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(e) P(V+W =1r) =1/6 for r = 6,12 4+ /2,31 +/3,72,129 + /5,220 + /6,
with P(V + W =r) = 0 otherwise.

2.2.5
(a) P(X=1)=3,P(X =2)=.2,P(X =3) = .5, and P(X =2z) =0 for all
x ¢ {1,2,3}.

(b) P(Y =1) = .3,P(Y = 2) = 2,P(Y = 3) = .5, and P(Y = y) = 0 for all
y ¢{1,2 3}

(c) P(W = 2) = (.3)> = 0.09, P(W = 3) = 2(.3)(.2) = 0.12, P(W = 4) =
(:2)* + (3)(5):034 P(W =5)=2(2)(5)=0.2,P(W=6)=(5>=025
and P(W = w) = 0 for all other choices of w.

2.2.6

(a) P(X = z) = 4/52 = 1/13 for z € {1,2,...,13} and P(X = z) = 0
otherwise.

(b) P(Y =y) =13/52=1/4 for y € {1,2,3,4} and P(Y = y) = 0 otherwise.
(c) PW =2)=PX =1Y =1) =1/52, P(W =3) = P(X = 1Y =
9) + P(X =2,Y = 1) = 2/52, P(W = 4) = 3/52, P(W = 5) = 4/52, P(W
6) = 4/52, P(W = T) = 4/52, P(W = 8) = 4/52, P(W = 9) = 4/52, P(W =
10) = 4/52, P(W = 11) = 4/52, P(W = 12) = 4/52, P(W = 13) = 4/52, and
P(W = 14) = 4/52, P(W = 15) = 3/52, P(W = 16) = 2/52, P(W = 17) =
1/52.

2.2.7 P(X = 25) = 45, P(X = 30) = .55, and P(X = z) = 0 otherwise.
2.2.8 Note that each number w € {0,1,...,99} can occur and
P(W =w)=P(Xy=|w/10],X; = w — 10 |w/10]) = (1/10)* = 1/100.

Problem

2.2.9 Note that each number w € {0,1,....99} \ {0,11,22,...,99} can occur
and so

P(W =w)=P(Xy=|w/10],X; = w— 10 [w/10]) = (1/10) (1/9) = 1/90.
Challenges

2.2.10 Clearly, P(Z = z) = 0 unless z € {5, —4,...,2,3}, in which case

P(Z=2)= Z P(X=x,Y=y)

b9y, USY I,

> (2)(1/2)3(2)0/2)5

0<z<3, 0<y<5, z—y==

-2 G0)
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Hence,
P(Z=3)= (1/2)8@) (f}) =1/2°
rz=2-0r2°|(5) (1) + () ()] -2
rz=n-arr [ )+ )0+ () )
P(Z =0) = (1/2)} @ 2) (2) ;) * @ ?>
8 n +

+
o [0 - Q0

re=a - () ()

e () ()

o= [()0)- ()]
) =(1/2)

2.3 Discrete Distributions

Exercises

2.3.1 Here py(2) = 1/36, py (3) = 2/36, py (4) = 3/36, py (5)
5/367 pY(7) = 6/367 pY(S) = 5/367 pY(9) = 4/367 py(lO) =

2/36, and py (12) = 1/36, with py (y) = 0 otherwise.

2.3.2
(a) pz(1) = ( ) =1/2, with pz(z) = 0 otherwise.

(b) pw (2) = pw (12) = 1/2, with pyw (w) = 0 otherwise.
2.3.3 Her pz( ) =pz(5) = 1/4, with pz(0) = 1/4+1/4 =1/2 and pz(z)

otherwis
2.3.4

(a) pz(0) = pz(2) = 1/4, with pz(1) = 1/4+1/4 = 1/2

otherwise.

(b) pw (1) = 1/4, with py(0) = 1/44+1/4+1/4 = 3/4 and pw (w) =

2/36, pw(4) =
1/36 = 3/36, pw(5) = 2/36, pw(6) = 2/36 + 2/36 = 4/36, pw(3)
pr(9) = 136, puw (10) = 2/36, pry(12) = 2/36 + 236 = 4/36, py-(15) =
pw (16) = 1/36, pw (18) = 2/36, pw(20) = 2/36, pw(24)
1/36, pw (30) = 2/36, and py (36) = 1/36, with py (w) =

2.3.5 Here pw (1) = 1/36, pw(2) = 2/36, pw(3) =

= 4/367 pY<6)
3/36, py(11)

17

=0

and pz(z) = 0

2/36 +
= 2/36,
2/36,
= 2/36, pw(25) =
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_o\5__(1_.\10
2.3.6 P(5< 2 <9)= Y0 _;(1—p)*p=pltgistl = (1—p)° — (1—p)*°

2.3.7 Here P(X = 11) = ({3)p'*(1 — p)' = 12p*' (1 — p). This has derivative
12-11p'0(1 — p) — 12p't, which equals 0 if either p = 0, or 11(1 — p) = p whence
p=11/12. We see that p = 11/12 maximizes P(X = 11).

2.3.8 Here P(W = 11) = e *A! /11!, This is maximized when e *\!! is
maximized. This has derivative —e™*A! + e=*11 A0, which equals 0 if either
A =0, or A =11. We see that A = 11 maximizes P(W = 11).

2.3.9
P(Z<2)=P(Z=0)+P(Z=1)+P(Z=2)

= @ (1/4)%(1 —1/4)° + (i’) (1/4)%(1 —1/4)*

+(5) arara -1y
= 1/4% +9/4* + 54/4° = 53 /512

2.3.10

P(X? <15) = P(X <V/15) = P(X < 3) :ip(x:

(1—1/5)(1/5) = %(1/5) — 369/625

2.3.11 P(Y =10) = (;0)p'°(1 — p)'0710 = p!©
23.12py(y) =P(Y =y)=P(X-T=y)=P(X =y+7) = e N7/ (y+7)!
for y = —7,—6,—5, ..., with py (y) = 0 otherwise.

2.3.13 px(3) = (;) (*)/(%) = 0.35759 and P(X = 8) = 0 since there are only
seven elements in the population with the label in question.

2.3.14

(a) Binomial(20,2/3).

b) P(X =5) = () (2/3)° (1/3)"° = 1.4229 x 10~
)

TTMw

==
o o

(
2.3.15

(a) (1) (.35)° (.65)7:0.25222.

(b) (.35) (.6 ) = 7.2492 x 1073,

(¢) (9) (:35)*(.65)° = 3.5131 x 10~2.

2.3.16
(a) (%) (4/9)° (5/9)"° = 0.14585.
(b) (4/9) (5/9)14 = 1.1858 x 1074
(e) ()

¢) (1) (4/9)° (5/9)"° = 4.861793 x 1072

3.
)

c)
3.
)
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(a) Hypergeometric(9, 4, 2) .
(b) Hypergeometric(9, 5, 2) .

a) P(X =5) = ((2 -2)° /5!) exp {—2- 2} = 0.15629.

(
(b) P(X =5,Y =5) = P(X =5)P(Y = 5) = (0.15629) = 2.4427 x 102
(c) P(X =0) = (2-10) exp {—2 - 10} = 2.0612 x 10~°.

2.3.19 The number of black balls observed is distributed Binomial(100, 1/1000) .
Then

(100/1000)°
5!

2.3.20 This is the probability that the test fails 4 times and passes on the fifth
test, so this probability is (1/3) (2/3)" = 6.5844 x 10~2.

Computer Exercises

2.3.21 The tabulation is given by
0 0.000357

0.009526

0.075018

0.240057

0.350083

0.240057

0.075018

0.009526

0.000357

and the plot is as below.

P(X =5)~ exp {—100/1000} = 7.5403 x 1078,

00 O Ui Wi
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The Binomial(30,.7) probability function is plotted below.

We have that
(Z)pm (1-p)" " = ( - ) (1—p)" " (1—(1-p)".

n—=

Problems

2.3.23

(a) py(y) = 27V¥ for y = 1,4,9,16,25, ... (i.e., for y a positive perfect square),
with py (y) = 0 otherwise.

(b) pz(z) = 27*71 for 2 = 0,1,2,..., with pz(z) = 0 otherwise. Hence, Z ~
Geometric(1/2).

2.3.24 Here Z ~ Binomial(ny 4+ ng,p). This is because X corresponds to the
number of heads on the first 71 coins (where each coin has probability p of being
heads), and Y corresponds to the number of heads on the next ng coins, so Z
corresponds to the number of heads on the first n; 4+ no coins.

2.3.25 Z ~ Negative Binomial(2,6) since X 4+ Y is equal to the number of
tails until the second head is observed in independent tosses with heads oc-
curring with probability . With r coins the sum will be distributed Negative
Binomial(r, 6) .

2.3.26
00 Y
P(X<Y) ZPX<y )Y = (Zela—al)x)az(l—ez)y
y=0 \z=0
=3 (- =) 0 (1= 0) =1 =02 (1= 01) Y (1= 01)" (1= 02)°
y=0 y=0
L 62(1-6)

1—(1—61)(1—62)
This is the probability that, in tossing two coins that have probability #; and
05 of yielding a head respectively, the first head occurs on the first coin.
2.3.27 limy, oo P(X < n) =limp—oo 1 — (1= A/n)" ' =1 -,
2.3.28 Z ~ Negative Binomial(r 4 s,0) since X + Y is equal to the number

of tails until the (r + s)th head is observed in independent tosses with heads
occurring with probability 6.
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2.3.29 The probability is (/")

max {0,n — (N — M)} S f S 1n{M1,n}

max {0,n — (N — M)} < f2 § min { My, n},

max {0,n — (M7 + M)} < min {N — M; — Ma,n},
and f1 + fo+ fs =n.

f3

(Mz) (1\7—1‘/11—]”12)/(17\5)7 provided

21

2.3.30 P(T >t) = P (no units arrive in (0,¢]) = ((/\t)O /O!) exp {—At}.

2.4 Continuous Distributions

Exercises

2.4.1

(a) P(U < 0) = 0.

(b) P(U = 1/2) = 0.

(c) P(U < —1/3) = 0.

(d) P(U <2/3)=2/3

(e) P(U < 2/3) = 2/3

(f) P(U < 1) =

(g) P(U<17) =1

2.4.2

(a) P(W > 5) = 0.

(b) P(W >2) = 2/3.

(c) P(W? < 9) = P(W < 3) = 2/3.
(d) PW? <2)=P(W <+2)=(vV2-1)/3
2.4.3

(a) P(Z >5)=e2

(b) P(Z > —5) = 1.

(¢) P(Z2>9) = P(Z >3) = e 12,
(d) P(Z4 —17 > 9) = P(Z* > 26) = P(Z > (26)'/4) = 420",
2.4.

(a) 1= fol cxdr =c/2s0c=2.

(b

4
1
)1:folcx"dac:c/(n+1) soc=mn+1.
1
1

.6 Let F(z) = P(0 < X < z) for € [0,00). Then, F(x
—3y|’l/ T __ =1— —3x.
PO< X <1)=F(1)=1-e3=0.9502L
P0< X <3)=F(3)=1— e = 0.99988.
P0< X <5)=F(5)=1-e"1 =0.9999997.

(‘b

A
~ /v

(c

fo 3e 3dy =
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(d) P2 < X <5 =P0< X <5 —-P0< X <2)=F®5)-F(Q2) =
l—e B —(1-e % =e%1-e9) =0.00247845. (e) P(2 < X < 10) = P(0 <
X <10)-P(0< X <2)=F(10)-F(2) =1-e 3 —(1-e %) =e5(1-e"2) =
0.00247875. (f) P(X >2)=1-P(0 < X <2)=1-F(2) = e % = 0.00247852.

2.4.7 To be a density function, f must satisfy f > 0 and fOM f(x)dx = 1. The
first condition is equivalent to ¢ > 0. The second condition is

M M 23 z=M
1:/ f(x)da::c/ 2ide = c— = cM3/3.
0 0 3 la=0

Hence, the constant is ¢ = 3/M3.

2.4.8 The probability P(0.3 < X < 0.4) is

0.4 0.4
P03 <X <04) = (z)dz > / 2da = 2x°=05 = 2(0.4 — 0.3) = 0.2.
0.3 0.3

2.4.9 By the definition of a density,
2 2
Pl<X<2)= / f(z)dz > / glx)de =P(1 <Y <2).
1 1
Suppose P(1 < X < 2) = P(1 <Y <2). Then,
2
0:P(1<X<2)—P(1<Y<2):/ (f(z) — g(z))dx
1

implies f(xz) = g(x) for almost everywhere on (1,2). It contradicts to the
assumption f(z) > g(z). Hence, we must have P(1 < X <2) > P(1 <Y < 2).

2.4.10 Suppose X takes values on (1,2) and f(z) > g(z) for all z € (1,2).
Then, P(1 < X <2)=P(1 <Y <2)=1 but, from Exercise 2.4.9, P(1 < X <
2) > P(1 <Y < 2)=1 and this is a contradiction. Hence, f(z) > g(z) for all
x is impossible.

2.4.11 Let ¢ = sup, (1 9y f(y). Then, f(z) > c> f(y) forall0 <z <1<y <2
Hence, PO < X < 1) = fol f(x)dx > fol cdr = ¢ > ff fly)dy=P(1 < X <2).
Note that f(z)— f(zr+1) >0forall0<z< 1. fPO<X <1)=P1l< X<
2), then fol fl) = fl(e+1)de=P0< X <1)—P(1 <X <2)=0. Hence,
we get f(z) = f(x + 1) almost everywhere on (0,1) and this is a contradiction.
Thus, P(0 < X < 1) > P(1 < X < 2) holds.

2.4.12 Let f be a density function given by f(z) = 2/5ifz € (0,1), f(z) = 3/10
if x € (1,3) and 0 otherwise. Then, f satisfies f(z) = 2/5 > 3/10 = f(y)
whenever 0 < z < 1 <y < 3. However, P(0 < X < 1) = fol 2/bdx = 2/5 <
3/5= [3/10dy = P(1 < X < 3). Therefore, P(0 < X < 1) > P(1 < X < 3)
doesn’t hold.
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2.4.13 The density of N(u,0?) is (2702)~ /2 exp(—(z — pu)?/(202?)).
3
PO <3)= [ m ey~ 02/2)dy
e
= / (2m) Y2 exp(—u?/2)du = P(X < 2).

Hence, P(Y < 3) = P(X < 2) < P(X < 3) by the monotonicity.
Problems

2414 P(Y —h>y|Y > h)=P(Y >y+h)/P(Y >y) = e ANuth) je= A =
e =P >y).
2.4.15
(a) Using integration by parts, I'(a+1) = [ t%e ™" dt = 0— [~ (at* ') (—e ") dt =
afCte et dt = al(a).
(b) I'(1) = fooo tetdt = (—e™t) .= 1.

t=
(¢c) We use induction on n. By part (b), the statement is true for n = 1. By
part (a), if the statement is true for n, then it is also true for n + 1.

t=o00

2.4.16 Using the substitution ¢t = 2%/2,

/O:O¢(:E)dx—2/oo¢(m)dx—2/oo\/%_ﬂezQ/de

2 1
) Hdt = —=271210(1/2) = 1
\/271'/ V27 2 (1/2)
since I'(1/2) = /7.
00 )\« a—1 —A\z o
2 4 17 Using the substltutlon t = Az, fo r)dr = [, ﬁe dr =

F(a) f()oo a—1 —Amdw — (a) f() t/)\ a 1 —t (1/>\> dt = ﬁfooota—l 67t dt =
F(a) Ia) =1.

2.4.18 We have that f (z) > 0 for every x and putting u = e~ %, du = —e " dx
we have [% e~ (1+ e‘””)f2 doe = [(°(1+ w P du=—(1+ u)_l)o =1.
2.4.19 We have that f (x) > 0 for every = and putting u = 2%, du = az® ' dx
we have [Tz le ™ do = [[Tetdu= —e"|) =1

2.4.20 We have that f (z) > 0 for every z, and we have fo (1+2) " de =
—(1+z)™ " .= 1.

2.4.21 We have that f(z) > 0 for every z, and we have [

7 arctanz|Z = 2 (5 - (37)) =

) 7r(1+x2) dr =
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2.4.22 We have that f (z) > 0 for every z, and we have

< q | |
/_OO ie_lw‘ da::/o 56_Idx+/—oo §ewda:

1 1/ o 11

=5 +3 (@) =5+ -1

2.4.23 We have that f (z) > 0 for every z, and we have [~ e "exp{—e "} dz =

exp{—e*} =1-0=1.

2.4.24

(a) We have that f (x) > 0 for every z, and fo (a, )z 1 (1 —2)" ' do =
B~(a,b)B(a,b) = 1.

(b) f(x)=1 for 0 < z < 1 and this is the Umform(O 1) distribution.

(c) f(x)= (21):10—( (2)T(1)/T3) 'z =2zfor0<a<1.

f
f
§d) f@)=B'1,2)(1-2)=COILQ)/LB) 'e=2(1—a)for0<az<
(e) f

( ) = B12,2)z(1—2) = (T(T(2)/T4) 2 = 62(1—=x) for 0 <

Challenges

2.4.25 The transformation v = © + y,v = x/u has inverse = uv,y = u(1 — v)
and therefore Jacobian

v u
det< l—v —u >‘—uv+u(1v)—l

so we have that

2.5 Cumulative Distribution Functions (cdfs)

Exercises

2.5.1 Properties (a) and (b) follow by inspection. Properties (c) and (d) follow
since Fx(z) =0 for z < 1, and Fx(z) =1 for z > 6.
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2.5.2

0 r<l1

1/6 1<z<4

2/6 4<x<9

Fx(z)=< 3/6 9<x <16
4/6 16 <x<25
5/6 25 <z < 36
1 36 <ux

Properties (a) and (b) follow by inspection. Properties (c¢) and (d) follow since
Fy(y) =0for y <1, and Fy(y) =1 for y > 36.

2.5.3

(a) No, since F(z) > 1 for > 1.

(b) Yes.

(c) Yes.

(d) No, since, e.g., F'(2) =4 > 1.

(e) Yes.

(f) Yes. (This distribution has mass 1/9 at the point 1.)
(g) No, since F(—1) > F(0) so F is not non-decreasing.
2.5.4

(a) P(X < —5) = &(—5) = 2.87 x 107

(b) P(—2< X <7)=®(7) — &(—2) = 0.977.

5.5 Here (Y + 8)/2 ~ Normal(0, 1). Hence:

) P(Y < —5) = P((Y+8)/2 < (—5+8)/2) = ®((~5+8)/2) = ®(3/2) = 0.933.
) P(-2<Y <7) = P((=2+8)/2 < (Y +8)/2 < (T+8)/2) = B((7+8)/2) -
B((~2 +8)/2) = B(15/2) — B(3) = 0.00135.

(0) P(Y > 3) = P((Y +8)/2 > (3+8)/2) = 1 - ®((3+8)/2) = 1 - D(11/2) =
1.90 x 1078,

2.5.6

(a) The fact p; > 0and F;(x) > 0foralli = 1,...,k implies G(z) = Zle piFi(z) >
¥  pi-0=0. Similarly, py +---+px = 1, p; > 0 and Fy(z) < 1 for all
i=1,...,k implies G(x) = Z;f:l piFi(z) < Z§:1 pi-1=1.

(b) Suppose y > z. Then, F;(y) > F;(z) for alli=1,... k.

lim G(z) = lggo ZpZFl(ac) = Zpl- wlingo Fi(z) = Zpi =1

Tr—00
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(d) Fori=1,...,k, lim;_,_o Fi(z) = 0. Thus,

wEmOOG —wggl sz 3 sz hm Fi(x sz 0=0.

2.5.7 By definition Fx(z) = P(X < z). Since Fx () is a continuous function,
P(X = z) = F(z) — limy_~, F(y) = 22 — limy_~, y*> = 22 — 2% = 0. Hence,
PX<z)=PX<z)—PX=2)=F()—-0=F(z). (a) P(X <1/3) =
P(X <1/3) = F(1/3) = (1/3)> = 1/9. (b) P(1/4 < X < 1/2) = P(X <
1/2) — P(X <1/4) = F(1/2) — F(1/4) = (1/2)? — (1/4)?> = 3/16. (c) P(2/5 <
X <4/5) =P(X <4/5)—P(X < < 2/5) = F(4/5) — F(2/5) = (4/5)% — (2/5)% =
12/25. (d) P(X < 0) = F(0) =0. (e) P(X < 1)= F(1) = 12 = 1. (f) Since
0<PX<-1)<PX<0)= ( ) =0, we have P(X < —1) = 0. (g) Since
1>PX<3)>PX<1)=FQ1)=1%=1, we have P(X < 3) = 1. (h)
P(X =3/7) = P(X <3/7) — P(X < 3/7) = F(3/7) — F(3/7) = 0.

2.5.8 The function Fy is continuous on (0,1/2) and (1/2,1). Hence, P(Y <
y) = lim, ~ P(Y < z) = lim, », Fy(z) = Fy(y) = P(Y < y) for all y €
(0,1/2) U (1/2,1). (a) P(1/3 <Y < 3/4) = P(Y <3/4) —PY <1/3) =
Fy(3/4) — Fy(1/3) = 1 — (1/3)3 = 26/27. (b) P(Y =1/3) = P(Y < 1/3) —
P(Y <1/3)=Fy(1/3)—Fy(1/3)=0. (¢) PY =1/2) =P(Y <1/2)-P(Y <
1/2) = Fy (12) —lim, 10 Fy (2) = 1 — (1/2)° = 7/8.

2.5.9

(b) The given F' doesn’t satisfy (a) and (c) in Theorem 2.3.2 because F(2) =
22 =4 > 1 and lim,_,o F(2) =4 > 1. Thus F can’t be a cumulative distribu-
tion function.
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0.2 4

0.6 4

F(x)

0.4 q

0.2 4

0oy ——-

(b) The given F doesn’t satisfy (b) and (c) in Theorem 2.3.2 because F(0) =
1> e ! = F(1) even though 0 < 1, lim, o F(z) = lim,; . e~% = 0. Hence,
Fis not a cumulative distribution function.

2.5.11

(a)

0.8

0.6

F(x)

0.4 4

0.z4

.04

i
o
-
[
w
-
w

(b) Since 0 < e * <1forz>0,0<F(z) <1forall z. On [0,00), F'(x
Hence, F is increasing on [0,00). lim, o F(z) = lim;_oo(l — %) =
lim,_,_o F(z) = 0. Hence, F is a cumulative distribution function.

2.5.12 The density of X is fx(z) = 3¢ 3%I(z > 0). Since X is defined on
[0,00), Fx(z) = P(X <z)=0for all z < 0. For z > 0,

xT xT
w):/ fx(y)dy:/ B¢ Wy = —e | L= —e T4 1=1-e
—oo 0

) >
1a d

y=0
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2.5.13
(a)

0.8 4

0.6

F(x)

0.4

0.2 4

0.0 4 E—

T T T T T T T
-0.2 0.0 0.2 0.4 0.6 0.8 10

(b) The function F' is non-decreasing in (a) and the range of F' is [0, 1]. Finally,
lim; .o F(z) = 0 and lim,_ o, F'(x) = 1. Hence, F is a valid cumulative
distribution function. (¢) P(X >4/5)=1-P(X <4/5)=1-F(4/5)=1-1=
0. P(—1< X <1/2) = P(X < 1/2) = P(X < —1) = lim, 1 F(z) — F(~1) =
3/4—-0=3/4. P(X =2/5) = P(X <2/5)—P(X < 2/5) = F(2/5) —
lim, -5 F(z) = 3/4—1/3 = 5/12. P(X = 4/5) = P(X < 4/5) — P(X <
4/5) = F(4/5) —lim, ~4/5 F(x) = 1—3/4 = 1/4. Besides, it is not hard to show
that P(X = 0) = 1/3. Hence, P(X € {1,2/5,4/5}) = 1/3+5/12+1/4 = 1,
that is,

1/3 if ¢ =0,
/12 ifz=2/5,

1/4  ifx=4/5,

0 otherwise.

PX=z)=

2.5.14

(a) For all z > 0, 0 < e=® < 1. Hence, 0 < G(x) < 1 for all x > 0. Since G'(x),
for z > 0, is non-negative, G is non-decreasing, i.e., G(z) > G(y) whenever
x > y. Finally, lim,—,_o G(z) = 0 and lim,; o G(2) = lim; 0o 1 — ™% =
1 —lim, .oce”™ = 1—0 = 1. Hence, GG is a valid cumulative distribution
function. (b) Since G is a continuous function, P(Y < y) = lim, ~, G(z) =
Gly). PY >4)=1-P(Y <4)=1-GA)=1-(1—e %) =¢16. P(~-1 <
Y <2)=P(Y <2)—P(Y < —1):G(2)—G(—1)—1—6_22—0:1—6_22
PY=0)=PY <0)—PY <0)=G(0)—G(0) =

2.5.15 Since G is continuous, lim, », G(y) = G(z). P(Z =z) = P(Z < z) —
P(Z <z) = H(z)-lim, . H(z) = (1/3)F(2)+(2/3)G(2)—(1/3) lim, . F(z)—
(2/3)limg, - G(z) = (1/3)(F(2) — lim,, - F(z)) + (2/3)(G(2) — G(2)) =
(1/3)P(X = z). We already showed that P(X = z) > 0 only if z € {0,2/5,4/5}
in Exercme 2.5.13.
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2.5. CUMULATIVE DISTRIBUTION FUNCTIONS (CDFS)

(a) P(Z > 4/5) = 1—P(Z < 4/5) = 1—H(4/5) = 1 (F(4/5)/3+2G(4/5)/3)
1—(1/342(1 — e~@/3?)/3) = 2e=(4/9% 3 = 0.3515. (b) P(—1 < Z < 1/2)
P(Z <1/2) - (Z < 1) =lim, /0 H(z) — H(=1) = (1/3)lim, »1» F(2)
(2/3)lim, 15 G(2) = ((1/3) - 0+ (2/3) - 0) = (1/3)(3/4) + (2/3)(1 — e~ /)
11/12 — 2¢=1/2/3 = 0.51231. (c) P(Z = 2/5) = P(Z < 2/5) — P(Z < 2/5)
) —
1
)

o+

H(2/5) =lim, ~9/5 H(z) = (1/3)F(2/5) + (2/3)G(2/5) — (1/3) lim, »9/5 F(2
(2/3)lim, a5 G(2) = (1/3)(3/4) + (2/3)(1 — e72/%) — (1/3)(1/3) — (2/3)(
e2/5) = 5/36 = 0.13889. (d) P(Z = 4/5) = P(Z < 4/5) — P(Z < 4/5
H(4/5) =lim, ~4/5 H(z) = (1/3)F(4/5) + (2/3)G(4/5) — (1/3) lim. »4/5 F(2)
(2/3)lim, ray5 G(2) = (1/3)14(2/3)(1—e~/2) = (1/3)(3/4) — (2/3)(1—e~*/?)
1/12 = 0.08333. (¢) P(Z = 0) = P(Z < 0)— P(Z < 0) = H(0)—lim, -0 H(2)
(1/3)F(0) + (2/3)G(0) — (1/3) lim. o F(z) — (2/3) lim; -0 G(2) = (1/3)(1/3)
(2/3)-0— (1/3)-0— (2/3)-0=1/9 = 0.11111. (f) P(Z = 1/2) = (1/3)P(X
1/2) = 0 since P(X = z) > 0 only if z € {0,2/5,4/5}.

+

Problems

2.5.16 Since F' is non-decreasing, lim, o |F'(2n) — F(n)| = lim,_,[F(2n) —
F(n)] = limp 00 F(2n) — limy, o0 Fi(n) =1 —1 = 0. (Hence, lim, - P(n <
X <2n) =0 for any X.)

2.5.17 Let X have cdf F, let A be the event {X < =z}, and let A,, be the
event {X < z+ %} Then A, 11 C A, and (), A, = A. Hence, {4,} \, 4,
so by continuity of probabilities, lim,,_,., P(4,) = P(A), i.e., lim, . P(X <
r+1)=P(X <uz),ie, limy oo F(z + ) = F(z).

2.5.18 Since F' is non-decreasing, then F' is continuous at a if and only if
F(a™) = F(a™). But the previous exercise shows F(a™) = F(a). Hence, F is
continuous at a if and only if F(a) = F(a™), i.e., F(a) — F(a~) = 0. The result
follows since P(X = a) = F(a) — F(a™).

2.5.19 Note that gZ)( ) ¢(x). Hence, using the substitution s = —t, we
have ®(—z) = [ ¢(t)dt = — [° ¢(s) (—ds) = [° ¢(s) ds = ®(00) — ®(z) =
1- <I>(x)
2.5.20 F(z) = [* e (1+e?) 2de=(1+e") "
2.5.21 F(z) = [ az® texp{—2°} dz =1 — exp {—a°}.
2522 F(z)=afy (1+2) % tdz=1-(1+2)"".
2.5.23 F(z) =71 [*__ (1 + 22)71 dz = (arctan (x) + 7/2) /.
2.5.24
dz = 5e” <0
Fla) = L [f efdz = 3e o z <
T+ ) _zdz—§+5(l—e_’”) x>0

2.5.25 F(z) = [*_e % exp{—e*}dz = exp{—e*}|" _ =exp{—e"}.
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2.6 One-dimensional Change of Variable

Exercises

2.6.1 Let h(z) = cx +d. Then Y = h(X) and h is strictly increasing, so
fr(y) = fx (B (y)) /| (R~ ()| = fx((y—d)/c) / ¢, which equals 1/(R — L)c
for L < (y—d)/c < R,ie,cL+d<y<cR+d, otherwise equals 0. Hence,
Y ~ Uniform[cL 4 d, ¢R+ d.

2.6.2 Let h(z) = cx +d. Then Y = h(X) and h is strictly decreasing, so

fr(y) = fx () /W (R W)l = fx((y — d)/c) /|e|, which equals 1/(R —
L)lc| =1/(cL —¢R) for L < (y—d)/c < R, i.e., cR+d <y < cL+d, otherwise
equals 0. Hence, Y ~ Uniform[cR + d, cL + d].

2.6.3 Let h(z) = cx +d. Then Y = h(X) and h is strictly increasing, so

Fr(y) = Ix (b () /|0 (0 ()] = e (0=D/O="20" ] o /ome
= e’[y*d*5“12/202”2/cm/27r. Hence, Y ~ Normal(cu + d, c?0?).

2.6.4 Let h(z) = cxz. Then Y = h(X) and h is strictly increasing, so fy(y) =
fx (WX (y) /10 (B (y))| = fx(y/c) / ¢, which equals e *¥/¢/c = (A /c)e~ M/
for y > 0, otherwise equals 0. Hence, Y ~ Exponential(A/c).

2.6.5 Let h(x) = 23. Then Y = h(X) and h is strictly increasing, and h=!(y) =
y'/%. Hence, fy(y) = fx(h™'(y) /W' (h=" ()| = fx(y"/?)/3(y"/*)?, which
equals /\.e”‘-yl/rs/?)y?/3 = ()\/S)y72/3ef)‘yl/3 for y > 0, otherwise equals 0.

2.6.6 Let h(z) = 2% Then Y = h(X), and h is strictly increasing over
the region {x > 0}, where fx(z) > 0. Also, h~'(y) = y* on this region.
Hence, for y > 0, fy(y) = fx(h™' () /1N (b )] = fx (") / (/) (")~ =
Ae= M /(1/4)y~3 = 4 yPe | with fy(y) =0 for y < 0.

2.6.7 Let h(z) = 2%2. Then Y = h(X), and h is strictly increasing over the
region {0 < x < 3}, where fx(z) > 0. Also, h~*(y) = y'/? on this region.
Hence, fy(y) = 0 unless y > 0 and 0 < /2 < 3, ie., 0 < y < 9, in which case
o) = Fx(h= () / I (@) = Fx@?) /2517 = 13 (2177) = 1/6y'2
for0 <y <9.

2.6.8 The transformation is y = h(x) = 2u — 2z and so h™!(y) = 2u —y
and h/(z) = —1 and so the density of Y is given by fy (y) = fx (h™' (y)) =
fx@u—-y)=fx(p+(p-y)=fx@-(r—y) = fx(y) so X and Y have
the same distribution. Since the N (u, 02) density is symmetric about , this
proves that Y ~ N (p,0?) .
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2.6.9
(a) The inverse function of Y is Y~1(y) = y'/? and the derivative of Y is
Y'(z) = 2x. Hence, fy(y) = fx(Y~ ( )Y 1( Nl = Fx'?)/29"% = y/8.

)
(b)Sincerl()*z and Z'(z) =2z, fz(2) = fx(2)2z = 27/2for 0 < z < V/2.

(2
2.6.10 The density function of X is fx(z ) = 2/77 if0<a<w/2and fx(x)=0
otherwise. The inverse image of y is Y ~!(y) = arcsin(y). The derivative of ¥
is Y'(z) = cos(z). fy(y) = fx(arcsin(y))/|Y'(arcsin(y))| = 2/(w+/1 — y?) for
y € [0,1].
2.6.11 Since fx is defined on 0 < 2 < m, the inverse of Y is Y ~*(y) = /y. The
derivative of Y is Y’ (x) = 2z. From Theorem 2.6.2,

fr() = fx(Vo)/ 129 =y~ sin(y'/?) /4
for y > 1 and fy(y) = 0 otherwise.

2.6.12 Since Y (z) = 2/3 is increasing it is 1-1 and dY (z)/dz = 2~2/3/3. The
inverse is Y ~!(y) = y3. By Theorem 2.6.2, we get

Fr) = fx@)/1*) 238l =3y C/y=2 =3y~

2.6.13 Note fx(z) = (2m)"'/2exp(—2%/2). The transformation = — 2° is
monotone increasing. The inverse of Y is Y ~1(y) = y'/3 and the derivative is
Y’2. By Theorem 2.6.3, we have

Fr) = fx@")/13(y" %)% = (2m) 72 B[yl*?) "  exp(—|y|*? /2).
Problems

2.6.14

(a) First, let h(z) = x3. Then Y = h(X) and h is strictly increasing and

h='(y) = y'/*. Hence, fy(y) = fx(h™' () /|W'(h ()| = Fx(y'/%) / 3(y"/3)?,

which equals (1/5)/3y%/% = y=2/3/15 for 2 < y'/3 < 7, ie., 8 < y < 343,

otherwise equals 0. Second, let h(y) = y*/2. Then Z = h(Y') and h is strictly

increasing over the region {8 < y < 343}, where fy(y) > 0. Also, h=1(z) = 22

on this region. Hence, for v/8 < z < /343, fz(2) = fy (b= (2)) / [N (A1 (2))| =

Fr(22) [/ (1/2)(2) 13 = ()23 15 / (1/2)(2)1/2 = 2~ /315, with f5(2)

= 0 otherwise.

(b) Let h(z) = 2%/2. Then Z = h(X) and h is strictly increasing over the region

{2 < & < 7}, where fx(x) > 0. Hence, fz(2) = fx(h™1(y))/|W (R (y))| =

fX( 2/3) /(3/2)(22/3)Y/2 which equals (1/5)/(3/2)2*/3 = 2271/3/15 for 2 <
3 <7, 1e., 2%/2 < 2 < T3/2, otherwise equals 0.

2.6.15 Here h is strictly decreasing on x < ¢, and is strictly increasing on

x > c¢. Hence, we can apply Theorem 2.6.2 if ¢ < L < R and Theorem 2.6.3 if

L<R<ec

2.6.16 Let h(z) = cx +d. Then Y = h(X) and h is strlctly decreasing, so

Fr(y) = fx(B1 ) /W (W7 (y))] = e (wmd/o=m/2e%

= ;\/—e’[y*d*‘”‘]?/%g"% Hence, Y ~ Normal(cu + d, c*o?).

|elov2T
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2.6.17 The transformation y = h(x) = €% has h/(z) = €* and h™(y) = Iny.
Therefore, Y has density

1 (hl y)2 —Ilny 1 (ln y)2 1
exp | — e = ——exp| — -
2T P ( 272 VonT P 272 Y
for y > 0.

2.6.18 The transformation y = h(z) = z” has W/(z) = BzP~! and h~1(y) =
y'/8. Therefore Y has density («/f3) (yl/ﬁ)a_1 e (7)) (yl/ﬁ)ﬂ_l
= (a/B)y@/P=1e=v""" for y > 0, 50 Y ~ Weibull(ar/3) .
2.6.19 The transformation y = h(z) = (1+2)” — 1 has h/(z) = B (1 + )"
and h=1(y) = (1 + y)l/ﬁ — 1. Therefore, Y has density

S =) (e @y 1) =Gy

for y > 0, so Y ~ Pareto(a/f).

2.6.20 The transformation y = h(x) = =% has h/(z) = —e™® and h~!(y) =
—Iny. Therefore Y has density e™¥ exp {—elny} /Y = e~ for y > 0 and so
Y ~ Exponential(1).

i
B

Challenges
2.6.21 We have that, for y > 0,

Fr ) = SR (y) = 5PV S9) = SLP(Y S3) = P(- T <X < V)
_d ) (*\/?)
—d—y@(\/@)—@(—\/ﬂ))— NG + NG

e (Vo) e (V) _e(Vy) _ exp{-y/2}

= —+ =

NN N RN N

for y > 0.

2.7 Joint Distributions

Exercises
2.7.1
0 minfz, (y+2)/4] <0
Fxy(z,y) =14 2/3 0< mln[ (y+2)/4 <1
1 min[z, (y—l— 2)/4] > 1
2.7.2
0 r<0or0<z<l,y<0orxz>1ly< -7
) 1/4 xr>1,-7<y<0
Pxy(@9) =90 314  0<z<landy>0

1 x>landy >0
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2.7.3

(a) px(2) = px(3) = px(=3) = px(-2) = px(17) = 1/5, with px(z) = 0
otherwise.

(b) py(3) = pv(2) = py(=2) = py(=3) = py(19) = 1/5, with py(y) = 0
otherwise.

(C) P(Y > X) = pX’y(273) +pX,Y(—3, —2) +px’y(17, 19) = 3/5

(d) P(Y = X) = 0 since this never occurs.

(e) P(XY < 0) =0 since this never occurs.

2.7.4

(a) C =4, and P(X < 0.8, Y < 0.6) = 0.0863.

(b) C = 18/5 and P(X < 0.8, Y < 0.6) — 0.200.

(¢) C = 9/1024003600 and P(X < 0.8, Y < 0.6) = 5.09 x 10~1°.

(d) C = 9/1024000000 and P(X < 0.8, Y < 0.6) = 2.99 x 10~'2.

2.75 Since {X <z, Y <y} C{X <z}and {X <z, YV < <y}

<yt C{Y
then P(X <z, Y <y) < P(X <z)and P(X <z, Y <y) < P(Y <y),i
Fxy(z,y) < Fx(z) and Fx y (z,y) < Fy(y), so Fx,y(z,y) < min (Fx(z), F

2.7.6

(a) The joint cdf is defined by Fx y(z,y) = P(X < z,Y < y). Since both
variables are discrete, the value of Fx y is constant on some rectangles. For
example, for x < 3 and y € R!,

vy ))-

Fxy(z,y)=P(X <z,Y<y)<PX <z)<PX<3)=0.

The rectangles having the same Fx y value are (—o0, 3), [3,5), and [5, 00) for X
and (—o0,1), [1,2), [2,4), [4,7), and [7,00). Hence, the joint cdf is summarized
in the following table.

Fxy(z,y) |y<l 1<y<2 2<y<4 4<y<7?7 y>7
T <3 0 0 0 0 0
3<z<5]| 0 1/8 1/4 3/8 1/2
z>5 0 1/4 1/2 3/4 1

(b) Recall px y(x,y) = P(X = z,Y = y). Hence, pxy(z,y) =1/8if z = 3,5

and y = 1,2,4,7, otherwise px y(z,y) = 0.

) Since px.y (z,y) > 0 holds only for x = 3 or z = 5 among = € R!, we have
(z) > 0 only for z = 3 or z = 5. By definition, px(3) = >  cp P(X =
Y=y)=P(X=3Y=1)+P(X=3Y =2 +P(X=3Y =4 +P(X =
Y =7) = 1/2. Similarly, px(5) = 1/2. In sum, px(z) = 1/2 if z = 3 or

=5, otherwise px(x) = 0.

(d) Sumlar to (c), py(y) > 0 only for y = 1,2,4, and 7. Note py(1) = P(X =

3,Y=1)4+P(X =5,Y =1) =1/4. Similar computations give py (y) = 1/4 for

y=1,2,4, and 7, otherwise py (y) = 0.

(e) By definition, Fx(z) = P(X <z) =3 __.px(2). Since px(z) > 0 only for

z=3andx =5, Fx(z) =0 for x < 3, Fx(z) =px(3) =1/2 for 3 <z < 5,

and Fx(z) = px(3) +px(5) =1 for x > 5.

(c
px
3,
3,
x
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(f) Similar to (e), the range of y is separated into (—oo, 1), [1,2), [2,4), [4,7)
and [7,00). Hence, we have Fy(y) =0 for y < 1, Fy(y) = 1/4 for 1 <y < 2,
Fy(y) =1/2for 2 <y <4, Fy(y) =3/4 for 4 <y < 7, and Fy(y) = 1 for
y=>T.

2.7.7
(a) By integrating y out, the marginal density fx(z) is given by

2

fx (@) = /Rl fxy (a,y)dy = 0/0 sin(zy)dy = c[ — cos(zy) /z],_,
=¢(1 — cos(2z))/x

for 0 < z < 1 and otherwise fx(z)=0.
(b) Now integrating x out is required.

1
fr(y) = C/o sin(zy)de = ¢[ — cos(zy) /y]T—, = c(1 — cos(y)) /y
for 0 < y < 2 and otherwise fy(y) = 0.

2.7.8
(a) The marginal density fx(x) is given by

4 2 2 2 = 2 2
22 +y xy+y/2’y*4 dz” +8 o472
fx(z) /R1 Ixy (@, y)dy /0 36 WY 36 y=0 36 9

for —2 < = < 1, otherwise fx(x) = 0.
(b) The marginal density fy (y) is given by

r=—2 36 12

1.2 3
T4 +y 23 /34 zy
= dr = dx =

for 0 < y < 4, otherwise fy(y) = 0.
(c) By integrating fy (y), we get

1 2 _
14y y+y*/2v=1 1
P(Y < 1) = dy = ‘ —_——
(¥ <1) /0 2 Y 12 ly=0 8

v=1 343y 14y

(d) By the definition of cdf, we get Fx y(z,y) = P(X <z,Y <y)=0ifx < -2
ory<0.Ifr>1landy >4, then Fxy(z,y) =1. If 2<z<land0<y <4,
then

TV a4 T wlv +02/2
Fxy(z,y) :/ / dvdu:/ _
oo 36 ., 36

2yu? /3 + y*u
72

v=y x 2 2 2
du — / Wy ty
v=0 _92 72

u=r 2y(a® 4 8) + 3y*(z + 2)
u=—2 216




2.7. JOINT DISTRIBUTIONS 35

If -2 <2z <1andy >4, then

Fxy(z,y) = //nyuv)dvdu—/er(u)du:/m “2;2@

2 -2
_ u3/3 + 2u |u= _ (x4 2)(2? — 2z + 10)
9 u=—2 27 '

Finally, if x > 1 and 0 < y < 4, then

y Yy V14w
FX,y(x,y):/ / fxyy(u,v)dudv:/ fy(v)dv:/ B dv
0 J-2 0 0

v+ 0?2y 2y 4y
12 =0 24

In sum, the joint cdf is

0 ife<-2o0ry<0,
1 ife>1y >4,
Fxy(z,y) =< (z+2)(3y? +2y(z? —2x+4))/216 if —2<z<1,0<y<4,
(x4 2)(2? — 22 +10)/12 if —2<z<1,y>4,
y(2+y)/24 ifr>1,0<y <4

2.7.9
(a) It is not hard to see that fx(z) =0 if x & (0,2). For z € (0,2),

2 22 2 2/9 jy= 2 3
7ty iy +y?/21v=2 4+ 3z° -2z
R R R T
R! x y=x

(b) From the range of fxy, fy(y) =0if y & (0,2). For y € (0,2),

Vatty, @B tayprv  yP+3y°
= d = d = = .
Iy (y) /Rl fxy(z,y)dz /0 T 1 o D
(c) By integrating fy (y), we get
y® + 3y? 4/4 + y? ‘ 5
P(Y <1) Y3y, YAty 5
< / Frly / oW R

2.7.10 Note that fxy(z,y) = (2mo102) (1 — p?)~/2exp [ - m«x -

10)?/0% + (y = 112)* /o3 = 2p(w = i) (y = 12)/(0102)) | (8) Let 21 = (@ — ) /o
and zy = (y — p2)/oa. Since 27 + 23 — 2p2z120 = (1 — p)22% + (22 — p21)2,

(y—uz—p(z—m)vz/m)z)

IO =T —

—0 (2mof)1/2 (2mo3(1 — p2))1/2 dy
exp(—(z —m)?/(207)) [ exp(=u?/2)
= CTOE 1 '/4)0 —(277)1/2 du

exp(— (@ — u)?/(203))
Gro) 2
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Hence, X ~ N(u1,0%). In the question, u; = 3, o1 = 2. Thus, X ~ N(3,4).
(b) By changing X and Y, we have Y ~ N(us,03). Since py = 5, g5 = 4,
Y ~ N(5,16).

(¢) We know that X and Y are independent if and only if fx(x)fy(y) =

fxv(z,y).
P ) = g e (5 (F) - 5(152))

Hence, fx(z)fy(y) = fx,v(z,y) if and only if p = 0. Thus, X and Y are
independent if and only if p = 0. In the question p = 1/2 is given. Therefore,
X and Y are not independent.

Problems

2711 Fxy(z,y) = P(X <2, Y <y) =PX <z, X? <y =PX <
z, X < y'/?) = P(X < min(z, y/?)), which equals 1 — e~ min(=, V') for
x,y > 0, otherwise equals 0.

2.7.12 We know Fx y(z,y) < Fx(z) and that lim, , . Fx(z) = 0. Hence,
lim, o Fxy(z,y) <lim, ._ Fx(z) =0.

2.7.13 Let z = (& — p1)/o1 and w = [(y — pu2)/0o2] — [p(x — p1)/01]. Then

fxy(@,y) = (2no102y/1 — p?) " Lexp{—[2(1 — p*)]7'[(1 = p*)2* + w?]}. Also,
dy = o2 dw. Hence,

/jo fxy(z,y)dy
= (2mo109v/1 — p2)~ ! /oo exp{—[2(1 — p*)] 7' [(1 — p*)2* + w?]} o2 dw

= (2mo109V/1 — p2) 7! exp{—[2(1 — PO - pQ)ZQ}[\/Qﬂ'(l — p?)o9]

1 =21 womyee

o1V 2T o1V 2T

2.7.14
(a) fol fol Cye™™ dx dy = fol _Ce_xyhl) dy = Cfol (I—e¥)dy
=C (1 + efyIé) =CelandsoC=e
(b) efll/z f11/2 ye "V dxdy = ef11/2 eif”yH/Z dy = ef11/2 (,g*y/2 —eY) dy
— ¢ (*Qefmﬁm + efyﬁ/z) =e (27t —2e72 el —e71/?) = 0.28784
(¢) Using integration by parts with u =y, du = 1,dv = e *¥*!, and
= —e ™+t /x we have that fx (z) = fol ye~ vl dy = _%e—xy-l—l}(l) +

v
z JO z z2 0 2 z 2 :
Also, we have that fy (y) = fol ye Wl dy = —e_$y+1|(1) = e(1—eY) for

O0<y<l1.
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2.7.15
(a) fol Jo Cye™™¥ du dy = fol —Ce~™|g dy=C fol (1 - e_yz) dy

C (14 V7 (2(0) - @ (v2))) and s0 C = (L4 V7 (2 (0) - @ (v2)))
b)

0/1;2 /j2 pe dedy = C’/1;2 e ?/2 dy = C’/1;2 (efy/2 - e*yg) dy
(o o)+
=C (26_1/4 92 Y2 4 /7 (<I> (\/5/2) % (\/5))) |

—~

(c) To compute fx(z f Cye~*¥dy, use integration by parts with v = y and
dv = e Y dy, u—y,dv =e dy,du=dy,v= 1 ~*¥ We have

1 1 1 1
_ 2y gy — O (Y oy g
fX(x)—/L Cye dy—C( e ) x—l—C/m —e dy

And, for fy(y) = [J Cye "Ydz, we have

y y e—oy Y eV 1
fry) = / Cye ™" dx = Cy/ e "dr =Cy {— ] =Cy|— + -
0 0 Y lo Y Yy

=C(1—e").
2.7.16
a) fooo foy Ce= ) dy dy = Cfo —e (x+u)| dr dy = Cfo (1—ev)dy =
C(lgxﬁ”e*%u@)ng(lfl/m C/2, 50 C = 2.
(b) We have that fx (2 _2f e” @) dy = 2~ wf e Vdy = 2e7%s0 X ~
Exponential(2) and fy (y) =2 [/ e—(:r—i—y dr =2e7Y [V e~ dz = 27V (1 — e7Y)
for y > 0.
2.7.17

(a) We need to calculate fo 1w e ey (1 -2y — 22)** 7 day day

—1 Ot3—1
1 as—1 artaz—2 1-xz2 X1 “ X1
= Jo 5 (1 —x9) < 0 (1_%2 1-— ToL- dx1 | dxs and,

making the transformation u = 1/ (1 — 23) ,du = (1 — x3) " da1, we have that
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this integral equals

1 1
/ 252 (1 — )Tt </ w1 —w)* ! du> dxs
0 0

~ ()T () /1 as—1
0

— 1— a1t+az—1 d
T (011 + 043) T2 ( £E2) 2

_ T (041) r (Ck3> T (052) T (0[1 + 0[3) _ T (Ck1> T (052) T (0[3)
F((Xl—l-ag) F(Oé1+052+043) F(a1+a2+a3)

by two applications of (2.4.10). This establishes that fx, x, is a density.
(b) We have that

fxl(xl)
I'(aq + o + a3) /1_%1 =1 _as—1 as—1

= AR 1—21 —29)" " dx
Tlon) T (@) Tlag) Jo 1 720 (Lmmmm)de
I'(a1 + ag + a3) 1 Qotag—2

= xa 1—1} 2 3
FlaT () Tlag) 1 (%

11—z, a2—1 Ot3—1
T i)
X 1-— d
/0 (1 —901) ( 1—551) "

_ T (a1 + ag + as) al—1 (1- xl)a2+a3—1 o /111
0

az=1 (1 )1 gy

T T(a)T ()T (ag) ! , e
_ I'(ag + az + as) 2011 (1 — gy)oatas] I (a2) T (as3)
T ()T (a2) T (a3) ! T (02 + o3)

_ F(Oq +042+Oé3) :L.(Xl—l
F(al)F(a2+a3) 1

(1 _ $1>a2+a3*1 ,

so X; ~ Beta(a, as + a3) . Similarly, X5 ~ Beta(ag, a1 + a3) .
2.7.18 We have that

l—x3——xk l—xo—--—xk
a1—1_az— 1 ap—1

— X — Ty — - — :E;C)O”“+1 dxydxs - - - dzy,
1 l—x3——xk 1 1 n 5
— g — o — o101 —
/ x5 cxpt T (=g — - — ) X
Ly —e— ar1—1 apy1—1
: ' 1 1 il dx
- 1
l—zp—--—my l—zp——mp
X dxg -+ drg

1 1— r3—"—Tg
o — 1 ap—1 ajtopp1—1
// x5 -y, (I—zg—- —xy)
0 0

1
X (/ wr (1 — )t du) dxo - - - dxy,
0
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and this in turn equals

1— r3—-"—Tk
F Oék+1 / / az 1. R 1
k
a1+04k+1

X (1—xg— - —zp) T day o day,
_ Do) T (awyr) () T (an + apyr)  Tlow) (a4 -+ 4 o)
['(a1 +agy1) T'(ar + a2 + aggr) I'(ag + -+ agg1)

_ F(Oél)r(%)'“r(akﬂ)
I'(og+ -+ ags1)

and this establishes that fx, . x, is a density.

Challenges

2.7.19 For example, take X and Y to be i.i.d. ~ Normal(0, 1), with h(z) = —=.
Then Fxy(z,h(z)) = P(X <z, ¥V < —2) < PY < —z) = &(—z) — 0 as

xr — OQ.

2.8 Conditioning and Independence

Exercises

2.8.1

(a) px(=2) = pxy(~2,3) + pxy(~2,5) = 1/6 +1/12 = 1/4. px(9) =
Py (9,3)+px.y(9,5) = 1/6+1/12 = 1/4. px(13) = px.y (13,3)+px.v (13,5) =
1/341/6 = 1/2. Otherwise, px(z) = 0.

() py(3) = px,v(=2,3) + px,v(9,3) + px,y(13,3) = 1/6 +1/6 + 1/3 = 2/3.
py(5) = px,v(=2,5) + pxy(9,5) + px,v(13,5) = 1/12 + 1/12 + 1/6 = 1/3.
Otherwise, py (y) = 0.

(c) Yes, since px(z) py (y) = px,v(z,y) for all z and y.

2.8.2

(a) px(=2) = pxy(-2,3) + px,y(-2,5) = 1/16 + 1/4 = 5/16. px(9) =
px,v(9:3)+px,y(9,5) = 1/241/16 = 9/16. px(13) = px,v (13,3)+px,v(13,5) =
1/16 +1/16 = 1/8. Otherwise, px(z) = 0.

(b) py(3) = px,v(=2,3) + px v (9,3) + px,v(13,3) = 1/16 + 1/2 + 1/16 = 5/8.
py(5) = pxyv(=2,5) + px v (9,5) + pxy(13,5) = 1/4 + 1/16 + 1/16 = 3/8.
Otherwise, py (y) = 0.

(c) No, since, e.g., px(—2) py (3) # px,y (—2,3).

2.8.3

(a) For0 <z <1, fx(z fo (12/49)(2+z+zy+4y?) dy = (182/49) +(40/49),
otherwise fx(z)=0.

(b) For 0 <y <1, fy(y fo (12/49)(2+x+ 2y +4y?) dz = (48y>+6y+30)/49,
otherwise fy (y) = 0.

(c) No, since fx(z) fy(y) # fx,v(z,y).
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2.8.4

(a) For0 <z <1, fx(z fo (2/5(2+¢€))(3+€e* +3y+3ye¥ +ye® +ye® V) dy =
(B3+e")/(2+e), otherwme fX( ) =0.

(b) For 0 <y <1, fy(y fo (2/5(24¢€))(3+€” +3y+3ye¥ +ye” +yetY) de =

2(1+y+yeY)/5, otherw1se fr(y)=0.
(c) Yes, since fx(x) fy(y) = fxy(z,y) for all x and y.

2.8.5

@) P(Y =4|X =9) = P(X =9,Y =4) /P(X = 9) = (1/9)/ (3/9 + 2/9 +
1/9) = 1/6.

(b) P(Y =—=2|X =9)=P(X=9,Y =—2)/P(X =9) = (3/9) / (3/9+2/9+
1/9) = 1/2.

() P(Y =0|X = —4) = P(X = —4,Y =0) / P(X = —4) = 0/(1/9) = 0.
(d) P(Y =—2|X =5) = P(X =5,Y = —2) / P(X =5) = (2/9) / (2/9) = 1.
(€) P(X =5|Y = —2) = P(X =5,V = —2) /P(Y = —2) = (2/9)/ (1/9 +
2/9+43/9) = 1/3.

2.8.6 P(Z=0)=P(X =0,Y =0) = (1—p)p. For z, a positive integer, P(Z =
2)=P(X=0,Y=2)+P(X=1Y =z2-1)=(1-p)(1-p)*p+p(l—p)*'p
=1 -=p) 1 =p?Pp+p’]=p1—-p)* 1 -p+p7.

2.8.7
(a )RecallC’—4 Hence, fx(x fo (22%y + 49°) dy = 2% +2/3 and fy(y) =
fo (222%y+4y°) dox = 4y°+2y/3. Then for0 <z <land0<y<1, fyx(ylz) =
Ifxy(@,y)/ fx(z) = (22%y+4y°) / (x®+2/3) (otherwise fy|x(y|x) = 0). Thus,
X and Y are not independent since fy|x(y|z) # fy(y).
(b) Here fx(x fo (vy +2°y°) dy = C(2°/6 + 2/2) and fy (y) = fol Clay +
y°)dr = ( /6 4+y/2). Then for 0 <z <1land0<y <1, fyx(y|z) =
fX,Y(iE,y) [ fx(@) = Clzy +2°y°) /C(2°/6 + 2/2) = (zy + 2°y°) / (2°/6 +
x/2) (otherwise fy|x(y|z) = 0). Thus, X and Y are not independent since
fY\X(y\ T) # fY( ).
(c ) Here fx(x fo (zy + 2°y®) dy = C(5000002°/3 + 50z) and fy(y) =
fo (xy + 20y )da: = C(2048y°/3 + 8y). Then for 0 <z <4 and 0 < y <
10, fyix(ylz) = fxy(z.y)/ fx(@) = Clay + 2°y°) / C(5000002° /3 + 50z) =
(zy + x5y®) / (5000002° /3 + 50z) (otherwise fy|x(y|z) = 0). Thus, X and Y
are not independent since fy| x(y|z) # fy(y).
(d) Here fx(w fo %) dy = C1052° /6 where C~1 = (45)(10°)/36 from
2.7.4(d). Also fr(y) = 0(46) °/6 = 6y°/10°% and fx(z) = C(10%)25/6 =
6£E5/46 Then, for 0 <z <4 and 0 < y <10, fyix(yl=) = fxy(z,y)/fx(x) =
C(z5y )/C’(lO6 5/6) = 6y°/10° = fy(y). Therefore, X and Y are independent
since fy|x(y|z) = fy(y) for all z and y.

2.8.8 We have that e™% = P(Y > 5|X = z) = [° fy|x(y|z)dy. Hence,
P(Y>5)=PY >5, X>0)= [7 [ fx(®) fy|x(y|z)dydz
= [, 2e 2 e da = —(2/5)e 0 |TZ = 2/5.
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2.8.9 For example, suppose P(X =1,Y =1) =P
2Y=1)=PX=3Y=3)=1/4. Then P(X =1)=PY =1) = 1/2,
so P(X =1)P(Y =1) =1/4 = P(X = 1,Y = 1). On the other hand,
PX=3)P(Y=3)=(1/4)(1/4) #1/4=P(X =3,Y =3),s0 X and Y are
not independent.

(X=1,Y =2 =PX=

2.810 Here P(X = 1,Y = 0) = P(X = 1) - P(X = 1,Y = 1) = P(X =
)-PX=1)PY =1)=PX=1)(1-PY =1))=P(X =1)PY =0).
Similarly, P(X =0,Y =1) = P(Y = 1)-P(X =1,Y = 1) = P(Y = 1)P(X =
0). Finally, P(X =0,Y =0) = P(X =0) —- P(X = 0,Y = 1) = P(X =
0)—P(X =0)P(Y =1) = P(X = 0)(1 - P(Y = 1)) = P(X = 0)P(Y =0

Hence, P(X =z, Y =y) = P(X =2)P(Y = y) for all x and y, so X and Y

are independent.

2.8.11 If X = C is constant, then P(X € By) = Ip,(C) and P(X € B;, Y €
By) = I, (C)P(Y € By). Hence, P(X € By, Y € By) = P(X € B))P(Y €
By) = Ip,(C) P(Y € By) for any subsets By and Bs, so X and Y are indepen-
dent.

2.8.12 Since X and Y are independent, P(X =1|Y =5)=P(X =1)=1/3.

2.8.13 In Exercise 2.7.6, we show that px(x) = 1/2 for = 3 or x = 5 and
px(x) =0 otherwise. Also py(y) =1/4 for y =1,2,4,7 and otherwise py (y) =
0. (a) By definition, py|x(y|z) = px,v(2,y)/px(x). Hence, we have the next
conditional probability table.

pyx (y|®) || y=1 y=2 y=4 y=7 others
z=3 /4 1/4 1/4 1/4 0
z=5 1/4  1/4  1/4  1/4 0

(b) By definition, pxy (zly) = px.v (2, 9)/py (y). px)y (3[1) = px,v(3,1)/py (1)
=1/8/(1/4) = 1/2. Similar calculation gives the next conditional probability

table.
px|y (z]y) || xr=3 x=>5 others

y=1 12 12 0
y=2 12 1/2 0
y=4 12 1/2 0
y="1 12 1/2 0

(c) Note that py|x(y|z) = 1/4 = py(y) for all z = 3,5 and y = 1,2,4,7. By
Theorem 2.8.4 (a), X and Y are independent.

2.8.14 In Exercise 2.7.8, we already showed that fy(z) = (22 +2)/9 for —2 <
z < 1 and otherwise fx(z) = 0. Also we showed that fy(y) = (1 +y)/12 for
0 < y < 4, otherwise fy(y) = 0.

(a) Since fx (x) > 0 for —2 < & < 1, the conditional density is fy|x (y|z) = (*+
y)/36/[(x*+2)/9] = (2% +y)/(42® +8) for 0 < y < 4, otherwise fy|x(y|z) = 0.
(b) Since fy (y) > 0 for 0 < y < 4, the conditional density is fxy(z|y) = (2® +
y)/36/[(1+y)/12] = (2> +y)/(3y+3) for =2 <z < 1, otherwise fx|y (z|y) = 0.
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(¢) We compare fy|x(y|lz) and fy(y). Note that fy x(ylz) = (2* —l—y)/ 4z% +
8) # (1+y)/12 = fy(y) for 2 <z < 1,0 <y < 4 except z = -1,y =2
Hence, X and Y are not independent.

2.8.15 In Exercise 2.7.9, we already showed that fx(z) = (4 + 322 — 223)/8 for
0 < z < 2 and otherwise fx(x) = 0 as well as fy (y) = (y3+3y?)/12for 0 < y <
2, otherwise fy (y) = 0. (a) Since fx(z) > 0 only for 0 < z < 2, the conditional
density is fy|x (y|lz) = (#* +y)/4/[(4+32% —22°) /8] = 2(2® +y) /(4 + 32* — 223)
for <y < 2, otherwise fy|x(y|z) = 0.

(b) Since fy(y) > 0 for 0 < y < 2, the conditional density is fx|y(z|y) =
(22 +y)/4/[(y® + 3y?)/12] = 3(2* + y)/(y* + 3y?) for 0 < = < y, otherwise
fxy(zly) = 0.

(¢) We compare fy|x (y|z) and fy (y). Note that fy|x (y|z) = 2(2*+y)/(4+32>—
223) = (y3 + 3y?)/12 = fy(y) holds only on a curve amongst 0 < z < y < 2.
Hence, X and Y are not independent.

2.8.16 The observed data 12,8,9,9,7,11 is sorted as 7,8,9,9,11,12. Hence,
X(l) = 7, X(g) = 8, X(g) = 97 X(4) = 9, X(5) = 11, and X(G) =12.

Problems

2.8.17 We compute that fx(z) = C1(22+C>/6) and fy (y) = C1(Cay® +2y/3),
with fol fol Ixy(z,y)dzdy = C1(C2/6 + 1/3). So, we require that Cy(C2/6 +
1/3) = 1 and that Cy(2? + Co/6) C1(Cay® + 2y/3) = C1(22%y + Coy®) for
0<zxz<1and0<y<1. The second condition requires that Co = 0, while the
first requires that Cy = 3, which gives the solution.

2.8.18 Let 1 =}, g(z), and C2 = h(y). then 3 pxy(z,y) =Ci1Cs =
L. Abo, px(2) = 3, pxy(@.y) = gl x) >, hy) = g(z)C2 and py(y) =

S, pxy(@.y) = h(y) Sy 9(r) = h(y)Cr. Hence, px («)py () = g(x)Cah(y)Cr =
(C1C2)g(x)h(y) = g(x)h(y) = px,y(x,y), so X and Y are independent.

2.8.19 Let C) = ffooo g( ), and Cy = ffooo h(y). Then f_ f Ixy(zy) =
0102 =1. Also, fx(z) = [%_ fx,v(z,y)dy = g(z) [*_ h(y) dy = g(x)C; and

f_ Ixy(z y)dfﬂ = h(y) f_oo (z) dz = h(y)Ci. HenC@, fx (@) fy(y) =
( )C2h( )C1 = (C1Co)g(x)h(y) = g(@)h(y) = fx.y(x,y), so X and ¥ are in-
dependent.

2.8.20 If X and Y were independent, then we would have P(Y =1) = P(Y =
1|1X =1)=3/4,and P(Y =2) = P(Y = 2| X = 2) = 3/4. This is impossible
since we must always have P(Y = 1)+ P(Y =2) < 1.

2.8.21 We have from Problem 2. 7 13 that fx(z) = (01\/277) (2=p1)*/201
and, similarly, fy(y) = (02\/ 277) —(y—n2)*/202 Multiplying these together,

we see that they are equal to the expression for f)gy(l’, y), except with p = 0.
Hence, fx(z)fy(y) = fx,y(x,y) if and only if p = 0.

2'8'2f2 We have that P(Xl = fl) fz: h (fl fznTifl—fz)G{lﬂfigeg_fl_h =
2?2:6 (1?1) (n;2f1)9{1952 (1—6,— 0, )ﬂ 1—f2 _ (}11)0{1 (1— el)n 1y
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ne _ f2 n—fi—f2 .
Z f1 (nf2f1) (1f01) (1_ 12201) — (}1)9{1 (1_91) f1 %
n—f
(ﬁ +1- 12291) L= (}Z)H{l (1- 91)"7f1, so Xy ~ Binomial(n, ;).
2.8.23 We have that

P(Xy=fo| X1 = f1)
= " f1pf2gn—f1—f2 n fi - n—f1
B <f1 fan—fi _f2>91 05703 /<f1>01 (1—61)

B n — fl 92 f2 1 02 n—fi1—f2
_< f2 )(1—91> <_1—91> ’

so Xo2| X1 = f1 ~ Binomial(n — f1,02/ (1 —61)).

2.8.24 The cdf of the Exponential()\) is given by F(z) = 1 — e for z >
0 and is 0 otherwise. Therefore for x > 0, P (X n) < ) = ( _/\’3) SO
fxm (@) = £ (1-e?)" = nA(1- e_)‘“”y . Also, P(Xqy<z) =1-
e\ 50 Ixo (@)= 4 (1—e ) = pre .

2.8.25 We have that P (X(i) < x) = P (at least ¢ sample values are < x) =
> i P (exactly j sample values are <) =37, (?) Fi(z)(1—F(z)" .
2.8.26 From Problem 2.8.25 the distribution function of X(3), for 0 <z <1, is
given by P (X3 < z) = 25_3 ( Nad (1 - )" =102® (1 —2)> +52* (1 — z) +
2® = 1023 — 152 + 62°, so f(z) = 3022 — 6023 + 30z* = 3022 (z — 1)°. This is
the Beta(3,3) density.

2.8.27 From (2.7.1) we have that X = u1+0171,Y = ﬂ2+02(pZ1+mZ2),
so specifying X = x implies that Z; = (x — p1) /o1, 80 Y = po + poa (x — 1) +

o2/ 1 — p2Z5, and this immediately implies the result.
By symmetry we can also write that the distribution of (X,Y") is obtained

from Y = pug 4+ 0221, X = p1 + 01(pZ1 + /1 — p2Z3), so the conditional
distribution of X given Y =y is N (u1 + po1 (y — p2) , (1 — p?) o1) .

Challenges

2.8.28

(a) The “only if” part follows from Theorem 2.8.4(a). For the “if” part, the
condition says that P(X =z, Y =y) = P(X = z) P(Y = y) whenever P(X =
z) > 0. Butif P(X = 2) =0, then P(X =2,Y =y) < P(X =2) =0, so
P(X=2z,Y=y)=P(X =12)P(Y =y) =0. We conclude that P(X =z, Y =
y) = P(X =z) P(Y =y) for all  and y. Hence, X and Y are independent.
(b) Very similar to (a).

2.9 Multi-dimensional Change of Variable

Exercises
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2.9.1 We compute that
0hq

— = —cos(27musg) /ur/2log(1/u1), O _ —2V/27 sin(2muy) /2 log(1/uy)

ouy Oug

Ohz _ —sin(2muz) / u1/2log(1/uy), Ohz _ —2v/27 cos(2muz )v/210g(1/uy).
8u1 8UQ

Then J(up,usz) = %11- %ﬁ - %f %12- = =27 /u;.

2.9.2

(a) fxy(z,y) =€ 3% for > 0 and 1 <y < 4, otherwise fx y(z,y) = 0.

(b) h(z,y) = (x +y, = —y).

() h-2(zw) = (= + w)/2, (2 —w)/2).

(d) Here J(z, Ga G G—Z%L = M=) = MD)] =2, s0 fzw(z,w) =

) ox 61/ ox

fxy (B (zw) /1 (W™ (z,w))] = fxy((z+w)/2, (z—w)/2) /2, which equals
e—l+w)/2 for (z+w)/2 >0 and 1 < (z—w)/2 < 4, ie, for z > 1 and
max(—z, z — 8) < w < z — 2, otherwise fzw(z,w)=0.

2.9.3

(b)h( ) ( +y? 2? —y?)

(c) h =(/(z+w)/2, \/(z —w)/2), at least for z+w > 0 and z—w > 0
(d) Here J(:zc,y) ‘%La—hyl %Z%L‘ = |(2z)(—2y) — (2y)(2z)| = 8zy for
$7y207 S0

fzw(z,w) = fxy (h™H(z,w)) /I (W (z,w)))
= fxy(V(z +w)/2, V(2 = 0)/2) [ 4/ (z +w)/2¢/(z — w
= Ixy (VE+w)/2, V- w)/2) /2V22 - w?

which equals eV EFW)/2 /222 02 for \/(z +w)/2 > 0and 1 < /(2 — w)/2
<4, ie., for z >4 and max(—z, z —64) < w < z—4, otherwise fz w(z,w) =0.

2.9.4

(b) h(z,y) = (z +4, y — 3)
(¢) il (z,w) =(2—4
(d) Here J(x,y) = 328 — Shadh — |(1)(1) - (0)(0)] = 1, s0 frw(zw) =
fxy (B~ (z,w)) /|J(h (z,w))| = fx,y (2 —4, w+3) /1, which equals e~ =%
for z—4>0and 1 <w+3 <4, ie., for z >4 and —2 < w < 1, otherwise
fzw(z,w)=0.

2.9.5
(b) h(z,y) = (v*, =)
(c) h™!(z,w) = (w'/?, 21/%)

() Here J(r,y) = %20 525 = 100 — (1%)(4a”)] = 42", at loast

for z,y >0, s0 fzw(z,w) = fx,y(h~'(z,w))/ |J( Yz, w))| =
fx,y(wl/‘l7 21/4)/4w3/4z3/4, which equals e ' for /4 >0and 1< 24 <
4, ie., for w >0 and 1 < z < 256, otherwise fz w(z,w) = 0.

g
+
w
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2.9.6

(a) pzw(5,5) = 1/7; pzw(8,2) = 1/7; pzw(9,1) = 1/7; pzw(8,0) = 3/T;
pzw(12,4) = 1/7; pz w (2, w) = 0 otherwise.

(b) pa,B(25,10) =1/7; pa, (34, —17) = 1/7; pa,p(41,—-38) = 1/T,
pa,p(64,16) = 3/7; pa,p(80,—32) = 1/7; pa B(a,b) = 0 otherwise.

(c) pz,4(5,25) = 1/7; pz,.4(8,34) = 1/7; pz,4(9,41) = 1/7; pz,4(8,64) = 3/T;
pz,4(12,80) = 1/7; pz 4(z,a) = 0 otherwise.

(d) pz,5(5,10) = 1/7; pz,p(8,—17) = 1/7; pz,5(9,—38) = 1/7; pz 5(8,16) =
3/7; pz,(12,—-32) = 1/7; pz B(2,b) = 0 otherwise.

2.9.7 pz(2) = (1/3)(1/6) = 1/18; pz(4) = (1/2)(1/6) = 1/12; pz(5) =
(L/3)(1/12) + (1/6)(1/6) = 1/18: p;(7) = (1/2)(1/12) = 1/24; py(8) =
(1/6)(1/12) = 1/72 p7(9) = (1/3)(3/4) = 1/4; p7(11) = (1/2)(3/4) = 3/8;
pz(12) = (1/6)(3/4) = 1/8; pz(z) = 0 otherwise.

2.9.8 If w is an integer between 2 and 4, then py (w) = P(Y =2, X =w—2) =
(1/6)(3/4)*=2(1/4) = (3/4)*~2/24. If w is an integer between 5 and 8, then
pww)=PY =2, X =w-2)+P(Y =5, X =w—>5) = (1/6)(3/4)“2(1/4)+
(1/12)(3/4)“’ 5(1/4) If wis an integer > 9, then pw(w) = P(Y =2, X =
2)+PY =5 X=w-5+PY =9 X=w-9)=(1/6)(3/4)“"2(1/4) +
(1/12)(3/4)“’ 5(1/4) (3/4)(3/4)*=2(1/4). Otherwise, py (w) = 0.

2.9.9 From the given probability measure, we have

(z,7) | (1L,1) (1,2) (1,3) (22) (2,3) otherwise
PX=2Y=y | 1/5 1/5 1/5 1/5 1/5 0
Z(x,y) 0 -3 -8 -2 -7 z —y?
W(z,y) 6 11 16 14 19 2%+ 5y

(a) From the above table we have

(z,w) | (-816) (-7,19) (-3,11) (-2,14) (0,6) otherwise
P(Z=zW=uw)]| 1/5 1/5 1/5 1/5 1/5 0

(b) From the probability table we have pz(z) = 1/5 for z = —8,—-7,—-3,-2,0,
otherwise pz(z) = 0. (c) From the probability table we have py (w) = 1/5 for
w = 6,11, 14,16, 19, otherwise py (w) = 0.

2.9.10

(a) From Theorem 2.8.3 (b), fxyv(z,y) = fx(z)fy(y). Hence, fxy(z,y) =
5z3y* /128 for 0 < z < 2, 0 < y < 2, otherwise fy y(z,y) = 0.

(b) The density of fz(z) can be obtained using Theorem 2.9.3 (b). Since X and
Y have positive density only when 0 < z,y < 2, new random variable Z has
positive density only when 0 < z = x + y < 4. Thus, fz(z) =0 for z € (0,4).
For 0 < z < 4,

0 min(2,z)
= [ fx(@)fy(z —x)dr = / 523 (2 — x)*/128dx.

max(0,z2—2)
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For 0 < z < 2, the integration range is (max(0,z — 2), min(2, z)) = (0,2). Let
u=x/z. Then,
z

fz(z) = 5 /z 23(z —2)tdr = 5—28 1u3(1—u)4du = @Beta(él 5) = i
237128 J, 128 T 128 T 7168

For 2 < z < 4, the integration range is (max(0, z — 2),min(2, z)) = (z — 2,2).

5 (7 5
fz(2) / 27 — 422 + 62225 — 42321 + 2123dx

- 58 z—2
5 a8 422" 0 ¢ 423xd  latye=2
= =35 [— — + 2%z — }
128 L 8 7 5 4 lg=z-2
1 9 3 35 4 28
:%(—2024—352 - 212 + 22 —§>.
Problems
2.9.11

(a) The transformation h : (z,y) — (z,w) = (z — y,4x + 3y) has inverse
=z, w) = (32 +w) /7, (w — 42)/7). J(z,y) = %%—Z — g—;g—z =1-3—(-1)-
4 = 7. From Theorem 2.9.2, fzw(z,w) = fxy(h™ (z,w))/|J(h"(z,w))| =
(5/128)((32z + w)/7)3((w — 42)/T)*/7 = 5(32 + w)>(w — 42)*/(2778) for 0 <
3z+w < 14,0 < w— 4z < 14, otherwise fz w(z,w) = 0.

(b) By integrating w out, we have

min(14—3z,14+4z2)
F2(2) = /R ez w)dw = / 5(32 + w)*(w — 42)4 /(277 dw

max(—3z,4z)

For —2 < z < 0, the integration range is (max(—3z,4z), min(14—3z,14+4z)) =
(—3z,14 + 4z). Hence,

5 /14+4Z ( w’ — Tzw® — 2122w5 + 20323 w4+ ) dw

fz(2) = 2778 1122403 — 20162°w? + 691227

—3z

1 9 ;3 28
= 55 (35 +60: 352 4+ 720 + ).
For 0 < z < 2, the integration range is (max(—3z,4z), min(14 — 3z,14 + 4z)) =
(42,14 — 3z). Hence,

falz) = 5 W=32 /T — T8 — 212205 + 20323wh+ d
2V =g 1122403 — 201625w? + 691227 v

1 9 3 24 28
:%(35—80z+70z —928; +¥—¥).

(c) By integrating z out, we have

min((14—w)/3,w/4)
/ 5(3z +w)3(w — 42)*/(277%)dz

futw) = [ fzwewys =

max(—w/3,(w—14)/4)
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For 0 < w < 6, the integration range is (max(—w/3, (w — 14)/4), min((14 —
w)/3,w/4)) = (—w/3,w/4). Hence,

o (w) = 5 WA T — Taw® — 21220 + 2033w+ &
WA ZoTTS | s\ 1122%° — 20162502 4 691227
- 218357

For 6 < w < 8, the integration range is (max(—w/3, (w — 14)/4), min((14 —
w)/3,w/4)) = ((w —14)/4,w/4). Hence,

5 w/4 wT — Tzwb — 212205 + 20323w*+
fW(w) ( )/ 4
4

BPLECH 1122403 — 201625w? + 691227

_ 2 3
_W(—945+540w—105w +Tw )

For 8 < w < 14, the integration range is (max(—w/3, (w — 14)/4), min((14 —
w)/3,w/4)) = ((w— 14)/4, (14 — w)/3). Hence,

For(w) = 5 A4=w)/3 70T 7w — 212200 + 20323wh+ d
WA= 9T Joiyye \ 112240 — 20162502 + 691227 ) ¢
8 8
_ 2 3 4w
= 51035 (294875 — 168500w + 37315w* — 3853w” + 160w™ — 277)

2.9.12 For z, an integer between 0 and ny + no,

P(Z=2)=Y px()py(z —2)

min(z,n1)
n _r n z—x no—(z—x
= X ( 1)p$(1—p)”1 ( ’ )p (1—p)yra= 7o)
x zZ—XT
rz=max(0, z2—ns2)
min(z,n1)

=p (1—pmtme Y ) (7;1) (zmw>

r=max(0, z—n2

Now this sum represents the number of ways of choosing z positions out of ni+ns
positions, so it equals ("1‘:"2). (Indeed, of the z positions chosen, some number
z of them must be among the first n, positions, with the remaining z —x choices
among the final ny positions.) Thus, P(Z = z) = ("1")p?*(1 — pym+"2=% for
z, an integer between 0 and n; + ns. Hence, Z ~ Binomial(ny + ns, p).
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2.9.13 For z a non-negative integer,

P(Z =z) = Zx:px(x)PY(Z — )
_ ; <r1 _$1 + x)p”(l i (rg —le; — x)pﬁ(l e

- -1 —142z—
:p'r‘1+'f‘2(1 _p)zz (Tl N +x> <T2 Z;"; .T)

=0

Now this sum represents the number of ways of lining up z red balls and ry + o
black balls, such that a black ball comes last. (Indeed, all balls up to and includ-
ing the r1th black ball are responsible for the first factor, with the remaining
balls responsible for the second factor.) Thus,

zz: ri—l+z\(ro—14+2z—-2\ [(ri+re—1+2
s x z—x o z '

Hence, P(Z = 2z) = p"1*72(1 — p)* (" 727 '*%), for z, a non-negative integer.
Hence, Z ~ Negative-Binomial(ry + 72, p).

2.9.14 We have that fz(z) = [*_ fx (@) fy(z—2)dz = [T —2 e~ (@—p1)?/201

o1V 2w
1

o2V 2T

. e=t*/2 dt = \/27, we compute that

f2(2) = (2n(0% +03)) " exp (—(Z — = p2)?/2/0f + 05)

so that Z ~ Normal(py + 2, 0% + 03).

X

e~ (z—w—p2)*/202 o Squaring out the exponents, and remembering that

2.9.15 We have that
Fo(2) = /_ Fx(@) fr (s — 2) da

:/ F(al)*l/\(nxalflef)\ml—w(cm)fl/\az(Z _$>a2*1€*)\(zfm) dx
0

1 z
= —X“'mze_kz/ 7z — 2)*2 " da.
(1)l (az) 0 =2)

We recognize this integral as a Beta integral, with
/ 7z —2)2 e = 2727 (0 )T () /T (o + a).
0

Hence, fz(z) = ['(aq + ag) tAartazyatas—le=Az g5 that Z ~ Gamma(a; +
a2, )\)
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2.9.16 The joint density of (Z1, Z») is (27) " exp {— (2% + 23) /2} . The inverse
of the transformation given by (2.7.1) is Z; = (X — 1) /o1,
Zy=((Y — p2) Joa — p(X — p1) /o1) /+/1 — p?, and this has Jacobian

1/o1 0 1
det(_p/(glm) 1/(02m)>|:(0102 l—p) .

So the joint density of (X,Y") is given by

1 1 (1 _ p2) (&/ﬂ) + p? (X_—u_l) _
g1 g1
R — s S ——
2wo1094/1 — p? 2(1—p?) 2p (&Iﬂ) (Y_—&) + (ﬁ&f
o1 o2 o2
X |2
B 1 1 (S -

2mo109+/1 — p? 2(1=p°) | o (X_—u_l) (Y_—@) 4 (&u_z)z

and this proves the result.

2.10 Simulating Probability Distributions

Exercises

2.10.1 Wecanlet Z=-7ifU<1/2, Z=-2if1/2<U <5/6,and Z =5 if
U > 5/6.

2.10.2

(a) Here F~1(t) = t, so we can let X = U.

(b) Here F~1(t) = v/t, so we can let X = /U.

(¢) Here F~1(t) = 3v/t, so we can let X = 3V/U.

(d) Here F~1(t) = 3/t for t > 1/9, with F~1(t) = 1 for t < 1/9. Hence, we can

let X =1 for U < 1/9, with X = 3y/U for U > 1/9.
(e) Here F~1(t) = 5t'/%, so we can let X = 5U"/°,
(f) Here F~1(t) equals 0 for ¢ < 1/3, and equals 7 for 1/3 < t < 3/4, and equals
11 for ¢t > 3/4. Hence, we can let X =0for U <1/3, X =T for 1/3 < U < 3/4,
and X =11 for U > 3/4.
2.10.3 Since U € [0, 1], the range Y is [0, 00). For y € [0, o),

P(Y <y)=P(In(1/U)/3<y)=PAJU <e¥)=PU >e ) =1—e%.

Hence, the density of Y is fy (y) = %P(Y <y)= d%(l —e73Y) = 3¢~ that is
a density of Exponential(3). Therefore, Y ~ Exponential(3).

2.10.4
(a) From Exercise 2.10.3, Y = In(1/U)/3 ~ Exponential(3). Note W =
In(1/U)/A =Y (3/A). It is not hard to show that In(1/U) ~ Exponential(1).

P(W <w) = P(Y(3/\) <w) = P(Y <w)\/3) =1 — e 3WN3) =1 _ g7,
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Hence, the density of W is fi(w) = L P(W < w) = L (1 —e %) = Ae ¥
that is a density of Exponential(A). Therefore, W ~ Exponential(}).

(b) It is not difficult to generate a pseudo random number » having Uniform|0, 1]
distribution. Then, y = In(1/u)/A has an Exponential(\) distribution.

2.10.5 In Example 2.10.7, it is shown that X; = /2In(1/U;) cos(2nUz) has a
N(0,1) distribution and X = Xy¢;1/v/2 + ca ~ N(cg,c3/2). Hence, co = 5 and
¢?/2 = 9. The solution is ¢; = £3v/2 and ¢, = 5.

2.10.6 Let Y =3if0< U <2/5 Y =4if2/5<U <4/5,andY =7
it U > 4/5 Then, ¥ = 3[[02/J](U) —|—4I(2/54/5](U) + 7](4/0 1](U) Hence,
P(Y = 3) = P(0 < v = 2/5) = 2/5, P(Y = 4) = P(2/5 < U < 4/5) =

P(U < 4/5)—P(U < 2/5) =4/5—-2/5 =2/5, and P(Y =7) = P(4/5 <
USl):P(U<1) P(U <4/5) =1—4/5 =1/5. For any y & {3,4,7},
PY =y)=PU ¢[0,1]) = 0.

2.10.7

(a) By definition, Fix(z) = P(X < z). Hence, Fx(z) = 0 for z < 1. For
1§x<2FX() PX<z)=P(X=1)=1/3. For2 <z <4, Fx(z) =
PX<z)=PX=1lorX=2)=P(X=1)+P(X =2)=1/2. For x > 4,
Fx(z) =P(X <2) > P(X <4) > P(X = 1)+ P(X = 2) + P(X =4) = 1
implies Fx(z) = 1. (b) The range of ¢ , 1] because

Th of t must be restricted on (0
1 for t € (0,1/3], Fx'(t) = 2 for t € (1/3,1/2], and
)

1
Fl(0) = —o0. Fy'(t) =
Let Y = F ' (U). ThenFy( )= P(Y <y)isthe

Fit(t) =4fort € (1/2,1].
same to Fx. Fory <1, Fy(y) = P(Y < y) P(F'(U) <y) = P(0) = 0. For
1<y <2 Fy(y) = P(Fx'(U) < y) = P(Fy'(U) = 1) = P(U € (0,1/3]) =
1/3. For 2 <y < 4, Fy(y) = P(Fx'(U) < y) = P(Fx'(U) = Lor2) =

PU € (0,1/2]) = 1/2. Fory > 4, Fy(y) = P(Fx(U) < y) = P(FE(U) =
lor2or4)=P(U e (0,1]) = 1. Hence, the cdf Fy of Y is the same to Fx.
2.10.8

(a) From the density, F'x(z) =0 for all z <0, and Fx(x) =1 for all z > 1. For
€ (0,1),

(c
(

y
(

FX($)—P(X§$)—/OIfx(y / Vydy i§y3/2 y_z 23122,

(b) For t € (0,1], we will find z satisfying t = Fx (z) = 2%/2/2. Hence, F'(t) =
x = (2t)%/3. (c) Let Y = Fx'(U). Then, by Theorem 2.10.2, Y had the cdf Fy.
The density fy of Y is

d d

fr(y) = d—yP(Y <y) = a0

Hence, fy = fx.
2.10.9 The cdf of Z is given by, for z € (0,1),

d
—Fx(y) = d—yy3/2/2 = y'/?3/4.

FZ(z):P(Zgz):/ 4y3dy—y4y s =2t
0
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For t € (0,1], we can solve the equation ¢t = Fz(z) = 2* for the inverse cdf
F, ' (t) = z = tY/* Hence, Y = F;*(U) = U'Y/* has the cdf F and the density
fz.

Problems

2.10.11 First choose a random variable I, independent of all the X;, such that
I{1,2,...,k}, with P(I =) = ;. Then set Y = X;. [That is, Y is equal to
X; for the choice i+ = I.] Then P(Y <y) =3, P(I =49)PY <yl|l=1i) =
Yo Fi(y) = G(y), as desired.

2.10.12 Here Fx(z) = 0 for & < 1, while for z > 1, Fx(z) = [*_ fx(t)dt =

[t 2dt = —t’1|zgf =1—(1/z). Hence, F~1(t) = 1/(1 —t). Thus, we can let
Z=1/)(1-U).

2.10.13 From Problem 2.5.20 we have that F(z) = (1+ ¢~ )" = u, so invert-
ing this we have that x = F~!(u) = In (u/ (1 —u)) for 0 <u < 1.

2.10.14 From Problem 2.5.21 we have that F(z) = 1—exp {—2*} = u for z > 0,
so inverting this we have that z = F~1(u) = (= In (1 — u))l/a for0 <u<1.

2.10.15 From Problem 2.5.22 we have that F(z) =

—(1+2) “=uforz >0,
so inverting this we have that z = F~1(u) = (1 —u e

1
) Y —1for0<wu<1.

2.10.16 From Problem 2.5.23 we have that F'(z) = (arctan (z) + 7/2) /7 = u,
so inverting this we have that x = F~1(u) = tan (mu — 7/2) for 0 <u < 1.

2.10.17 From Problem 2.5.24 we have that F'(z) = %ffoo efdz = %e"’” =u
forx <0,and F(z) = 3+ 4 [[e*dz=3+3(1—e ") =uforz>0. So,
for 0 < u < 1/2, inverting this we have that * = F~1(u) = In(2u) and, for
1/2<u<l,z=F1tu)=-In2(1 —u).

2.10.18 From Problem 2.5.25 we have that F'(z) = exp {—e~*} = u, so inverting
this we have that x = F~!(u) = —In(—Inwu) for 0 <u < 1.

2.10.19 From Problem 2.5.26 we have that
b)u=F(z)=zfor0<z<l,sor=ufor0<u<Il
(c)u=F(x)=22for0<z<1,sox=+ufor0<u<l,
Du=F@x)=1-(1-z)’for0<z<l,sox=1—I—ufor0<u<l.
2.10.20 We have that P(Y < y) = [ (fj’oo fyix (2]x) dz) fx (x) dz =
Sl [ [ (@2) dudz = [Y fy (2) dz = Fy (y).

Challenges

2.10.21
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Pla<Y <b|f(Y) > Ueg(Y)) =

P(f(Y) =
_BE@Pa<y<b fY)2Ug)|Y =y)  Eun)fY)/cgY))
E(f(y) > Ucy(y)|Y =y) E(f(Y)/eg(Y))
_BEPl<y<b fY)2Ucq)|Y =y) _ ELap()fY)/cg(Y))
E(f(y) > Ucg(y)|Y =y) E(f(Y)/eg(Y))

o b
v/ [ L8gw ay= [ 1w ay

(b) Let p= P (f(Y) > Ucg(Y)). Then, using (a) and the independence of the
U; and Y;, we have that

P(X;, <x)= ZPY<$21—])
j=1

O Y; <z, f(V1) < Uicg(Y1), ..., f(Yj_1) < Uj_1c9(Yj_1),
->r( D <O o TS < Pmeatin). )

=D P <, f(¥)) 2 Ujeg(¥))) P ( fj(cl(fi)l)<<Uzle€<fg)(3} o )

=S P <@l £(Y) = Ugeg(y; / £ () dy,

so X;, ~ f.
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Further, we have that

P(X;, <x1,,X;, <a9) = Z Z P (Y}, <x1,i1 = j1,Y5, < x2,02 = Jo)
Ji=1j2=51+1
- - ij1 S.Tl,f(yl) <Ulcg(Y1),...,
-3 S J(Yj—1) <Uj,—1¢9(Yj, 1), f(Y],) = Uy, eg(Yj,),
G1=1 jo—j1+1 ij2 < Z2, f(Y'j1+1) < Uj1+1Cg(Y}1+1)v SRR
f(Yij*l) < Uj271cg(}/j271)7f(}/h) > Uj2c9<§/}2)

o0

= Z Z {P (Yvh < mlaf(yvh) > Ujlcg()/jl)) X

J1=1j2=51+1
P(f(Y1) <Uieg(V1), ..., f(Yj—1) <Uj—1cg(Yj,-1)) ¥
P(Yj2 < $2’f(sz> < Uj2—ICg(Yj2>)X
P(f(Yji+1) <Uji+19(Yj41)s - s [ (Yioo1) < Ujp—1¢9(Yjo-1))}

=3 > (P <o | f(Y5) 2 Useg(V5))p(1 — ) '
P (Yj, < 22| f(Y,) < Ujp—1¢9(Yj,)) p(1 = p)* 77 1}

= (/Zf(y) dy) ( g:f(y) dy)-

so X;, ~ f independently of X;, ~ f. Continuing in this fashion proves that

Xi,, Xi,, ... 1s an i.i.d. sequence from the distribution, with density given by f.






Chapter 3

Expectation

3.1 The Discrete Case

Exercises

3.1.1

(a) E(X) = (=4)(1/7) + (0)(2/7) + (3)(4/7) = 8/7.
(b) We recognize that X ~ Geometric(1/2). Hence, E(X) = (1-(1/2)) / (1/2) =
1

(c) Using the substitution y = z — 7, we have E(X) = Y 07 x2 %10 =
Py +2 Y =743 Y27Vl =74+1=8since Y o y2 ¥V l=11is
y=0 y=0 y=0

the mean of a Geometric(1/2) distribution.

2

E(X) = (5)(1/7)+ (5)(1/7) + (5)(1/7) + (8 8
E(Y) = (0)(1/7) 4 (3)(1/7) + (4)(1/7) + (0)( (4
By linearity, E(3X +7Y) =3E(X) +7TE(Y) = 3(47/7) +
BE(X?) = (5)2(1/7)+ (5)%(1/7) + (5)*(1/7) +(
E(Y?) = (0)*(1/7) + (3)*(1/7) + (4)*(1/7) + (0
E(XY) = (5)(0)(1/7)+()3)(1/7)+(5)(4)(1/7)+

v linearity, E(XY + 14) = E(XY) + 14 = 67/7 + 14 = 165/7.

(1/7) = 47/7.

/7) =11/1.

7(11/7) = 218/7.
1/7) = 331/7.

J7) = 41/7.

8)(4)(1/7) =

)(3/7) +(
3/

+7E
1/7
1/7

J
~

=
mew g

T —

(X) = (2)(1/2)+(=7)(1/6)+(2)(1/12)+(=7)(1/12)+(2)(1/12)+(-7)(1/12)

(V) = (10)(1/2) + (10)(1/6) + (12)(1/12) + (12)(1/12) + (14)(1/12) +
14)(1/12) = 11.

B(X?) = (2)*(1/2) + (=7)*(1/6) + (2)*(1/12) + (=7)*(1/12) + (2)*(1/12) +
~7)2(1/12) = 19.

E(Y?) = (10)*(1/2)+(10)*(1/6) +(12)*(1/12) + (12)*(1/12) +(14)*(1/12) +
14)2(1/12) = 370/3 = 123.3.

E(X2+Y?) = E(X?) + E(Y?) = 19+ 370/3 = 427/3 = 142.3.
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(f) E(XY —4Y) = (2-10 —4-10)(1/2) + ((=7) - 10 — 4-10)(1/6) + (2- 12 — 4 -
12)(1/12)+((—7)-12—4-12)(1/12)+(2-14—4-14) (1/12)+((—7)-14—4-14)(1/12) =
—113/2 = —56.5.

3.1.4 E(4X — 3Y) = 4E(X) — 3E(Y) = 4(p1) — 3(np2).
3.1.5 E(8X — Y +12) =8E(X) — E(Y) + 12 =8((1 — p)/p) — A + 12.
3.1.6 E(Y + Z) = E(Y) + E(Z) = (100)(0.3) 4 (7) = 37.

3.1.7 Since X and Y are independent, E(XY) = E(X)E(Y) = ((80)(1/4))(3/2)
= 30.

3.1.8 Let Z be the number showing on the die. Then X =1+ 3Z, so E(X) =
1+3E(Z)=1+3(3.5) =115.

3.1.9 Let Y = 1 if the coin comes up tails, otherwise Y = 0 if the coin comes
up heads. Then X = 8 —4Y and E(Y) = 1(1/2) + 0(1/2) = 1/2. Hence,
E(X)=8—-4FE(Y)=8—-4(1/2) =6.

3.1.10 P(Y = 3) = P(the same face) = P(HH or TT) = P(HH) + P(TT) =
(1/2)(1/2) + (1/2)(1/2) = 1/2. Hence, P(Y =5)=1—P(Y =3)=1—-1/2 =
1/2. The expectation is

E(Y)=3P(Y =3)+5P(Y =5)=3-(1/2) +5-(1/2) = 4.

3.1.11 Let X; and X5 be the two numbers showing on two dice. The expectation
of X, is

6 y
: . 1 6-71 7
E(Xl)zg zP(Xlzz)ZE ir=—5=73
i=1

=1

Since X7 and Xy are identically distributed, E(X;) = E(X3) = 7/2.

(a) The random variable Z becomes Z = X; + X5. From Theorem 3.1.2,
E(Z)=E(X1+ X3) = E(X1) + BE(X2) =2E(X,) =2(7/2) =T7.

(b) The random variable W = X; X5. Since X; and X, are independent, The-
orem 3.1.3 is applicable. Hence, we get E(W) = E(X1X3) = E(X1)E(X3) =
(7/2)% = 49/4.

3.1.12 Let Y be the number of heads and Z be the number showing on the
die. The expectations of Y and Z are E(Y) =0P(Y =0)+1P(Y =1)=1/2
and E(Z) =1P(Z =1)+---4+6P(Z = 6) = 7/2. Then, X =YZ. Note Y
and Z are independent. From Theorem 3.1.3, we have E(X) = E(Y)E(Z) =
(1/2)(7/2) = 7/4.

3.1.13 Let X be the number showing on the die. When X = z is shown on the
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die, the distribution of Y is Y ~ Binomial(x,1/2). Hence,

=0 =0 z=1
_yG 6PY yX_ _6 6 x\ /1Ny /1\2z-v1
S —nx=0=303 ()66
y=0 z=y y=0 z=y

1 & 1z 16-7 7
:6;;)1’@)(1/2)96:6;5:67:1

3.1.14 Let T be the number of heads. Then, X = T°. Hence, the expectation
of X is

Problems

3.1.15 Let Z be the number of heads before the first tail. Then we know that
P(Z=k)=1/2"1for k=0,1,2,...,and BE(Z) = (1—-(1/2))/(1/2) = 1. Now,
X=142Z,50 BE(X)=14+2E(Z)=1+2(1) =3.

3.1.16 Again, let Z be the number of heads before the first tail, so P(Z =
k) =1/2k1 for k =0,1,2,.... Then X =27 so E(X) = > 50,2k (1/2kF1) =
> reo(1/2) = co. Hence, E(X) is infinite in this case.

3.1.17

(a) E(Y) = 322  min(z,100) (1—0)*0 = 0 3"1% 2 (1—60)* +6(100) -2, (1~
0)* = 0S + 1001 — 0)'9, where S = Y1 2 (1 — 0)*. Then (1 — 6)S =
Yoz (1= 0>t = 3% (y — 1) (1 — 0)Y. Hence, 0S = S — (1 —0)S =
S0 (1 - 0)* —100(1 — 6)10F = 9=1(1 — 0 — (1 — )'°) — 100(1 — ).

(b) E(Y — X) = E(Y) — E(X) = —(1 — 0)1°L(1/0 + 100).

3.1.18 Any X with X < 100 will do since then min(X,100) = X. For example,
X =29, or X ~ Bernoulli(80,1/3).

3.1.19 For one example, let P(X = 200) = 1. For another, let P(X = 300) =
P(X =100) = 1/2.

3.1.20 Let p;gy(l,l) = PX’y(l,O) = 1/4 y with pX’y(070) = 1/2 Then
P(X =1)=1/2 and P(Y = 1) = 1/4, but E(XY) = 1/4.
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3.1.21 We have that

min(n,M) (M) (N:M) min(n,M) (M) (NiM)
rz=max (0, n+M—N) n rz=max(1l,n+M—N) n
a0
N Z (N71)
rz=max(1l,n+M—N) n—1
B % min(n—1,M—1) (M;l) (Nfl:l(i/fajl)) B %
=n N Z (N—l) =n N
z=max(0,n—1+(M—-1)—(N-1)) n—1

since the final sum is the sum of all Hypergeometric(N — 1, M — 1, n) probabil-
ities.

3.1.22 We have that if X7,..., X, are i.i.d. Geometric(), then X = Xy +---+
X, ~ Negative Binomial(r,0) so E(X)=FE (X1 +---+ X,) =7(1-10) /6.
3.1.23 This follows immediately since X; ~ Binomial(n, 6;) .

Challenges

3.1.24 Here E(X?) = Y, kK*P(X = k) = > 2, k*(1 — p)*p. Hence, (1 —
P)E(X?) = 370k (L= p)*'p = 372,( — 1)* (1 — p)p. Then pE(X?) =
E(X?) — (1 -p)E(X?) = 335,k — (8 — 1)?] (1 —p)*p = 32022k — 1] (1 —
p)'p =2B(X) ~ (1 —p)=2(1—p)/p— (1 —p) =2(1 —p)/p — (1 — p). Hence,
E(X?)=2(1-p)/p* = (L—p)/p.

3.1.25 Let Y = X—min(X, M). ThenY is also discrete. Also, since min(X, M) <
X, we have Y > 0. Now, if E(min(X,M)) = E(X), then E(Y) = 0, so that
0=>,yPY =y) =3 5,yP( =y). But the only way a sum of non-
negative terms can be 0 is if each term is 0, i.e., y P(Y = y) = 0 for all
y € R'. This means that P(Y = y) = 0 for y # 0, so that P(Y = 0) = 1.
But {Y = 0} = {min(X,M) = X} = {X < M}, so P(X < M) =1, ie,
P(X > M) =0.

3.2 The Absolutely Continuous Case

Exercises

3.2.1

(a) 1 = [ fx(z)dz = [} Cdr = 4C, where C = 1/4. Then E(X) =
I x fx(x)de =[x (1/4)de = (9% - 5%)/8 =T.

) 1= [ fx(z)da = [} Clz+1)de = C(9>~T72)/2 = 16C, where C = 1/16.
Then E(X) = [ a fx(z)dx = [} x(1/16) (z + 1) dz = (8% — 63)/48 + (8% —
62)/32 = 169,/24 = 7.04.
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(€1 =7

fx(@)de = [2Catde = O((-2

59

— (=5)%)/5 = C3093/5,

where C' = 5/3093. Then E(X) = [ fx(z)dz = f 5 2 (5/3093) (z*) do =

(5/3093)((—2)6 — (—5)%)/6 = —8645/2062 = —4.19.

3 2 2
B(X) =
GﬂAE(Yﬂ =
) EGX +7
d) B(X?) =
B(Y?)

w

>~<

(f) B(XY
(g) B(X Y—|—

)
3.2 3
(a)

(b)
17/8
(c)
11/20
(d) E(Y
99/20

216/7

(f) BE(X?Y3) =
dx dy = 27/4
3.2.4
(a) E(X
57/70.
(b) E(Y) =
157/280

11/16

29/80

()

53/280

(f) B(X?Y3) =
dxdy =133/

3.2.5 E(-5X — 6Y) = —5E(X
3.2.6 E(11X + 14Y 4 3) = 11E(X) + 14E(Y)

fo fo (422y + 2y°) dw dy = 2/3.
fo fo (422y + 2y°) dx dy = 46/63.

v) —-312( )+ TE(Y) = 3(2/3) + 7(46/63) = 64/9.

ﬂ) 22 (422y + 2y°) da dy = 23/45.

fo fo (4a2y + 2y°) dw dy = 7/12.

fo fo zy (42%y + 2y°) do dy = 10/21.

14) = B(XY) + 14 = (10/21) 4 14 = 304/21.

= 2 [T a fxy (@ y) dudy = [ [y a(
= [ [ yfxy(@y)dedy =[5 [y
= [% [ fxy (@ y) dudy = [ [ 22
= [ 2 v fxy(@y)dedy = [ [y
= [ [yt fxy (@) dedy = [ [y

(4zy + 322%y?)/18) dx dy =
(4zy + 32%y?)/18) dx dy =
((4zy+322y?)/18) dz dy =
((4zy+32%y?)/18) dz dy =

((4zy + 322y?)/18) dz dy =

= [ 2w fy (@ y) dudy = [ [y #2yP (dey+32%y?) /18) x

= [ S oy (@ y) dedy = [y [l

z(6zy + (9/2)2%y?) dxdy =

I Iy fxy(@y)dedy = f) fly(ﬁxy + (9/2)2%y?) de dy =

f f T fxy:ry)dxdy—fo fy

(6zy + (9/2)22y?) dx dy =

= [20 [ v fxy () dady = [y [y (6y + (9/2)a%y?) du dy =

=7 [T vyt fxy (@ y)dxdy—fo f y*(6xy + (9/2)22y?) dx dy =

= [% [ 2% v (@ y) dady = [ [ 2% (6zy+(9/2)a%y?) x

660.

14(—8) + 3 = —449/2.

)= 6E(Y) = —5((3+7)/2) — 6(1/9) = —77/3.
+3 = 11(((—12) + (—9))/2) +
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327 EY+Z)=EY)+E(Z)=(1/9) + (1/8) = 17/72.
328 E(Y+Z)=EY)+E(Z)=(1/9) + (5/4) = 49/36.
3.2.9 Let u = E(X*) for k > —3.

2 k+3 k+4 4 p=
3 3rx T =2
k k 2 3
= d = . — d = — — —_—
Hi /Rx f(@)de /0 vl Tt 20[k:+3+k:+4 =0
3 (2k+3 N 2’<+4> 3 2M1(3k 4 10)
T20\k+3 " k+4) 5(k+3)(k+4)
Hence, 1 = 39/25 = 1.56, us = 64/25 = 2.56, ug = 152/35 = 4.34. Therefore,
E(X3) > E(X?) > E(X).
3.2.10 Let py = E(X*) for k > —3.

1 k43 k+4 =
12 1272 x z=1
k k 2 3
= d = . —_ d = -_— —_— _—
Hi /lef(x)x /0:” 7 (@7 Fat)de 7[k+3+k+4z:0
12( 1 1 )_ 12(2k +7)
T\k+3 k+4 T(k+3)(k+4)
Hence, py = 54/70 = 0.771, pe = 22/35 = 0.629, and uz = 26/49 = 0.531.
Therefore, E(X) > E(X?) > E(X?).

3.2.11 Let X and Y be the height of wife and husband. The expected value of
Z=X+Yis

E(Z)=E(X+Y)=E(X)+ E(Y) =174+ 160 = 334.
Here, we used Theorem 3.2.2 and Example 3.2.7.

3.2.12

(a) From Theorem 3.2.2, E(Z) =E(X+Y)=E(X)+E(Y)=5+6=11.

(b) We have E(Z) = E(XY) = E(X)E(Y) = 5 x 6 = 30 by Theorem 3.2.3
based on the independence of X and Y.

(c) From Theorem 3.2.2, we have E(Z) = E(2X —4Y) = 2E(X) —4E(Y) =
2-5—-4-6=-14.

(d) From Theorem 3.2.2, E(Z) = E(2X(34+4Y)) = E(6X +8XY) =6E(X) +
8E(XY) =6-5+8-30 = 270. The result in part (b) was also used in this
computation.

(e) The formula of Z is simplified as Z = (2+X)(3+4Y) = 6+3X +8Y +4XY.
By Theorem 3.2.2, E(Z) = 6+3E(X)+8E(Y)+4E(XY) = 6+3-5+8-6+4-30 =
189. (f) The formula is simplified as Z = (24+X)(3X +4Y) = 6 X +8Y +4XY +
3X2%. By Theorem 3.2.2, E(Z) = 6E(X) + 8E(Y) + 4E(XY) + 3E(X?) =
6-5+86+4-30+3E(X?) = 198 + 3E(X?). The value E(X?) is unknown.
Hence, F(Z) can be determined based on the given information.

3.2.13 Since the dart’s point is 0.1 centimeters thick, the random variable Y
must be Y = X +0.1. By Theorem 3.2.2, E(Y) = E(X 4+0.1) = E(X)+0.1 =
214.1.
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3.2.14 Let X be the citizen’s height from the top of his/her head and Y be the
citizen’s height from the top of his/her head or hat. Then, Y > X. Therefore,
we have E(Y) > E(X) by Theorem 3.2.4.

3.2.15 Let x1,...,x5 be the heights of the members of team A. Let y1,...,ys
be the heights of the member of team B who is guarding x1, . .., x5 respectively.
From the assumption, x; > y;. Hence, the mean height of team A = (z1 4 -+
z5)/5 > (y1 + -+ + ys5)/5 = the mean height of team B. Therefore, the mean
height of team A is larger than the mean height of team B.

Problems

3.2.16 Letting t = Az, we have that E(X) = [" = )‘n * e gy
A%z Az o0 A — -

=y T(a) © Mdr = ,\art( € t(l/)‘)dt ,\F X(a) fo “e”dw

= %(Q)F(a +1)= )\F(a)af( a)=a /A

3.2.17 We have E (X) = f_ooo ze " (1+e )7 do + Jo S we ™ (14 =) % da

= - fooo ze ™ (14 e7%) 7 do+ [~ ze™™ (1 + e=7) "% da, so E (X) = 0, provided

fo ze® (14 e7*) " dx < co. This is the case because

JS we ™ (1 fe ™) P de < J S we  dw = 1.

3.2.18 We have that E(X) = [Czaz*le " dz = [ az®e " dz and
X)=

putting u = 2, x = u/*, du = ax® ' dx we have that E( f ul/ e v dy =

I'l/a+1).
3.2.19 We have that

E(X):/Oooxa(l—l—:lc)_a_l dx:/oooa(l—&—x)_a de —1

o
2+ -1

aln(1+ )|’ o=
. { 00 0<a<l1
) Y(e—1) ifa>1.
3.2.20 We have that [~ azn~! (1 +332)_1 dr = (In(1422))/2|;" = oo and
ffoo et (1+ $2)71 dr = —00, so F(X) doesn’t exist.
3.2.21 We have that

0 oo 00 00
E(X)= / xe® dm—i—/ xe Cdr = —/ xe dm+/ ze Cdr =—-141=0.
0 0 0

3.2.22 We have that
(P T(a+b) L, 1, T(+b ', _
E(X)—A$W$ 1(1—$>b1d$—w/0$ (l—x)bldac
_T(@+b) I'(a+1)I'(b) T(a+bd) al'(a)T()  a
T(a)T() T(a+b+1) T(a)T(b)(a+b)T(a+b) a+b




62 CHAPTER 3. EXPECTATION

3.2.23 We have that

1—x2
/ / xl al + (6) + O[S) .f[,' 11:32 1 (1 —x - x2)a371 d:[,'l de

Mot
1 T2
- oz1 +oz2+0<3 / / e 252 (1 — 2y — 22)™ 7" doy day
_ F(OZ1+O£2+053) ['(og + 1T (« )F(a3)— -l

_F(al)r(ag)r(a;g) F(a1+a2+a3+l) al—&-ag—&—ag'

3.3 Variance, Covariance, and Correlation

Exercises

3.3.1
(a) Cov(X,Y) = E(XY) — E(X)E(Y) =26 — (4)(19/3) = 2/3.

(b) E(X?) =3%(1/2) + 3%(1/6) + 6%(1/6) + 6%(1/6) = 18, so Var(X) = E(X?)
—E(X)? =18 —42=2. Also E(Y?) =52(1/2) + 9%(1/6) + 52(1/6) + 9%(1/6)
=131/3, s0o Var(Y) = BE(Y?) — E(Y)? = 131/3 — (19/3)? = 32/9.

(c) Corr(X,Y) = Cov(X,Y) / /Var(X) Var(Y) = (2/3) / /(2)(32/9) = 1/4.

3.3.2

(a) E(X) = (5)(1/7) + (5)(1/7) + (5)(1/7) + (8)(3/7) + (8)(1/7) = 47/7. Also,
E(Y) = (0)(1/7) + (3)(1/7) + (4)(1/7) + (0)(3/7) + (4)(1/7) = 11/7.
)B/T)+B)A)(1/7) =

(b) E(XY) = (3)(0)(1/7)4+(5)(3)(1/7)+(5)(4)(1/7)+ 8)(0
67/7. Then Cov(X,Y) = E(XY) — ) =
—48/49.
(c) B(X?) = (5)(1/7)+ (5)*(1/7) + (5)*(1/7) + (8)*(3/7) + (8)*(1/7) = 331/7.
Then Var(X) = B(X2) — E(X)? = 331/7 — (47/7) = 108/49. Also, E(Y?) =
(0)2(1/7) 4 (3)2(1/T) + (4)2(1/7) + (0)2(3/7)+(4)2(1/7) = 41/7. Then Var(Y) =
E(Y2) < E(Y)? = 41/7 — (11/7)2 = 166,49,
(d) Corr(X,Y) = Cov(X,Y) / /Var(X) Var(Y
(~48/49) / \/(108/49)(166,/49) = —4~/2/24 - —0 3585.
3 3 3 We have that

fo fo x (42%y + 2y°) dx dy = 2/3,
( fo fo 4x Y+ 29° )dazdy—46/63
(X?) = fo fo *(42%y + 2y )dwdy—fo Gy+3v’) dy=3+3=%,
(Y?) fo fo (4 y+2y)dacdy—f0 (3y3—i—2y)dy—l2
E(XY) fofoxy 4xy+2y)dxdy—f0 (v +95) dy =42,

E(X)E(Y) = 67/7 — (47/T)(11/7) =

E
E

31 — (3) (&)
Corr (X,Y) = 21 23 63 = = —0.18292.

3.3.4 Here
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X) fo fo (1523y* + 62%y7) dx dy = 63/80,
Y) = [y foy(1523y* + 6:E2y7) dzdy = 61/72. B(X?) = [} [ a2 (152%y* +
y7 dx dy = 13/20
E(Y?) = fo fo (1523y* + 62%y")dordy = 103/140. Var(X) = E(X?) —
(X)2 (13/20) — (63/80) — 191/6400.
Var(Y) = E(Y?) — E(Y)? = (103/140) — (61/72)? = 3253/181440. E(XY) =
fol fol zy (152%y* + 62%y") dr dy = 2/3.
Cov(X,Y)=E(XY)—- E(X)E(Y) =(2/3) — (63/80)(61/72) = —1/1920.

Corr(X,Y) = Cov(X,Y)/+/Var(X) Var(Y)

= (—1/1920) / \/(191/6400)(3253/181440) = —3/35/621323 = —0.0225.

3.3.5 If X and Y are independent, then Cov(X,Y) = E(XY) — E(X)E(Y)
EX)E(Y)-E(X)E(Y) =0, s0 Corr(X,Y) = Cov(X,Y) / /Var(X) Var(Y)
0.

3.3.6 If X and Z are independent, then Cov(X+Y, Z) = Cov(X, Z)+ Cov(Y, Z) =
0+ Cov(Y, Z) = Cov(Y, Z2).

3.3.7

(a) Cov(X,Z) = Cov(X,X +Y) = Cov(X, X))+ Cov(X,Y) = Var(X) + 0 =
1/32 = 1/9.

(b) Corr(X, Z) = Cov(X, Z) /\/Var(X) Var(Z) = (1/9) / /(1/9)((1/9) 4+ 5) =
1/+/46 = 0.147.

3.3.8 We can write X = L+ (R— L)U, where U ~ Uniform[0,1]. Then E (X) =
L+(R—L)E(U) = L+(R—-L)/2= (L+ R) /2 and Var(X) = (R— L)?> Var(U) .
Now E (U?) = [} u?du=1/3, so Var(U) = 1/3 — 1/4 = 1/12.

339 E(X(X-1)=FE(X*)-EX),s0o E(X(X—-1)-E(X)(E(X)-1)

= FE(X?) - (E (X))? = Var(X). Then, when X ~ Binomial(n,), we have
that,

n

E(X(X-1)=)Y a(x—1) (Z)ew 1-0)""

=0
_ _ 2 < n—2 z—2 _ pyn—2—(z-2)
=n(n—-1)46 IE: (x2)9 (1-0)
n—2 n D)
_ _ 2 - x _ n—2—x _ _ 2
=n(n—-1)46 IE_O( . )6? (1-19) n(n—1)6°,

so Var(X) =n(n—1)0% —nf (nd —1) =nb (1 -0).

3.3.10 Since X ~ Binomial(3,1/2), the probability is given by P(X = 0) =
P(X =3)=1/8and P(X = 1) = P(X = 2) = 3/8. Thus, E(X) = (0 +
3)(1/8) + (1 +2)(3/8) = 3/2, E(X?) = (0% + 32)(1/8) + (1% + 22)(3/8) = 3,
E(X?3) = (0343%)(1/8) + (13 +23)(3/8) = 27/4, E(X*) = (0*+3%)(1/8) +( iy
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24)(3/8) = 33/2, B(X?) = (0°+3°)(1/8)+(15+2%)(3/8) = 171/4, and E(X")
(0% + 35)(1/8) + (1° + 25)(3/8) = 231/2. Hence, we get E(X) = 3/2, E(Y)
E(X?) =3, Var(X) = BE(X?)—(E(X))? =3-(3/2)? = 3/4, Var(Y) = E(Y?) -
(BE(Y))?2 = BE(X*) — (E(X?%)? = 33/2 3% = 15/2, Cov(X,Y) = E(XY) —
E(X)E(Y)=E(X?)-E(X)E(X?) =27/4—(3/2)(3) = 9/4, and Corr(X,Y) =
Cov\(X,Y)//Var(X)Var(Y) = (9/4)//(3/4)(15/2) = 3v/10/10 = 0.9487.
3.3.11 We know P(X = z) = 1/6 for z = 1,2,...,6. Therefore F(X) =
(1)(1/6) +(2)(1/6) + ... + (6)(1/6) = 7/2. Let Z be the number showing on the
second die. Notice that X and Z are independent and have the same probabili-
ties. Here we have Y = X + Z. Therefore E(Y) = E(X+Z) = E(X)+E(Z) =
2E(X) = 7. Similarly, E(XY) = E(X(X + Z)) = E(X? + XZ) = E(X?) +
E(X)E(Z) = B(X?) + E(X)? = (12 + 22+ 32 + 42 + 5% 4 62) + (). For
covariance, we have Cov(X,Y) = Cov(X, X + Z) = Cov(X, X))+ Cov(X, Z) =
E(X?)— E(X)? + (E(XZ) — E(X)E(Z)). Due to independence of X and Z,
we have E(XZ) = E(X)E(Z) so we have Cov(X,Y) = $(12 422 + 32 + 4% 4
52 4 6%) — (1) = 35/12.

3.3.12 The distribution of X is Binomial(4,1/2). Since X +Y = 4, the dis-
tribution of Y is the same to the distribution of 4 — X. In Example 3.1.7,
E(X) = 4(1/2) = 2. The expectation of Y is E(Y) = F(4 - X) = 4 —
E(X) = 4—2 = 2. For the covariance, F(X?) is required because E(XY) =
E(X(4 - X)) = 4B(X) — E(X?) = 8 — E(X?). Theorem 3.3.1 and Example
3.3.11 implies Var(X) = E(X?) — (E(X))? = 4(1/2)(1 — (1/2)) = 1. Hence,
E(X?) =1+ (2)? = 5. Thus, BE(XY) = 8 — E(X?) = 3. By the definition
of the covariance, Cov(X,Y) = E(XY) - E(X)E(Y) =3—-2-2 = —1. Since
Var(Y) = Var(4 — X) = Var(X) = 4(1/2)(1 — 1/2) = 1, we have Corr(X,Y) =
Cov(X,Y)//Var(X)Var(Y) = -1/1 = —1.

3.3.13 It is know that for U ~ Bernoulli(¢), E(U) = E(U?) = 6 and Var(U) =
6(1 — 0). The expectations are E(Z) = E(X +Y) = E(X)+ E(Y) =1/2+
1/3 = 5/6 and E(W) = B(X —Y) = E(X) — E(Y) = 1/2 — 1/3 = 1/6.
The variances are Var(Z) = Var(X +Y) = Var(X)+ Var(Y) = 1/4+2/9 =
17/36 and Var(W) = Var(X —Y) = Var(X)+ Var(Y) = 1/4+2/9 = 17/36.
EZW)=E(X+Y)(X-Y))=E(X?-Y?)=E(X?)-E(Y?*=1/2-1/3=
1/6. Hence, Cov(Z, W) = E(ZW) — E(Z)E(W) = 1/6 — (5/6)(1/6) = 1/36

and Corr(Z, W) = Cov(Z, W) //Var(Z)Var(W) = (1/36)/+/(17/36)(17/36) =

1/17.

3.3.14 It is known that F(X) =1/2, E(Y) =0, Var(X) = 1/4, and Var(Y) = 1.
Hence, E(Z) = E(X+Y) = B(X)+E(Y) =1/2, EW) = BE(X -Y) = E(X)—
E(Y) =1/2, Var(Z) = Var(X +Y) = Var(X)+ Var(Y) = 5/4, Var(W) =
Var(X —Y) = Var(X)+ Var(Y) = 5/4, and E(ZW) = E(X? -Y?) = E(X)—
Var(Y) = 1/2 -1 = —1/2. Thus, Cov(Z,W) = E(ZW) — E(Z)E(W)
—1/2—-(1/2)(1/2) = —3/4 and Corr(Z, W) = Cov(Z,W)/+/Var(Z)Var(W)
(=3/4)//(5/4)(5/4) = =3/5.

3.3.15 The joint probability P(X = z,Y = y) = (1/6) - (Z)(l/?)"’" for x =
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o0,y =0, otherwise P(X = z,Y = y) = 0. The expectations are
E(X) =301 0e(1/6)(;)27" =5 2/6 =7/2and E(Y) = Y0, 3y
y(1/6)(7)27" = Y5 w/12 = 7/4. B(XY) = Y0, 50 ay(1/6)(5)27 =
Z?:l 22/12 = 91/12. Hence, Cov(X,Y) = E(XY) — E(X)E(Y) = 91/12 —
(7/2)(7/4) = 35/24.

Problems
3.3.16 Here Cov(X,Y) = E(XY) — E(X)E(Y) = ( X2) - E(X)E (cX)

¢(1)—(0)(0) = ¢, and Corr(X,Y) = Cov(X,Y) / y/Var(X) Var(Y) = ¢/ /(1)(c?)
= ¢/ |c| = sgn(c), where sgn(c) = 1 for ¢ >0, sgn(c) = 0 for ¢ = 0, and
sgn(c) = —1 for ¢ < 0. Hence,

(a) lime\ o Cov(X,Y) = lime oc=0.

(b) lim, » Cov(X,Y) =lim, oc=0.

(c) limes o Corr(X,Y) = lime o sign(c) = 1.

(d) lim, o Corr(X,Y) = lim, -~ sign(c) = —1.

(e) As ¢ passes from positive to negative, Corr(X,Y’) is not continuous but
rather “jumps” from +1 to —1.

3.3.17 We have that E (X) = 1, Var(X) = 0%, E(Y) = pz, Var(Y) = 03, and
using (2.7.1) we have that

B(XY) = B ((u +0121) (42 + 02 (021 + V1= 9722) ) )

- ( pape + o1peZ1 + poapin Z1 + po10aZ3i

vV A/ = + poio
+oopir/1— p2Zy + o102/ 1 — p?Z1Z, ) Hif2 + pO102

where we have used E (Z1) = E (Z2) = E(Z122) = E(Z1) E(Z2) =0, E (Z3) =
1. So Cov(XY) = poioy and Corr(X,Y) = Cov(X,Y)/+/Var(X) Var(Y) =
(0102p) / \/(07)(03) = p.

3.3.18 We have that

o0 o0

E(X(X-1)=0> z@@-1)1-0"=0(1-0>> z(x—1)(1-0)""

x=0 =2

oo 2 (1 . 9)93 2 oo

_ . 2 _ _ 2 _ x

—0(1-0) ;:2: =00 m_2(1 0)
d? /1 2

— _ 2 —_ . i — — 2 —_— =

—0(1-0) ( 1-(1 9)) 0(1-0) = _

Therefore
Var (X) = 2(19—20) _ (1;0) ((190) 1)

(1-6)° (1-6) (1-6)/(1-0) (1-6)
:92+9:e<e+1):'
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3.3.19 We have that when X,..., X, are i.i.d. Geometric(f) then X = X; +
-+++ X, ~ Negative Binomial(r, ) . Therefore, Var(X) = r (1 — ) /6>.

3.3.20 We have that

e e} o a—1 0 Yo a4
E(X?) =/ z? /\x—e_’\’c da::/ A e M dx
0 ['(«) 0 ['(a)

o pagett 1 oo MNa+2) al(a+1)
=[] S———e'(/Ndt=—=— | t*Peldz= =
/0 N+l (a)“ (1/3) 22T () /0 ¢ T\ (a) 2

so Var(X) = a(a+1) /A% —a?/\? = a/)\2.

3.3.21 We have that F (XQ) = fooo 2ozt te " dx = fooo az®tle " dz, and
putting u = 2%, z = u!/*, du = ax®'dx we have that E (XQ) = fooo u?/ e dy
=T(2/a+1)and Var(X) = F (X2) — (E(X))2 =T2/a+1)-T2(1/a+1).

3.3.22 We have that

E ((X—|— 1)2) = /Ooo(x—i— D2a(l+2) > de = /Oooa(l +z) M da

a 7a+200
_) =m0+ 0 a#2 :{ 00 Q<a§2
aln(1+z)|)° a=2 a/(a—2) ifa>2.

Therefore, when a > 2,

Var(X)=F ((X+ 1)2) —2E(X)-1-(E(X))*

o 2 L 1
T a-2 a-1 (a—1)
_a@—1)?—2@-D(@=-2)—(a-1)’(@-2) — (@—2)
(a—=1)*(a—2)
T (a-1(a-2)
3.3.23 We have that E (X?) = [“a%¢*de = I'(3) = 2 = Var(X) since

E(X)=0.
3.3.24 We have that

E(X2)2/01 o I'(a+0) 21— 2)' ! da = F(a—i-b)) /leaﬂ(l_x)b—l da

“ T(@r ) T (a)T (b
_I'(a+b) I'(a+2)T(b) aa+1)
" T(a)T(b) T(a+b+2) (a+b)(at+b+1)
Therefore
5 2 a(a+1) a \?
Var (X) = B(X7) = (B(X)) _(a+b)(a+b+1)_(a+b)
_a(a+1)(a+b)—ala+b+1) ab

(a+0)>(a+b+1) (a+b)’(a+b+1)
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3.3.25 We have that X; ~ Binomial(n, ;) so that F(X;) = n#f;, Var(X;) =
nb; (1 —6;). Also,

n n—ri
n
E (X1X5) 071652052
( ! 2 Z lex <$1x2nx1$2)

x1=0 x2=0
n n—x n—9
n(n—1)60,0
1211221I2§:1(z11x21n2(:c11)(x21)>

X9T1716§2710§L 2—(z1—1)—(xz2—1)

n—2 n—2—x1
—2
= 16,0 0710320527717 = np, 6
S0 Y00 S (RN [

x1=0 x2=0
since the sum is the sum of all Multinomial(n — 2, 6, 65, 63) probabilities. There-
fore, COV(Xl, XQ) =N (’fl — 1) 0192 — TL29102 = *710192.
3.3.26 We have that X; ~ Beta(ay,as + as), so E(X1) = a1/ (a1 + az + as)
and Var(X;y) = ag (e + a3) /(o1 + a2 + 043)2 (1 + a2 + a3 + 1) by Problem
3.3.24. Also,

E(X1Xs)

1—x2
Oé1+042+043) a1—1_as—1 as—1
1—x — dzy d
/ / T1Ta (aq) QQ)F(QB)xl 252 (1= 21 — 22) L1 T2

(051+Oé2+0é3 1=z2 o _
= F(al) 36111’22 1 — T — $2)a3 ! dSCl d$2
_ F(Oé1+042+043) (a1+1)F(a2+1)F( )

B F(al)F(OéQ)F(ag) F(Oél +(X2+O&3+2)
- 102

o (041+042+043)(041+042+043—1)

SO
Cov (X0, Xo) = g B a1 i
(1 + s+ a3) (a1 +as+az+1) (a1 +as + as)
— Q109

(al +a2+a3)2(a1 +(X2+0¢3+1).
3.3.27 We have that

min(n,M (M) (NfM)
EX(X-1)= Y a(-1)ielle=)
rz=max(0, n+M—N) (n)
min(n,M) M\ (N—M
z=max(2,n+M—N) n
et (5050

B M (M —1)
- (n - 1) N (N - 1) w—max(QZnJrMN) (]7\;—22)
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ooy M@—ny o U (M (VM)

=n(n I)N(Nfl) Z N—2
z=max(0, n—2+(M—-2)—(N-2)) (n—2)

_ M (M —-1)

== DR

as we are summing all Hypergeometric(N — 2, M — 2, n — 2) probabilities. There-
fore,

Var(X):n(n—l)m—nN nﬁ—l

M(n—1)(M—1)N— (N —1)(nM — N) %( M) (N —n)

-"N N(N—1) -"N (N-1)

M (M —1) M( M )

N

3.3.28 In Exercise 3.3.15, we showed that (1) the joint probability P(X =
x,Y =y) = (1/6) - (Z)(l/?)’” forz =1,...,6,y =0,...,2, otherwise P(X =
z,Y = y) = 0and (2) E(X) = 7/2,E(Y) = 7/4, E(XY) = 91/12 and
Cov(X,Y) = 35/24. To compute Corr(X,Y), the variances are required. E(X?) =
S om1 g0 (1/6) (3)27 = 35 @/6 = 91/6 and E(Y?) = Y30, 3y
y2(1/6)(;)2_’” = Z?:1 z(x + 1)/24 = 14/3. Hence, Var(X) = E(X?) —
(E(X))? =35/12 and Var(Y) = E(Y?)—(E(Y))? = 77/48. Therefore, Corr(X,Y)
= 35/24/./(35/12)(77/48) = v/55/11 = 0.6742.

Challenges

3.3.29 Assume Y is discrete, with Y > 0 and E(Y) = 0. Then0=3" y P(Y =
y) = > >0y P(Y =y). But the only way a sum of non-negative terms can be
0 is if each term is 0, i.e., y P(Y = y) = 0 for all y € R!. This means that
P(Y =y) =0 for y #0, so that P(Y =0) = 1.

3.3.30 Let C = E(X), and let Y = (X — C)%2. Then Y > 0, and E(Y) =
Var(X) = 0. Hence, from the previous challenge, P(Y =0) = 1. But Y =0 if
and only if X = C. Hence, P(X =C) = 1.

3.3.31 Let C = > ;2 1/k% (Then C = ((3) = 1.202, but C cannot be ex-
pressed precisely in elementary terms.) Let P(Y = k) = 1/Ck® for k =
1,2,3,.... Let X =Y +5—72/6. Then E(Y) = > o, k(1/k*) = > 1o (1/k?) =
72/6,50 E(X)=E(Y)+5—72/6 =m2/6+5— m2/6 = 5. On the other hand,
E(Y?) =37 k2 (1/k3) = 5772, (1/k) = oo. It follows that E(X?) = co and
that Var(X) = co.

3.4 Generating Functions

Exercises

3.4.1
(a) r2(t) = B(t7) = Y230, ¢5(1/2%) = (1/2) / [1 - (t/2)] = t/(2 — 1). Hence,
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() = (2 —-6)(1) — (1)(=1))/(2 - 1)* = 2/(2 = 1)?, s0 1,(0)
P(Z =1). Also, r}(t) = £[2/(2—1)% = —4/(t — 2)3, so }(0)
1/2 = 2(1/4) =2 P(Z = 2).

(b) Note that Z = X + 1, where X ~ Geometric(1/2). Hence, E(Z) = E(X) +
1= 1+1=2, and Var(Z) = Var(X) = (1 — (1/2))/(1/2)? = 2, where E(Z2)
Var(Z) + E(Z)? =2+ 22 = 6. On the other hand, mz(t) = E(e!?) = rz(et) =
e'/(2—e?). Hence, m',(t) = [(2 —e)(e?) — et (—e")]/(2 —e')? = 2¢' /(2 — €?)?, s0
m,(0) =2 = E(Z). Also, m}(t) = 2¢'(2+¢€') /(2 — €')3, so m,(0) = 2(3)/13 =
6 = E(22).

3.4.2 Here mx(s) = (e*0 + 1 — 0)™. Hence, m/y(s) = e*0n(e®0 +1 —0)" "1, so
m/y (0) = nf. Then m/y(s) = €2*6°n(n—1)(e*0+1—0)""2+e*On(e*0+1—0)" "1,
so m’%(0) = 6?n(n — 1) + On. Hence, Var(X) = E(X?) — E(X)? = m%(0) —
(m/x(0))? = 6?n(n — 1) + On — (n0)? = nd(1 — 0).

(
3.4.3 Here my(s) = =Y. Hence, mi (s) = Ae®eM =D 50 mi(s) = \.
Also, my-(s) = (Ae® + A\2e?*)eMe =D 50 mfy.(s) = A+ A2, Hence, Var(Y) =
B(Y) = B(Y)? = (0) — (g (0))° = A+ 3 = () =\
3.4.4 ry(t) = E(tY) = B35 =t E((£3)%) = tYrx (£3).
3.4.5 my(s) = E(e’Y) = E(e*GX+Y) = B EB(e?%X) = e**mx (3s).
3.4.6 We know m/% (s) = e2*0?n(n—1)(e*0+1—0)""2+e*0n(e®0+1—-0)""1, so
mi(s) = e*nf(1—(e*—1)0)"3[1—(e*(3n—1)+2)0+ (1 —e*(3n—1)+e?*n?)6?],
so B(X3) =m%(0) =nb[l — 3(n—1)0 + (n® — 3n + 2)0?].
3.4.7 We know from previously that m4(s) = (Ae®+A\2e?*)eMe 1) so my(s) =
M Des\(1 4+ 3e° A + €25A2), and E(Y3) = m{/(0) = A(1 + 3\ + \2).

3.4.8

(3) rx(t) = E(2%) = (2)(1/2) + (£)(1/3) + ()(1/6).

(b) ' (t) = (26)(1/2) + (5¢*)(1/3) + (7t°)(1/6). Hence, r'y(0) = 0= P(X = 1).
iuon ;)é( ) = ()2)(1/2) (20£3)(1/3) + (42¢5)(1/6). Hence, 1'% (0) = (2)(1/2) =

(c) mx(s) = E(e*¥) = (621)(1/2) + (€)(1/3) 4 (7)(1/6).

mly (s) = (22%)(1/2) + (5¢°%)(1/3) + (7€7)(1/6). Hence, m'y(0) = (2)(1/2) +
(5)(1/3) + (7)(1/6) = E(X). Also, m/x(s) = (22¢**)(1/2) + (5%¢°*)(1/3) +
(7%€7*)(1/6). Hence, m’ (0) = (2%)(1/2) + (5%)(1/3) + (7°)(1/6) = E(X?).
Problems

3.4.9

(a) mx(s) = BE(e?X) = folo e**(1/10)dz = (1/10)(e'%* —1)/s for s # 0, with (of
course) mx (0) = 1.

(b) For s # 0, m’(s) = (1/10)(s(10e'%%) — (e'%* — 1))/s*. We then compute
using L’Hopital’s Rule (twice) that m'y (0) = lims_,oc m'y (s) =5 = E(X).

3.4.10 We have that 7y (t) = S50 (t(1—-6))"0 = 6(1 —t(1—0))"", pro-
vided [t (1 —0)| < 1. Then % (£) =0 (1 —6) (1 —t(1—6)) >,
) =20(1—0)° (1 —t(1—0)"> sor% (0)/2=0(1—0)>.
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3.4.11 We have that 7y (t) = > 00, ("2 ) (¢ (1—0)" 0" =0" (1 —t(1—0))"",
provided |t (1 —0)| < 1. Then v (t) = 70" (1 —0) (1 —t (1 —0))"""" 7% (t) =
r(r—1)0"(1—0)>1—t(1-0)""% s0r% 0)/2=r(+1)6"(1—0)/2

— ('r+§71)0r (1 _ 0)2 )

3.4.12

(a) mx(s) = E(e’X) =327 e5(1-0)*0 = 0/ (1 — e*(1 — 6)) , provided |e®(1—
0)| < 1,ie., s < —log(l—9).

(b) mX(s) =L@/[1—e(1-0)]) =001 —0)e*/[1 —e*(1 —0)]> Hence,
B(X) = mh(0) = 0(1— 6) /[1 - (1 6)]2 = (1~ 6) .

(c) ms (s ) = (e®9(1 — 0)(1 + e5(1 — 0))) /[L — e*(1 — 6)]>. Hence, E(X?) =
mx (0) = (01 —0)(2 9)2/[ ]? = (1-0)(2-0)/6 so Var(X) = E(X?) —
E(X)?=[1-0)(2-0)/0°] - [(1-0)/0]> = (1-0)/6>.

3.4.13 We use the result of 3.4.12 and the fact that if X;,..., X, is a sam-
ple from the Geometric(d) distribution, then X = X; + --- + X,. ~ Negative-
Binomial(r, 6) .

(a) mx(s) =mx, (s)---mx,(s) =0"/(1—e*(1-0))".

(b) ml(s) = res(1 — )07/ (1—e*(1—0))""", so B(X) = mi(0) = r(1 —
0)0" /67Tt =r(1—-0)/6.

(c) m(s) = re*(1—0)0"/ (1 —e*(1—0))"" +
r(r+1)e2(1—60)%20"/(1—e*(1—0))"", so Var(X) = m%(0) — (r(1 — 6)/0)*
= r(1—0)07 /07 +r(r4+1) (1 — 0)207/67+2 — (r(1 —0)/0)* = r(1 —0)/0 +
r(1—0)%/0? =r(1—0)/0°.

3.4.14 1y () = E (¢ ( ) E (ta+bX) E (tath) _—y (th) _—s ((tb)X> =

torx (1Y) and my ( B (eY) = B (701X = B (eotehX) = ot ()
e E (X)) = etmy (bt).

3.4.15 Write Z = p+ 0 X, where X ~ Normal(0,1). Then my(s) = E(e*?) =
E(es(quaX)) — Sk +E(esaX) — SH -l—mx(O'S) — eSH +e(gs)2/2 — oSt +60282/2~

3.4.16

(a) mY(S) = E(esy> = ffo Sy e‘y‘/2 dy f— f Sy ey/2 dy _|_ f Sy e_y/2 dy =
2 els=1/2y gy [0 ety dy = 1/(1/2—5)41/(1/2+5), provided |s| < 1/2.
(b) mi(s) = (1/2—35)"2 = (1/2+ )72, 50 E(Y) =m}{(0) =4 — 4 =0.

(c) mi-(s) =2(1/2 — s)™3 +2(1/2 — s)73, so E(Y?) = m{-(0) = 16 + 16 = 32,
where Var(Y) = E(Y?) — E(Y)? = 32.

3.4.17 E(X*) = [[FaFaz*le ™ dz = [ az®tF"le7*" dz and putting
u = z%2 = u"/* du = az® 'dx we have that E(X) = I uF/ e du =
I'(k/a+1).
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3.4.18 Weput u=1/(1+x) so xz = (1/u) — 1,dz = —du/u® so

o0 o o0 17 k
E(Xk):/ fa(l+2)™ 1d$:oz/ ( uu) u® "t du
0 0

= a/ w1 (1 = w)¥ du
0

00 O<a<k 00 O<a<k
= D(a—k)[(k+1 = D(a—k)[(k+1
e kllk+1) F(OBJF(D ) a>k. ( F()a)( ) a>k

3.4.19 Putting z = Inz so that x = exp(z),dx = exp(z)dz, we have that

E(XxF)
:/ 271'7' { (lgx } / 2nT xp{—%}dm

—/ exp(kz) _1 e e dz=¢e s
=/ Xp 5= P "5 Xp 4

since this is the moment-generating function of the NV (O7 7'2) distribution at k.

3.4.20

S a—1 oo a—1
m(s) = / e”t () e MAdr = )\/ () e~ (A7 4y
0 0

I'(a) I'(a)
_{ %) t> A
oope t<k

3.4.21 The mgf of the Poisson();) equals m; (s) = exp{\; (e —1)}. Then the
mgf of Y = X3 + -+ + X, is given by (Theorem 3.4.5)

= Hmi (s) = Hexp{/\i (e —=1)} =exp {Z)\, (e — 1)}

and we recognize this as the mgf of the Poisson(>"-_; ;) . Therefore, the unique-
ness theorem implies that this is the distribution of Y.

3.4.22 The mgf of the Geometric(6) distribution is given by 6/ (1 — e*(1 — 0)).
Therefore, the Negative Binomial(r, ) distribution has mgf given by m(s) =
07/ (1 —e*(1 —0))" since it can be obtained as the sum of r independent
Geometric(f) random variables and we use Theorem 3.4.5. Then X; has mgf
given by m; (s) =071/ (1 —e*(1 — )" and, using Theorem 3.4.5 again, we have
that Y has mgf

= _Hmi (s) = _H(?”/ (1—e(1-0)"

=OEE T (1= et (1= )=
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and we recognize this as the mgf of the Negative Binomial(r;, ) distribution.
Therefore, by the uniqueness theorem this is the distribution of Y.

3.4.23 The Gamma(a, \) distribution has mgf A%/ (A — ) for ¢t < A by Prob-
lem 3.4.20. Therefore, by Theorem 3.4.5, Y has mgf

5) = ﬁml HA% )N = AT () )=
i=1

and we recognize this as the mgf of the Gamma(}_;" | a;, A) distribution so, by
the uniqueness theorem this must be the distribution of Y.

3.4.24 By Theorem 3.4.7 the mgf is given by (using mx, (s) = A/ (A — s) and
ry(t) =exp{A(t—1)})

A A

mgy(8) = ry (mx, (8)) =exp {)\ ()\_ - 1)} = exp{/\ss}.
/

Then mlg _(s) —exp{ S} (;‘fs) :exp{)\’\fS

is the mean.

3.4.25 By Theorem 3.4.7 the mgf is given by (using mx, (s) = A/ (A — s) and
rn(t) =0(1—t(1—-6)")

} A2(A—s)"2 and mly_(0) = 1

mse (o) = (mx, () =0/ (1= 7251 -0) )

Then

"= (1- 50 —9))2 U= a Ty

s0 15, (0) = (1-6) / (M)

3.4.26 Here cx(s) =1 —p+ pcoss + ipsins, so dy(s) = —psins + ipcoss,
iB(X) = dx(0) =ip, E(X) =p.

3.4.27

(a) We can write Y = X1+Xo+...+X,,, where the {X;} are i.i.d. ~ Bernoulli(p).
Hence, ¢y (s) = ¢x, (s)ex,(s) .. .cx,, (s) = (1 —p+ pcoss + ipsin s)™.

(b) ¢ (s) =n(l —p+pcoss+ipsins)"~1(—psins +ipcoss). Hence, iE(Y) =
& (s) =nl1""1(ip) = inp, so E(Y) = np.

3.4.28 The sample mean has characteristic function given by
o s n n s
cx (s)=E(exp{isX})=FE (exp {ZE E_l Xl}> = 1:[10X1 (E)
S\\™ I\
= — = _— = — t
(o5 (2))" = (e {-}) =ew i
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and we recognize this as the cf of the Cauchy distribution. Then by the unique-
ness theorem we must have that X is also distributed Cauchy. This implies that
the sample mean in this case is just as variable as a single observation. So in-
creasing the sample size does not make the distribution of X more concentrated.
In fact, it does not change at all!

3.4.29 The cf of the N(0, 1) distribution is given by

< 1 >~ 1 1
c(t) :/ e”w\/ﬁeﬂ”z/2 dz :e_t2/2/ mexp{—i(x—itf} dx

_ 42
=et/2

Therefore, if X = p+ 0Z, where Z ~ N(0,1), then X ~ N(u,0?) and X has
mgf

ex(t) = E (%) = B (eit(;uraz)) = ¢t (177 = eithe (to)

{2
= exp ztu—T .

Then we have that In cx (t) = itu—o2t?/2so (Incx (t))" = ip—o?t, (Incx(0)) /i =
v and the first cumulant is p. Also, (Inex (t))” = —o? and so (Incx (0))" /i? =
0?2 and the second cumulant is 2. Also, all higher order derivatives of Incx ()
are 0, so all higher order cumulants are 0.

3.5 Conditional Expectation

Exercises

3.5.1
(a) BE(X|Y =3) = > 2 P(X = z[Y = 3) = (2)((1/5)/(1/5 + 1/5)) +

(3)((1/5)/(1/5+1/5)) = 5/2.
(b) BE(Y[X = 3) = > yP(Y = y|X = 3) = (2)((1/5)/(1/5 + 1/5)) +
(3)((1/5)/(1/54+1/5)) + (17)((1/5)/(1/5+1/5+1/5)) = 22/3.
() B(X|Y =2) = > aP(X = x|V =2) = (2)((1/5)/(1/5 + 1/5)) +
(3)((1/5)/(1/5+1/5)) = 5/2. Also E(X|Y =17) = > 2 P(X = z|Y =
17) = (3)(1/1) = 3. Hence,

5/2 Y =2

EX|Y) = ¢ 5/2 Y =3
3 Y =17

(d) EY|X =2) =% yPY =y|X =2) = (2)((1/5/(1/5+1/5)) +
(3)((1/5)/(1/5 + 1/5)) = 5/2. Hence,

5/2 X =2
BY1X) = { 24/3 X=3
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3.5.2

(a) fx(z) = [7 fxy(2,y)dy = fO [9(zy-+2°y°)/16000900] dy = (92+18755)/
1280072

() fr(y) = [Z fxy(@y)de = [[9(zy + 255)/16000900] dz = (18y +

1536y° )/4000225
(¢) For 0 <y <5,

Bx|Y =y = [ " fxpy (aly) da = / T (@) fr @) de

= / ) z (9(zy + z°y°) /16000900) /((18y + 15361°)/4000225) dx
0
= [8(7 + 768y™)] / [7(3 + 256y)].
Hence, E(X |Y) = [8(7 4 768Y4)] /[7(3 + 256Y*)] for 0 <Y < 5.
(d) For 0 < x < 4,
B Ix =)= [ yhixtidy = [ ylfxrlen)/ix@)dy

= / i y (9(zy + x59°)/16000900) /((9z 4 18752°) /1280072) dx:
0
= [70 + 187502%] / [21 + 4375z%].
Hence, E(Y | X) = [70 + 18750X 4] / [21 4 4375X].
(e)
E(E(X|Y)) = B(8(7+768Y")] / [7(3 + 256Y*)])

- /7 " [8(7 4 768y / [7(3 + 2564")] fy (9) dy

= / 5[8(7 + 768yM)] / [7(3 + 256y™1)] [(18y + 1536°)/4000225] dy
0

= 3840168,/1120063 = 3.42852857

On the other hand, E(X) = [%_ = fx(z)dz = f04 2 [(92+18752°)/1280072] da =
3840168,/1120063 = E(E(X |Y)).

3.5.3

() EY[X=6)=3 yPY =y|X=6)=> yPY =y, X=6)/P(X=

6) = (2)((1/11)/(4/10)) + (3)((1/11)/(4/11)) + (N)((1/11)/(4/11))

(13)(1/11)/(4/11)) = 25/4 = 6.24.

b) B(Y | X = —4) = 5, y P(Y = y, X = —4)/P(X = —4)
(2)((1/11)/(7/11)) + 83 )((2/11)/(7/11)) + (7)((4/11)/(7/11)) = 36/7 = 5.14.

c) E(Y | X)=25/4 whenever X =6 and E(Y | X) = 36/7 whenever X = —4.

5.

)

—~

WA

E
4
E

—~

a) EX|Y=2)=) 2P X=z|Y=2)=) 2PX=2z Y=2)/PY =

Y =
= (=4)((1/11)/(2/11)) + (6)((1/11)/(2/11)) =

[\
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(D) E(X|Y =3) =3, e P(X =2, Y =3)/P(Y =3) = (=4)((2/11)/(3/11))+
(6)((1/11)/(3/11)) = =2/3.

(©EX|Y =7 =3, 2P(X=2Y="7/PY =7)=(-4)((4/11)/(5/11)) +
(6)((1/11)/(5/11)) = —2.

(A EX|Y=13)=)_ 2P(X =2, Y =13)/P(Y =13) = (6)((1/11)/(1/11))
= 6.

() E(X|Y) = 1 whenever Y = 2; E(X|Y) = —2/3 whenever Y = 3,
E(X|Y)=—2whenever Y =7, and E(X |Y) = 6 whenever Y = 13.

3.5.5 We have that F(earnings|Y = “takes course”) = $(1000(.1) + 2000(.3)
+3000(.4) 4+ 4000(.2)) = $2700, while F(X|Y = “doesn’t take course”) =
$ (1000(.3) + 2000(.4) + 3000(.2) + 4000(.1)) = $2100. Therefore, by TTE we
have that F(earnings) = $ (2700 (.4) + 2100 (.6)) = $2340.

3.5.6 Let Y be the number showing on the second die. Then, X and Y are
independent and have the same distribution. Also Z = X + Y.

(a) B(X)=Y0_, 2(1/6) = 7/2 as well as E(Y) = 7/2.

b)) EZIX =1)=EX4+Y|X=1)=14+EY|X =1 =1+ E(Y) =
1+ (7/2) = 9/2. In the third equality, Theorem 2.8.4 (a) is used.

()E(Z|X =6)=E(X+Y|X =6)=6+E(Y|X =6)=6+FE(Y)=6+(7/2) =
19/2. For (d)-(h), note that P(Z = z) = (6 — |7 — 2])/36 for z =2,...,12. The
conditional probability is given by P(X = z|Z =2)=P(X =2,Z = z2)/P(Z =
2)=P(X=a,Y=z—2)/P(Z=2)=1/[36P(Z = 2)] =1/(6 — |7 — z]|) for

x=max(l,z—06),...,min(6,z — 1) and z = 2,...,12. Hence,
min(6,z—1) "
E(X|Z =2)= _—
z=max(1,2—6)

(max(1,z — 6) + min(6,z — 1))(min(6,z — 1) — max(1,z2 —6) +1) =z

26— |7 — z)) 2

(d) The event Z = 2 implies X =1 and Y = 1. Hence, E(X|Z =2) =1. Tt
is the same to z/2 = 2/2 = 1. (e) When Z = 4, P(X = z|Z = 4) = 1/3 for
x =1,2,3, otherwise 0. Hence, E(X|Z =4) = (142+3)/3 =2 =4/2. (f) When
Z=6,P(X =z|Z=6)=1/5forxz=1,2,3,4,5, otherwise 0. Hence, F(X|Z =
6)=(1+-—+5)/5=3=6/2 (g) When Z =7, P(X = 2|Z = 7) = 1/6 for
x =1,...,6, otherwise 0. Hence, E(X|Z =7)=(1+---46)/6=7/2="7T/2.
(h) When Z =11, P(X = z|Z = 11) = 1/2 for = 5,6, otherwise 0. Hence,
E(X|Z =11) = (5+6)/2 = 11/2 = 11/2. Hence, the theoretic result and the

real computation coincide.

3.5.7 Let X and Y be the numbers showing on the first and the second dice.
(a) The event (W = 4) occurs only when (X = 1,Y = 4), (X =2,Y = 2),
(X =4,Y =1). Hence,

E(ZW =4) = (1+4)(1/3) + (2+2)(1/3) + (4 + 1)(1/3) = 14/3.



76 CHAPTER 3. EXPECTATION

(b) The event (Z = 4) occurs only when (X = 1,Y = 3), (X =2,Y = 2),
(X =3,Y =1). Hence,

E(W|Z=4)=(1-3)(1/3) + (2-2)(1/3) + (3-1)(1/3) = 10/3.

3.5.8 The joint probability is given by P(X = z,Y = y) = (1/6) (2)2*1 for
z=1,...,6,y=0,...,x, otherwise 0.

(a) The marginal probability of X is P(X = z) = 3/ _(1/6)(;)27* = 1/6.
Hence, P(Y = y|X = z) = P(X = 2,V = y)/P(X = z) = (;)2_’” ~
Binomial(x,1/2). Thus, we get E(Y|X =5)=5-(1/2) =5/2.

(b) P(Y =0) = 30 _,(1/6)(%)2~* = 21/128. Hence,

E(X|Y =0) me/m = 40/21.

(¢) P(Y =2) =35_,(1/6)(%)2* = 33/128. Hence,

6 _
()27°/6
E(X|Y =2) = ;xm =130/33.
3.5.9 Let X, Xo, X3 be the random variables showing the status of ith coin.
X7 = 1 means that the first coin shows head. Then, X = X; + X5 + X3 and
Y = X;. It is easy to check E(X;) =1/2 fori=1,2,3.
(a) The event Y = 0 implies X; = 0. E(X|Y = 0) E(X) + Xo + X31X; =
0) = (X, + X3l X; = 0) = (1/2) + (1/2) = 1.
(b) The event Y = 1 implies X; = 1. E(X|Y =1) = E(X; + Xo + X3|X; =
1)=14+E(Xs+ X3|X; =1)=1+(1/2) +(1/2) = 2. (c) The event (X = 0)
implies X7 = Xo = X3 =0. Hence, E(Y|X =0) = E(X;|X =0) =0.
(d) The event (X = 1) implies only one X; = 1 and the others are 0. Hence
PX;=1X=1)=1/3and E(Y|X =1) = E(X1|X =1) = (1)(1/3) +
(0)(2/3) =1/3.
(e) The event (X = 2) implies only one X; = 0 and the others are 1. Hence
PX; =1X =1)=2/3and E(Y|X =2) = E(X3|X =1) = (1)(2/3) +
(0)(1/3) = 2/3.
(f) The event (X = 3) implies X; = X3 = X3 = 1. Hence, E(Y|X = 3) =
E(X)X =3) = 1.
) From (c)-(f), E(Y|X) = X/3 is obtained.
) It is known that E(Y) = E(X;) = 1/2. From (g), E = F = E(X)/3 =
/2)/3 = 1/2. Hence, we get E[E(Y|X)] = E(Y).
5
)
)

By Theorem 3.2.3, E(Z) = E(XY) = E(X)E(Y) = (7/2)(1/2) = T/4.

By Theorem 3.5.4, E(Z|X = 4) = E(XY|X = 4) = 4E(Y|X =4) =
AE(Y) = 4(1/2) = 2.

(¢) By Theorem 2.84 (a), E(Y|X =4)=E(Y)=1/2.
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(d) The event (Z = 4) occurs only when X =4 and Y = 1. Hence, E(Y|Z =
4)=1.
(e) The event (Z = 4) occurs only when X =4 and Y = 1. Hence, E(X|Z =
4) =
3.5.11
(a) The marginal density of X is
fe) = [ poraiy= [ Sty = Se
M= Jp ey = 5 gt Y = g Ty
for 0 < z < 2, otherwise fx(z) = 0. Hence,
2 4 2 —
6 1 6 /x T\ |T=2 27
E(X)= - —(2? —)d :—(— —) = —.
(X) /Ox @ P =\ T )T 1

(b) The marginal density of Y is

2
fr(y) = . fxy(z,y)de = /O 1%(332 +y)da = 1%(4 +3y%).

for 0 < y < 1, otherwise fy(y) = 0. Hence,

ooy 4 3o\ [v=1 52
E(Y) = (44 3% dy = — (242 —) -2
()/oylg(er)y 19(y+5)y:o 9
(c) The conditional density fxy (z[y) = fx,v(z,y)/ fv (y) = 3(z*+y*)/(8+6y*).
Hence,
=2 _32+y’)

3(2? + y?’)dm _ 3(@Y/4+ya?/2) =2
x=0 4 + 3y3 ’

2
E(X|Y =vy) :/o $2(4+3y3) 2(4 + 3y3)

(d) The conditional density fy|x(ylz) = fxv(z,y)/fx(z) = (22 + %)/ (2? +
1/4). Hence,

1 2 3 2,2 5 = 2
z°+y xy/2+y/5’y*1 x°/24+1/5
EY|X =zx)= - - .
¥ @) /ny2+1/4d$ 2 +1/4 ly=0  22+1/4

(e) The expectation of E(X|Y) is

pleci) = [ 3

12 gl 27
= — 2 —)’ = —.
19( YT ) 0 T 19

Hence, we get E[E(X|Y)] = E(X).
(f) The expectation of E(Y|X) is

2 2 2 .2
Bpvo = [ EEEE Sty har = 2 (24 e

3 o=
~5(F+ L%

112
(44 3y°)dy = /0 52+ y*)dy
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Hence, we get E[E(Y|X)] = E(Y).
Problems

3.5.12 We have that E(Y | X) is given by E(Y | X = 1) = 1(.3) +2(.4) +3(.3) =
2.0, E(Y | X = 0) = 1(.2) + 2(.5) + 3(.3) = 2.1.

So E(Y)=E(E(Y|X))=2(.75)+2.1(.25) = 2.025 and, of course, F(X) =
75.

The conditional distributions of X given Y are (using Bayes’ theorem):
XY =1~ Bernoulli(.3(.75) / (.3 (.75) + .2(.25))) = Bernoulli (0.81818),
X |Y =2~ Bernoulli(.4 (.75) / (.4 (.75) + .5(.25))) = Bernoulli(0.70588) , and
X |Y =3 ~ Bernoulli(.3(.75) / (.3 (.75) + .3(.25))) = Bernoulli(0.75) .
Therefore, E(X |Y) is given by E(X| Y = 1) = 081818, E(X|Y = 2) =
0.70588 and E(X |Y = 3) = .75.

3.5.13 We have that Y = X; + --- + X5 ~ Negative Binomial(5, ), and by
symmetry, each of the conditional distributions, X; given Y = 10, are the same.
Then E(X; |Y =10)=E(Y —Xo—---—X5|Y =10) = 10— 4E(X; | Y = 10),
so bE(X1]Y = 10) = 10 and E(X;|Y = 10) = 2. Note that this does not
depend on 6.

3.5.14

(a) E(Y|X)isgiven by E(Y | X =1)= .97 and E(Y | X =2) = .98.

(b) EY|X,Z)isgivenby EY | X =1,Z=0)=.99,EY |X=2,Z=0) =
8T, E(Y | X=1,Z=1)=.962,and E(Y | X =2,Z =1) = .960.

(¢) The conditional expectations all correspond to the conditional probabilities
of having a successful treatment, so the higher this probability is the better.
The conditional expectations E(Y | X) indicate that hospital 2 is better than
hospital 1, while the conditional expectations E(Y | X, Z) uniformly indicate
that hospital 1 is better than hospital 2.

(d) We have that

pryz(ﬂc Yy 2 )pXZ( z)

Zz:pnx,z(ym,z)PZ\X( px,z (®,2)  px ()

z
_ Z Px)y,z (xu Y, Z) _ bxyy (3372/)

= px (7) =DPy|x (y|z)

and

B(EY|X,2)|X) = S B(Y | X. Z)pz (2

:ZZprIX,Z(Z/|$aZ)PZ|X(z\z)
= px.y “f’ Pxvz (@.9:2) pxy.z(1.9,2)
—22 =Yy L

Yy z

—Z pXY Zypmx (y|z) = B(Y | X).
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(e) We have that E(Y | X =1,Z =0) = .99, E(Y | X =2, Z = 0) = .987,
EY|X=1,2Z=1)=.962 and E(Y | X =2,Z =1) = .960.

EY|X=1)
=E(Y[X=12Z=0pzx(0[)+EY|X=12=1)pzx (1]1)
— .99(.286) + .962(.714) = .97

EY|X =2)
=EY|X=27Z=0pzx(0[2)+EY|X=2,Z=1)pzx(1]2)
= 987(.75) + .960(.25) = .98,

so the result is verified numerically.

The paradox is resolved by noting that the conditional distributions of Z
given X indicate that hospital 1 has a far greater proportion of seriously ill
patients than does hospital 2.

3.5.15 Let S = {1,2,3}, P(s) =1/3 and X(s) = s for s € S, and A = {1, 3}.
Then P(A) > 0. Also, E(X ) (1)(1/3)+(2)(1/3)+(3)(1/3) = 2, and E(X?) =
(12(1/3) + (222(1/3) + B)2(1/3) = 14/3, 50 Var(X) = (14/3) — (2)° = 2/3.
On the other hand, E(X|A) = (1)(1/2) + (3)(1/2) = 2, and E(X?|A) =
(1)2(1/2) + (3)%(1/2) =5, 50 Var(X |A) =5 — (2)2 =1 > 2/3.

3.5.16 E(X)=E(E(X|Y))=E(a/)Y) =aE(1]Y) = a/A.

3.5.17 Using the analog of (2.7.1) we have that X = py + 0121,Y = po +
o2(pZ1 + /1 — p?Zsy), where Zy, Zs are i.i.d. N(0,1). Then X = z is equivalent
to Z1 = (& — p1) /o1 and Zs is independent of Z; (and so of X), so

E(Y\X:x):E(ug—i-ag (pZ1+MZ2) |X:x>

:E<M2+Uz (P (X_1M1> +ﬂ22> |X:x>
= pi2 + 02 (p (x_l’”) +ME(22)) = iz + po2 (””_“1>

Var(Y | X = z) = Var(oa\/1 —p?Z2 | X =) =05 (1 — p°) Var(Z2 | X = x)
=05 (1—p®) Var(Zs) = 03 (1—p?).

and

Using (2.7.1) we have that E(X |Y = y) = u1 + po1 (y — pe) /o2 and
Var(X |Y =y) =07 (1 —p?).

3.5.18 We have that X5 ~ Binomial(n, 63), so the conditional probability func-
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tion of X7 given X5 = x5 is given by

N 0 e s

T1 T2 N—T1—T2
()03 (1 — )"
- (n — $2)'0T1 (1 — 91 — Og)n_wl_wQ

B .’L‘l! (TL — X1 — 362)' (1 — 92)71_362

o n — Ty 91 1 1— 91 nTTL T
o X2 1-— 92 1-— 92

and this is the Binomial(n — 22,6,/ (1 — 63)) probability function. Therefore,
E(Xy|Xo=23)=(n—a2)01/(1 —63) and

Pxi|x, (ml ‘$2) =

0 0
Var(X1|X2:x2):(n—x2) 1_192 (1— 1_192> .

3.5.19 We have that the conditional density of X; given X5 = x5 is given by
(using Problem 2.7.17)

I'(a1+as+as) a1—1,_as—1 _ _ az—1
I (21| 22) = ManeaMag Y1 22° (1 —@1 —2)
X1[Xz W21 102) = L(a1+az+asz) :Cozzfl (1 g )a1+a3—1
T(az)T (o tagz) 2 2

(a1 + as3) x‘f“*l (1—mz1 — :102)%_1
F(al)l"(ag) (1 _xz)al-l‘as—l

o T (041 + 043) I -t 1— Tq as—1 1
_F(al)F(ag) 1—.%‘2 1—262 1—.%'2
and we see that X7/ (1 —x2) given Xo = x5 is distributed Beta(ag, as), so

(Problem 3222) E(X1 ‘XQ = SCQ) = (1 - $2) 041/ (041 + 043) R Var(X1 |X2 =
z2) = (1 - 352)2 araz/ (a1 + a3)2 (a1 +as+1).

3.5.20

(a) B(X?) = [ a? fx(z)de = [ 2 [(92 + 18752)/1280072] dz

= 1920072/160009. Hence, Var(X) = E(X?) — E(X)? = (1920072/160009) —
(3840168/1120063)2 = 307320963528 /1254541123969 = 0.244967.

(b)

E(E(X|Y)?) = E(([8(7 + 768Y")] / [7(3 4 256Y1)])?)

-/ " (8(7 + 689"/ (7(3 + 2565))° fi (9) dy

o0

= /5(8(7 +768y1))2/(7(3 + 256y1))? ((18y + 1536y°)/4000225) dy
0

= 11.754808401
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Hence,

Var(B(X |Y)) = E(E(X |Y)?) = B(E(X|Y))* = B(E(X|Y)?) - B(X)?
— 11.754808401 — (3.42852857) = 0.0000002196

which is extremely small.
(c) For 0 <y <5,

By =)= [ T2 fay (aly) de = / T2 (P (@, 9) fr (4) de

— 00

4
= / z2 (9(zy + z°y>) /16000900) /((18y + 15361°)/4000225) dx
0
= (24 + 3072y") /(3 + 256y™).
Hence, E(X?|Y) = (24 + 3072Y*) /(3 + 256Y*), for 0 <Y < 5. Then
Var(X |Y) = E(X?|Y) - BE(X|Y)?
= [(24 +3072Y") /(3 + 256Y)] — [(8(7 + 768Y™))/(7(3 + 256Y*))]?
= (8/49)(49 + 8064Y* + 98304Y %) /(3 + 256Y )2
(d) From part (c) we have that
E(Var(X |Y))

= / h [(8/49)(49 + 8064y + 98304y®) /(3 + 256y*)?] fy (y) dy

5
= / [(8/49)(49 + 8064y* + 983043°) /(3 + 2561%)2] [(18y + 1536y°) /4000225 dy
0
= 0.244967.

Then Var(E(X | Y)) + E(Var(X | Y)) = 0.0000002196 + 0.244967 = 0.244967 =
Var(X), as it should.

3.5.21 We have that E (g(X)h(Y) ||Z) =2 2y 9@NY)Px v 2 (2,y]2)

=2 .y 9@Ypx 1z (x| 2) Py 1z (| 2) = 32, 9(2)px1z (2] 2) 32, h(Y)py |2 (v | 2)
=E(9X)|2)EnY)|Z).

3.6 Inequalities

Exercises
3.6.1 Since Z >0, P(Z > 7)< E(Z)/7=3/1.
3.6.2 Since X >0, P(X >3) < E(X)/3 = (1/5)/3 = 1/15.

3.6.3
(a) Since X >0, P(X > 9) < B(X)/9 = (1—1/2)/(1/2)/9 = 1/9.
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(b) Since X >0, P(X >2) < B(X)/2 = (1 —1/2)/(1/2)/2 = 1/2.

(c) Since E(X) = (1 -1/2)/(1/2) =1, P(|X — 1] > 1) < Var(X)/1?2 = (1 —
1/2)/(1/2)?/1%2 = 2.

(d) The upper bound in (b) is smaller and more useful than that in (c).

3.6.4 Since E(Z) =5, P(|Z — 5| > 30) < Var(Z)/30? = 9/302 = 1/100.

3.6.5 Since E(W) = 50, P(|[W—50| > 10) < Var(W)/10% = 100(1/2)(1/2)/10?
1/4.

3.6.6 We have Cov(Y, Z) =Corr(Y, Z)/Var(Y) Var(Z) =

Corr(Y, Z)4/(100)(80 - 1/4 - 3/4) = Corr(Y, Z)/1500. This is largest when
Corr(Y,Z) = +1, where Cov(Y,Z) = /1500 = 38.73. This is smallest when
Corr(Y, Z) = —1, where Cov(Y, Z) = —+/1500 = —38.73.

3.6.7

(a) By Jensen’s inequality, E(X%) > E(X)* = [(1 — 1/11)/(1/11)]* = 10* =
10, 000.

(b) By Jensen’s inequality, E(X*) > E(X?%)? = [(1 —1/11)/(1/11)?)? = (10 -
11)% = 12,100, which is larger and hence a better lower bound.

3.6.8 It is known that E(X) = 7/2 and Var(X) = 35/12. Hence, P(X >

5or X <2)=P(|X — E(X)| >3/2) < Var(X)/(3/2)? = 35/27. Since 35/27 >
1, the Chebyshev’s inequality bound is meaningless for this problem.

3.6.9 Note that E(Y) = 4(1/2) =2 and Var(Y) =4(1/2)(1/2) = 1.

(a) P(Y > 3orY < 1) = P([Y — E(Y)| > 1) < Var(Y)/12 = 1. Hence,
Chebyshev’s inequality bound gives no improvement.

(b) P(Y > 4orY <0) = P(|Y — E(Y)| > 2) < Var(Y)/22 = 1/4. Hence,
Chebyshev’s inequality bound is 1/4.

3.6.10

(a) E(W) = [ wf(w)dw = fol w(?mf)dw = 3w4/4izzé =3/4.

(b) E(W?) = fol w?(3w?) = 3w5/5’3;(1] = 3/5. Thus, Var(W) = 3/5— (3/4)? =
3/80. Hence, the Chebyshev’s inequality bound is 3/5 because P(|W — E(W)| >
1/4) < Var(W)/(1/4)% = (3/80)/(1/16) = 3/5.

3.6.11
() B(Z) = [ 2f(2)dz = [ 2 2% /Adz = (7 /20)|"_2 = 8/5.
(b) For Chebyshev’s inequality, we need the variance of Z. E(Z?) = 02 2%

B)ddz = (25/24)|°22 = 8/3. Thus, Var(2) = E(Z%) — (E(2))> = 8/3 —

(8/5)% = 8/75. By Chebychev’s inequality,

Var(Z) 32
P(Z-E(Z)21/2) < ReE ~ 1

Hence, the Chebyshev’s inequality bound is 32/75.
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3.6.12

(a) By Cauchy-Schwarz inequality, |Cov(X,Y)| < \/Var(X)Var(Y) = 6. Hence,
the largest possible value of Cov(X,Y) is 6.

(b) By Cauchy-Schwarz inequality, |Cov(X,Y)| < /Var(X)Var(Y) = 6. Hence,
the smallest possible value of Cov(X,Y) is —6.

(c) The variance of Z is Var(Z) = (3/2)?Var(X) = 9. Cov(X, Z) = Cov(X,3X/2) =
(3/2)Var(X) = 6. Hence, the maximum covariance of X and Y is attained when
Y =3X/2 in part (a).

(d) The variance of W is Var(W) = (=3/2)*Var(X) = 9. Cov(X,W) =
Cov(X,—3X/2) = (—3/2)Var(X) = —6. Hence, the smallest covariance of
X and Y is attained when Y = —3X/2 in part (b).

3.6.13 Let X be the length of a randomly-chosen beetle. We know X > 0 and
E(X) = 35. By Markov’s inequality,

7
0 3016 0.4375.

Hence, 0.4375 is an upper bound of the probability P(X > 80).
Problems

3.6.14 Here X ~ Binomial(M,1/2),s0 E(X) = M/2 and Var(X) = M(1/2)(1-
1/2) = M/. Hence, by Chebyshev’s inequality, since E(X/M) = 1/2, P(|(X/M)—
(1/2)| > 9) < Var(X/]\l)/é2 Var(X)/M?§% = (M/4)/M?6* = 1/AM%. This
is < e provided M > 1/45%.

3.6.15 Let a = o and let P(X

=p—a) = P(X = p+a) = 1/2. Then E(X) = p,
Var(X) = o0?, and P(|X —p| > a) =

1=0?/a
3.6.16
(a) and (b)
B(X)=) aP(X =x;) = lel =z,
=1 i=1
Var (X) = 3 (i~ 22 P(X =25) = 3 (w1 — 7)° % =2,

=1

n 1
:Z(ﬂﬁ - ) (y —?J)Ezéxy

=1

Therefore rxy is as stated.
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(c) Let z7,.. 5 xr. be the distinct values in z1,...,x, and let f; denote the
frequency of =} in z4,.. . Then
n* n* ) 1
EX)=)» xiP = Z fi_ 1 x; =T
i=1 i=1 =
n* n* 1 n
Var () = 3 o7 -2 POX =) =Y =2 =13
i=1 i=1 i=1

and, similarly, all the other expectations remain the same.

(d) Since rxy is a correlation coefficient we immediately have, from the corre-
lation inequality, that —1 < rxy < 1 and rxy = +1 if and only if x; — T =
Sxy (yi—7) /8% fori=1,...,n.

3.6.17 From Chebyshev’s inequality we have that

P(X ¢ (7 — 28,7 +28) = P(IX — 7 > 26x) < —X_ =

so the largest possible proportion is 1/4.

3.6.18

(a) We have that [ (2/23) dz = —x_2|(1>0 =1, s0 fx is a density.

=[x (2/2%) do = [ (2/2?) do = —227| =2.

(c) Markov’s inequality says that P(X > k) < F(X)/k = 2/k, while the precise
value is P(X > k) = [ (2/23) do = —x_Q‘ZO = 1/k?, and we see that the
tail probablhty dechnes quadratically, while Markov’s inequality only declines
linearly.

(d) We have that E(X?) = [ 2? (2/2%) dz = [~ (2/z) dv = —2Inz|° = oo.
Therefore, Var(X) = oo and Chebyshev’s inequality does not provide a useful
bound in this case.

3.6.19

(a) For 0 < A <land z <y, g(Az+ (1 — N)y) = max(—Az — (1 — A)y, —10).
If z,y > 10, then g(z) = g(y) = g(Az + (1 — Ny) = —10. If z,y < 10,
then g(z) = —x, g(y) = —y, and gAz + (1 = N)y) = —(Az + (1 = Ny) =

Ag(z) — (1= N)g ( ). Finally, if x < 10 < gy, then g(x) = x and ¢(y) = —10, so
Ag(2)+(1=N)g(y) = A(=2) = (1-1)(=10) = A(=2)+(1-A)(=y)+(1-A)(y—10),
while Az + (1= A)y) < AM(—z)+ (1 =N)(—y)+ Az + (1 - Ny —10) < A(—z) +

(1 =) (=y)+ (1 - Ny —10)-
( 1)/5( 9(%)) = E(max(-Z,-10)) > g(E(Z)) = g(1/5) = max(-1/5,-10) =
3.6.20

(a) f'(x) = paP~ L f"(z) = p(p—1)aP~2 > 0 for all x > 0 since p > 1.
Therefore, f is convex on (0, 00).

(b) By Jensen’s inequality we have that E (f (X)) > f(E (X)), so E(|X[") >
(1B (X)) and (E (| X[P))"" > |E(X)].
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(c) We have that Var(X) = E (X?) — (E (X)) and E (X?) — (E(X))* =0
if and only if F (X?) = (E(X))? and this true (by Jensen’s inequality) if and
only if X? = a+ bX for some constants a and b. The only way this can happen
is if X is degenerate at a point, say ¢,a =0 and b = c.

Challenges

3.6.21 If f and —f are convex, then for all z < y and 0 < A < 1, f(Az + (1 —
Ny) = Af(@) + (1= N f(y) and —F + (1 A)y) = ~Af(@) — (1= \)f(y), s0
fAz+(1=N)y) < Af(2)+(1=A)f(y) and f(Az+(1-A)y) = Af(2)+(1=A)f(y).
Hence, the graph of f from x to y is a straight line, so f must be a linear function,
ie., f(z) = ax + b for some a and b.

3.7 General Expectations

Exercises
3.7.1 E(X;) =3, BE(X3) =0, and E(Y) = (1/5)E(X1) + (4/5)E(X3) = 3/5.
3.7.2 E(X) = (1/6)(7/2) + (5/6)(9/2) = 13/3.

3.7.3 Here P(X <t) =0for ¢t < 0, while P(X >¢t) =1for 0 <t < C and
P(X >t)=0fort > C. Hence, E(X) = [° P(X > t)dt — [°_ P(X <t)dt =
S vdt+ [odt— [°_0dt=C+0-0=C.

3.7.4 Here P(Z > t) = 0 for ¢ > 100. Hence, E(Z) = [;° P(Z > t)dt —
[P o P(Z<tydt< [CP(Z>t)dt= [, P(Z>t)dt < [,*° 1dt = 100.

375Forz<0,PX<z)<PX<z)=1-P(X>z)=1-1=0. From
Definition 3.7.1,

E(X):/OOOP(X>t)dt—/O P(X<t)dt:/01P(X>t)dt+/looP(X>t)dt

— 00

U B S L R
= —t: |:——:| = = 2.
+/0 2 Tl T

376For2<0,P(Z<z)<P(Z<z)=1-P(Z>z=1-1=0. From
Definition 3.7.1,

E(Z) = /OOO P(Z > t)dt — /O P(Z < t)dt

— 00

5 8 oo
:/ P(Z>t)dt+/ P(Z>t)dt+/ P(Z > t)dt — 0
0 5 8

5 8 oo 2 —
_ — 21t=8
:/ 1dt+/ udt+/ Odt:5+[u] 40
0 5 3 8 3 t=5

—5+3/2=13/2.
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3.7 7TForw <0, PW <w) <PW<w)=1-PW>w)=1-1=0. By

Definition 3.7.1, E(W) = [° P(W > t)dt — [°_ P(W < t)dt = [;° e tdt —
s (=

ffoo 0dt = —¢ 55 :O = L. The density of W at w is fw(w) = £ P(W < w) =
t—

L(1-P(W >w))=-(1-e5) =5e75 for w > 0, otherwise fy (w) = 0.

Hence, W ~ Exponential(5). We know the expectation of Exponential(\) is

1/A. That coincides with the computation result.

378 Fory <0, P(Y <y) <PY <y =1-PY >y)=1-1=0. By
Definition 3.7.1,

E(Y):/OOOP(Y>t)dt—/O P(Y<t)dt:/ooe‘t2/2dt—/0 0dt

—00 0 —o00

= (2m)"/? /000(27r)1/26t2/2dt = (2m)Y%(1/2) = (x/2)'/? = 1.2533.

3.7.9 For w < 0, P(W < w) < P(W < w) = Fy(w) = 0. For 0 < w < 10,
PW>w)=1-PW <w)=1—-Fy(w)=1-0=1. For 10 < w < 11,
PW>w)=1-P(W <w)=1-Fy(w)=1—(w—10) = 11 —w. For w > 11,
PW>w)=1—P(W <w)=1- Fy(w)=1-1=0. By Definition 3.7.1,

E(W)—/OOOP(W>t)dt/O POW < t)dt

—00

10 11 oo 0
:/ 1dt+/ 117tdt+/ Odtf/ 0dt
0 10 11 —o0

=10+ [11¢ —¢2/2], ", =10+ 1/2 = 21/2.

Challenges

3.7.10 If X > ¢, then since Y > X, we also have Y > X > ¢. Hence, {X >t} C
{Y" > ¢}, so, by monotonicity, P(X > t) < P(Y > t). Similarly, P(X < t) >
P(Y < t). Then E(X) = [[°P(X > t)dae — [°_P(X < t)de < [ P(Y >
t) dw — fBOO P(Y <t)dx = E(Y), as claimed.



Chapter 4

Sampling Distributions and
Limits

4.1 Sampling Distributions

Exercises

4.1.1

P(Y;=1)=(1/2)(1/2)(1/2) = 1/8

P(Y3=2)=(1/4)(1/4)(1/4) = 1/64

P(Y;=3)=(1/4)(1/4)(1/4) = 1/64

P(Ys =2Y/3) = (1/2)(1/2)(1/4) + (1/2)(1/4)(1/2) + (1/4)(1/2)(1/2) = 3/16
P(Ys = 3Y3) = (1/2)(1/2)(1/4) + (1/2)(1/4)(1/2) + (1/4)(1/2)(1/2) = 3/16
P(Ys = 4'3) = (1/2)(1/4)(1/4) 4+ (1/4)(1/2)(1/4) + (1/4)(1/4)(1/2) = 3/32
P(Ys = 9Y3) = (1/2)(1/4)(1/4) + (1/4)(1/2)(1/4) + (1/4)(1/4)(1/2) = 3/32
P(Ys = 12Y/3) = (1/4)(1/4)(1/4) 4 (1/4)(1/4)(1/4) + (1/4)(1/4)(1/4) = 3/64
P(Ys = 18Y/3) = (1/4)(1/4)(1/4) + (1/4)(1/4)(1/4) + (1/4)(1/4)(1/4) = 3/64
P(Ys = 6Y/3) = (1/2)(1/4)(1/4) + (1/4)(1/2)(1/4) + (1/4)(1/4)(1/2)+

(1/2)(1/4)(1/4) + (1/4)(1/2)(1/4) + (1/4)(1/4)(1/2) = 3/16

4.1.2 If Z is the sample mean, then P(Z = 1) = 1/36, P(Z = 1.5) = 2/36,
P(Z =2)=3/36, P(Z =2.5) =4/36, P( =3) =5/36, P(Z =3.5) = 6/36,
P(Z = 4) = 5/36, P(Z = 4.5) = 4/36, P(Z = 5) = 3/36, P(Z = 5.5) = 2/36,
and P(Z =6) = 1/36.

4.1.3 If Z is the sample mean, then P(Z = 0) = p?, P(Z = 0.5) = 2p(1 — p),
and P(Z =1) = (1 —p)>

4.1.4 If Z is the sample mean, then

Z
Z

N N-1 N M
P(Z=0)= P(Z=05)=2
( Ll ey vy )= AN T MNT Mo
M M-1
P(Z=1)=

N+MN+M-1

87
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4.1.5 For 1 < j <6, P(max = j) = (j/6)% — ((j — 1)/6)2°.

4.1.6 Let X1, X5, X3 be the numbers showing on the three dice. Then, ¥ =
It6y(X1) + {6y (X2) + I16y (X3). Since X;’s are independent, Ity (X;)’s are i.i.d.
Bernoulli(1/6). It gives Y ~ Binomial(3,1/6).

4.1.7 Let X,Y be the two numbers showing on the two dice. Then, W = XY
and P(W =w) = |{(z,y) : w =2y for 1 <,y <6} because X and Y are a uni-
form distribution on {1,...,6}. Since, 1 < X, Y < 6, the range of W = XY is
[1,36]. However, not all values between 1 and 36 can be a value of w with positive
probability. For example, any number having prime factor greater than 6 can’t
be a possible value of W. Hence, the random variable W has a positive proba-
bility only at the values 1,2,3,4,5,6,8,9,10,12, 15,16, 18, 20, 24, 25, 30, and 36.

1/36 if w=1,9,16, 25, 36,
1/18 ifw=2,3,5,8,10,15, 18, 20, 24, 30,
P(W=w)= 1/12 if w=4,
1/9 ifw=26,12,
0 otherwise.

4.1.8 Let X,Y be the numbers showing on the two dice. Then, Z = X — Y.
The range of Z is [—5,5]. Since X and Y are independent and have the same
distribution, X — Y and Y — X have the same distribution. Hence, P(Z =
—2)=P(X-Y=—-2)=PY -X=2)=P(Z=2). For2z=0,...,5, P(Z =
z) = {(z,y) : z =2 —y}|/36 = [{(1,1+ 2),...,(6 — 2,6)}|/36 = (6 — 2)/36.
Thus, pz(z) = P(Z = z) = (6 — |2|)/36 for |z| < 5 and otherwise pz(z) = 0.

4.1.9 Let X be the number of heads. If X =0 (or X = 4), then all four coins
show tails (or heads). Hence, Y = 2. If X =1 (or X = 3), then there is only
one pair of tails (or heads). Hence Y = 1. If X = 2, there are one pair of heads
and one pair of tails. Hence Y = 2. The other values can’t be a value of Y.
Hence, P(Y = 1) = P(X = lor X = 3) = (})(1/2)* + () (1/2)* = 1/2 and
P(Y =2) = P(X € {0,2,4}) = (3)(1/2)* + (3)(1/2)* + () (1/2)* = 1/2. In
sum, py (y) = P(Y =y) = 1/2 for y = 1,2 otherwise py (y) = 0.

Computer Exercises

4.1.10 Using Minitab we place the values 1, 2, 3 in C1 and .5, .25, .25 in C2.
Then we replace the entries in C1 by their logs and generate 1000 samples of
size 50 (stored in C3-C52), calculate the mean of each of these samples, and
exponentiate this (stored in C54). The mean and standard deviation of the
values in C54 is what we want. We get the following results.
MTB > let cl=log(cl)
MTB > Random 1000 c3-cb52;
SUBC> Discrete cl c2.
MTB > RMean c3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 Ci14 C1b5

C16 C17 C18 C19 &
CONT> C20 C21 C22 C23 C24 C25 C26 C27 €28 C29 C30 C31 C32

C33 C34 C35 &
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CONT> C36 C37 C38 C39 C40 C41 C42 C43 C44 C45 C46 C47 (48
C49 C50 C51 &

CONT> C52 c53.

MTB > let cb4=exp(cb3)

MTIB > let kl=mean(c54)

MTB > let k2=stdev(cb54)

MTB > print k1 k2

Data Display

K1 1.57531

K2 0.103538

4.1.11 Using Minitab we get the following results.
MTB > Random 1000 c1-c10;

SUBC> Normal 0.0 1.0.

MTB > let cll=rmax(cl-c10)

MTB > let cll=rmax(cl c2 c3 c4 c5 c6 c7 c8 c9 c10)
MTB > RMaximum C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 ci1.
MTB > let kl=mean(ci11)

MTB > let k2=stdev(cil)

MTB > print k1 k2

Data Display

K1 1.54637

K2 0.617012

Problems

4.1.12 We know that my(s) = (mx,(s))" = (eMD)" = enMe™=D We
recognize this as the moment generating function of Poisson(n)). Hence, Y ~
Poisson(n).

4.1.13 The density of Y, for 0 < y < 2, is given by fy (y) = ffooo fx @) fx,(y—

t)dt = fg;;gji O)(l)(l) dt = min(y, 1) — max(y — 1,0), which is equal to y for

0<y<1,and to2—y for 1 <y < 2. Otherwise, fy(y) =0.

4.1.14 InY = (In X; + In X3)/2. Since X; ~ Uniform(0,1), then —In X; ~
Exponential(1) = Gamma(1,1). Hence, W = —In X; — In X3 ~ Gamma(2, 1),
so fw(w) = we™® for w > 0 (otherwise 0). Then Y = e~"/2 = h(W) and
W =-2InY = h~}(Y), so the density of Y satisfies

fr W) = fw(=2ny)/|K (K (y)| = (—2Iny)e* ™V /| — %67(721“”/2\
= (—2lny)y* /| —y/2| = —4ylny

for 0 <y <1 (otherwise 0).
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4.2 Convergence in Probability

Exercises

4.2.1 Note that Z,, = Z unless 7 < U < 7+ 1/n% Hence, for any € > 0,
P(Z,—Z|>e) <P(T<U<T7T+1/n%)=1/5n*> - 0asn — 00,50 Z,, — Z
in probability.

4.2.2 Forany € > 0, P(|X,,—0| > €) = P(Y" > ¢) = P(Y > /") = 1—¢l/n
0 as n — 0o, so X,, — 0 in probability.

4.2.3 By the weak law of large numbers since E(W;) =1/3,
limp oo P([ LWy + -+ Wy) — 3| > 1/6) = 0, so there is n with P(|(W; +

W) — f\>1/6)<0001 ButthenP(W1+ W, < n/2) =1 P(W; +
AW n/2) 21— P(L(W) 4+ W) — 2> 1/6) > 1 - 0.001 = 0.999.

4.2.4 By the weak law of large numbers, since E(Y;) = 2, lim,, (|E(Y1 +
.. 4+Y,)—2| > 1) =0, so there is n with P(|(Y; +---+Y,)—2| > 1) < 0.001.

But then P(Y1 + -4+ Y, >n) =1-P(Y1+---+Y, <n) >1-P(|1(v; +
—+Y,)—2/>1)>1-0.001 =0.999.

4.2.5 By the weak law of large numbers, since E(X;) = 8,

limy, oo P(|2 (X1 4 -+ + X,,) — 8] > 1) = 0, so there is n with P(|(X; + -

Xn)/n—8| > 1) <0.001. But then P(X7 + -+ X,, > 9In) < P(|(X1 + -

Xn)/n—8| >1) < 0.001.

4.2.6 Fix e > 0. Then P(|Y, — X| > ¢) = P(|Z=1X — X| > ¢) = P(|X|/n >

€) = P(X > ne) = max(0,1 — ne). Hence, P(|Y,, — X| > €) — 0 as n — oo for

all € > 0, so the sequence {Y,,} converges in probability to X.

4.2.7 For all € > 0 and n > —2Ine¢, using Chebyshev’s inequality, we have
P(|X, -Y|>e)=Ple " >¢)=P(H, < —Ine) < P(|H, —n/2| > |n/2+ In¢|)
Var(H,,) n

“|n/2+Ine2  (n+2lne)?

as n — 00. So, {X,} converges in probability to Y.
4.2.8 Fix € > 0.
P(W,—-W|>e€) =P(5-5Z,/(Zn+1)>€)=P(5/(Z,+1) >¢)
= P(Z, < —-145/¢) =max(0,—1+ 5/¢)/n.

So, P(|W,, — W| >¢€) — 0 as n — oo for all € > 0. Hence, W, Zw.

4.2.9 By definition, H, — 1 < F, < H,. For ¢ > 0 and n > 2/¢, using

Chebyshev’s inequality,

P(X — Yo = Z) 2 €) = P(Hy — Fyl/(H, +1) > ¢) < P(L/(Hy +1) > )
=P(H,<(1/e)—1)=P(H, —n/2<(1/e) —1—n/2)
< P(|H, —n/2| > |1+n/2—1/e|) < Var(H,)/|1+n/2 —1/€?
=n/(n+2—2/¢)?
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P
as n — oo. Hence, X,, — Y, = Z.

4.2.10 Let X; be the numbers showing on ith rolling. Then, Z = X7 +
+ X2. Since X;’s are independent and identically distributed and E(X?) =

2?21 j2% = 91/6, by the weak law of large numbers,

1 1 P 91
~Zp = —(X] 4+ X]) S B(XY) = £

Hence, m = 91/6.

4.2.11 Let Y,, and Z,, be the numbers of heads in nickel and dime flippings.
Then, X,, = 4Y,, + 5Z,. By the weak law of large numbers, Y,,/n Lt 1/2 and
Zn/n £l 1/2. Tt is easy to guess X, /n £l 4(1/2) + 5(1/2) = 9/2. We will
show this using Chebyshev’s inequality. Note that E(X,,/n) = 4E(Y,)/n +
5E(Zy,)/n = 4(n/2)/n + 5(n/2)/n = 9/2 and Var(X,/n) = Var(4Y,/n +
Zy/n) = 16Var(Y,,)/n? + 25Var(Z,) /n? = 16(n/4)/n? + 25(n/4) /n? = 41/(4n).

< Var(X,,/n) _ 4 0

P(‘Xn/n - 9/2| > 6) = €2 4e2n

as n — oco. Hence, X,,/n L 9/2. Therefore r = 9/2.
Computer Exercises

4.2.12 The following results were generated using Minitab (k1 holds the pro-

portions).

MTB > Random 100000 c1-c20;

SUBC> Exponential .2.

MTIB > RMean C1 C2 C3 C4 C5 C7 C6 C8 C9 C10 C11 C12 C13 C14 C15
C16 C17 C18 &

CONT> C19 C20 c21.

MTB > let c22=c21 ge .19 and c21 le .21

MTB > let kl=mean(c22)

MTB > print ki

Data Display

K1 0.176500

Random 100000 c1-cb50;

SUBC> Exponential .2.

MTIB > RMean C1 C2 C3 C4 C5 C7 C6 C8 C9 C10 Ci11 C12 C13 C14 Ci15
C16 C17 C18 &

CONT> C19 C20 C21 C22 C23 C24 C25 C26 C27 C28 C29 C30 C31 C32
C33 C34 &

CONT> C35 C36 C37 C38 C39 C40 C41 C42 C43 C44 C45 C46 C47 C48
C49 C50 &

CONT> cb1.

MTB > let cb52=c51 ge .19 and cb1 le .21

MTB > let kl=mean(c52)
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MTB > print kil

Data Display

K1 0.276850

We see that about 18% of the My, values are between the limits, while about
28% of the Mso values are between the limits. This reflects the increasing
concentration of the distributions of M,, as n increases.

4.2.13 The following results were generated using Minitab (k1 holds the pro-
portions).
MTB > Random 100000 c1-c20;
SUBC> Poisson 7.
MTB > RMean C1 C2 C3 C4 C5 C7 C6 C8 C9 C10 C11 C12 C13 C14 C15
C16 C17 C18 &
CONT> C19 C20 c21.
MTB > let c22=c21 ge 6.99 and c21 le 7.01
MTB > let ki=mean(c22)
MTB > print ki
Data Display
K1 0.0328400
MTB > Random 100000 C1-c100;
SUBC> Poisson 7.
MTB > RMean C1 C2 C3 C4 C5 C7 C6 C8 C9 C10 C11 C12 C13 C14 C15
C16 C17 C18 &
CONT> C19 C20 C21 C22 C23 C24 C25 C26 C27 C28 C29 C30 C31 C32
C33 C34 &
CONT> C35 C36 C37 C38 C39 C40 C41 C42 (C43 C44 C45 C46 C4T7 C48
C49 C50 &
CONT> Cb1 Cb2 C53 Ch4 Cbb CH6 CH7 Cb8 CH9 C60 C61 C62 C63 C64
C65 C66 &
CONT> €67 C68 C69 C70 C71 C72 C73 C74 C75 C76 C77 C78 C79 C80
C81 C82 &
CONT> C83 C84 C85 C86 C87 €88 C89 C90 C91 C92 C93 C94 C95 C96
C97 C98 &
CONT> C99 C100 c101.
MTB > let c102=c101 ge 6.99 and c101 le 7.01
MTB > let kl=mean(c102)
MIB > print kil
Data Display
K1 0.0463600
We see that about 3.2% of the Msg values are between the limits, while about
4.6% of the Msy values are between the limits. This reflects the increasing
concentration of the distributions of M,, as n increases, although it is not highly
concentrated yet.
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Problems

4.2.14 Let P(X,, = n) = 1/n and P(X, = 0) =1 —1/n. Then E(X,) =
n(l/n)+0(1 —1/n) = 1. But for any ¢ > 0, P(|X,, — 0| > ¢) < P(X,, =n) =
1/n— 0 as n — oo, so X,, — 0 in probability.

4.2.15 | X,,| £ 0 if and only if, for any ¢ > 0, P(||X,,| — 0] > ¢) — 0 as n — co.
But P([|X,| = 0] = €) = P(||X0l| 2 €) = P(|Xu| 2 €) = P(|X, = 0] =€), so

this holds if and only if X,, £o.

4.2.16 This is false. For example, suppose X,, = —5 for all n. Then for
0<e<10, P(|X,, —5|>€)=1+0asn— oo, so X,, /5 in probability. On
the other hand, |X,,| =5 for all n, so of course |X,,| — 5 in probability.

4.2.17 If | X, — X| < ¢/2 and |V, — Y| < ¢/2, then |(X,, — X) + (Y, — V)| <
| X, — X| + |Yn, — Y| < e. Hence, the event |(X,, — X)+ (Y, —Y)| > €is
contained in the union of two events | X,, — X| > ¢/2 and |Y,, — Y| > €/2. From
the assumption, lim, . P(|X, — X| > €) = lim,, oo P(|Y, — Y| > €) = 0 for
all e > 0.

lim P(|Z, —Z| >¢) < lim P(|X,—X|>¢€¢/20r |V, —-Y|>¢/2)

n—oo

< Tim [P(1X0 — X| = ¢/2) + P(Ya — Y| = ¢/2)

n—oo

= lim P(| X, — X|>¢/2)+ lim P(|Y,—-Y|>¢/2)=0.

Hence, Z,, LNy
Challenges

4.2.18 Fix e. For an arbitrary n > 0, there is a number My > 0 such that
P(|X| > My) < n. Since f is uniformly continuous on [—2Mj,2M,], there is
a number 0 € (0, M) such that |f(z) — f(y)| < € for all z,y € [-2My, 2My]
satisfying | — y| < 0. Then, the event A, = (|f(X,) — f(X)| > €) can be
separated into three parts AN B, AN B°NC, and AN B°N C{ where B =
(|X| > Mp) and C,, = (|X,, — X| < 6). It is easy to check AN B°NC, = 0.
Note that P(CS) — 0 as n — oo. Hence, we get

P(If(X,) — f(X)] =€) = P(A, N B) + P(A, N B°NC,) + P(A, N BN CC)
< P(B)+0+ P(C5) <n+ P(CE).

Thus, lim,, oo P(A4) < n+lim, o P(CS) = 1. Since we can take n > 0 arbitrar-

ily small, we get lim,,_.oc P(|f(X,)—f(X)| > €) = 0. Therefore, f(X,) = f(X).
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4.3 Convergence with Probability 1

Exercises

4.3.1 Note that Z,, = Z unless 7 < U < 7+ 1/n2. Hence, if U < 7 then
Z, = Z for all n, so of course Z,, — Z. Also, if U > 7, then Z,, = Z whenever
1/n? < U —1,ie,n > 1/y/U—T1, so again Z, — Z. Hence, P(Z, — Z) >
PU£LN=1-PU=7)=1-0=1, ie., Z, — Z with probability 1.

4.3.2 If 0 < y < 1 then lim,, .o y" = 0. Hence, P(X,, — 0) = P(Y" — 0) >
PO<Y <1)=1,1ie.,Y, — 0 with probability 1

4.3.3 Since E(W;) = 1/3, by the btrong law of large numbers, P((Wy + ... +
Wyp)/n — 1/3) = 1. But {Wy +---+W,)/n — 1/3} C {Eln ( 14+
Wy)/n<1/2}y ={3n; W1+ -+ W < n/2}, so also P(In; Wy + - +W <
n/2) = 1.

4.3.4 Since E(Y;) = 2, by the strong law of large numbers, P(1(Y1+...4+Y,) —

2)=1 Bww{Vi+---+Y,)/n -2} C{In; i +---+Y,)/n > 1} =
{3n; i+---+Y,>n},s0also P(3n; Y1+---+Y,>n)=1

4.3.5 By subadditivity, P(X,, = X and ¥,, = Y)=1—-P(X,, A X or Y, /~
Y)>1-P(Xp £ X)—P(Y, ~2Y)=1-0—-0=1.

4.3.6

(a) False, e.g., if Z; are continuous, then P(M,, = a) = 0 for any a.

(b) True, by the strong law of large numbers.

(c) True, by the strong law of large numbers (the given property is implied by
the fact that lim, o, M, = p).

(d) False, e.g., if z < m — 0.02 and M,, = m for all n, then this will not occur.

4.3.7 The expectation of X; is E(X;) = [, @ I[37)(x)/4dz = 5. By the strong
law of large numbers,

1 a.s.

Hence, m = 5.

4.3.8 Let X; be the number showing on the ith dice. Then Z,, = X?+4---+ X2.
Note that E(X?) = Z?:1 §2-(1/6) = 91/6. By the strong law of large numbers,
1 1 91
Ty =—(XP 4+ X)) B(XY) = —.
n n( L+ X)) = E(XT) 6
Hence, m = 91/6.

4.3.9 Let Y, and Z,, be the number of nickels and dimes showing heads, respec-
tively. Then, X,, = 4Y,,4+5Z,. By the strong law of large numbers, Y, /n “3 1/2
and Z,/n “% 1/2. Let A be the event such that Y;,/n — 1/2 on A and B be
the event such that Z,/n — 1/2 on B. Then, P(A) = P(B) = 1. Tt is easy to
check that X,/n = (4Y,, + 5Z,)/n — 4(1/2) +5(1/2) = 9/2 on AN B. The
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probability of AN B is PLANB) = P(A)+ P(B)— P(AUB)=141-1=1.
Hence, X,,/n “3 9/2. Therefore r = 9/2.

4.3.10 Suppose Y =Y, =Y, =Y3=0=Y; =Ys =--- and Y5 = 1. Then,
lim, .o Y, = 0 =Y. Hence, Y;, “3 Y. However, P(|Ys — Y| > [V, = Y|) =
P(]Ys] > 0) = 1. Hence, P(|Ys — Y| > |Ya — Y|) = 0 doesn’t hold. Any
convergence deals with very large n’s. Hence, we can ignore a finite number of
Y1,...,Y; in convergence for fixed k.

4.3.11

(a) Suppose there is no such m. Then, with probability 1, there is a sequence
ng such that |Z,, — 1/2] > 0.001 and Z,, — c for some constant ¢. Then,
|c —1/2| > 0.001. That means Z,, - 1/2. This contradicts the strong law of
large numbers. Hence, with probability 1, there must exist a number m such
that |Z, — 1/2| < 0.001 for all n > m.

(b) Suppose the flipping sequence starts with HT. Then Zs = 1/2. So, r = 2.
However, Z3 = 1/3 or Z3 = 2/3. Thus, the statement that |Z,, — 1/2| < 0.001
for all n > r is false. Usual limit theorems deal with large n. That means we
can ignore the first finite observations.

4.3.12

(a) Since X,, =X foralln>1, Y, =(X;+---+ X,))/n=X+---+X)/
nX/n = X. Thus lim, Y, = X. The probability P(lim, .Y, = y
P(X =y)is P(X =y)=1/2 for y = 0,1 and otherwise P(X =y) =0.

(b) Suppose there is a number m such that P(lim,, . Y, =m) =1, ie., P(X =
m) = 1. From part (a), m cannot be 1 because P(X =1) =1/2 < 1. Now m is
not 1. P(limy, oo Yy =m) = P(X =m) < P(X £1) =1~ P(X = 1) = 1/2.
Hence, there is no m satisfying P(lim,,_.o, Y, = m) = 1.

) =

(c) In the law of large numbers, the independence of random variables X1, ..., X,
is assumed. If the independence condition is dropped, then the law of large num-
bers may not hold even though each variable is identically distributed.

Computer Exercises

4.3.13 The sample means are converging to 1/5 = .2.

038 —7

028 —

sample means

048 —|

T T
0 500 1000

4.3.14 The sample means are converging (slowly) to 7.
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sample means
&

4.3.15 The sample means are converging (slowly) to —4.

Problems

4.3.16 By countable subadditivity, P(lim, oo X, 5 = Wy for all k) = 1 —
PEk; limy oo X £ We) > 1= 3, Plimy oo Xop £ Wi) =1-3,0=1.

4.3.17 Note that z, — 0 if and only if for all € > 0, |z, — 0] < € for all but
finitely many n. But “|z, — 0| < €’ is the same as “|x,,| < €’ is the same as
“l|zn| — 0] < e.” Hence, x,, — 0 if and only if |x,| — 0. Thus, P(X,, — 0) =
P(|X,| — 0). Therefore, X,, — 0 with probability 1 if and only if |X,,| — 0
with probability 1.

4.3.18 This is false. For example, if X, = —5 for all n, then P(X,, — 5) =0
but P(|X,| — 5) =1.

4.3.19 Let A be the event X,, — X and B be the event Y,, — Y. Then, X X
and Y, “3 Y imply P(A) = P(B) = 1. Let C be the event Z,, — Z. On AN B,
X,—XandY, —» Y. Hence, Z,, = X,,+Y, = X+Y =Z7. Thus, AnNB c C.
The probability of ANB is P(ANB) = P(A)+P(B)—P(AUB) =1+1-1=1.
Therefore, Z, “3 Z.

Challenges

4.3.20 This is false. For example, let U ~ Uniform|0, 1]. Let W,. = 0 for all r
andlet X, = 0if U #, with X,, = 1ifU =r. Then P(X,, — 0) = P(U #r) =1,
but P(X, — 0 for all ) = P(U ¢ [0,1]) = 0.

4.3.21 Let S = {1,2,3,...}, with P(s) = 27%. Let X, (s) = 2" for s = n,
otherwise X, (s) = 0. Then E(X,) = (2")(27™) = 1. However, X,,(s) = 0
whenever n > s, so P(X,, — 0) = 1.

4.3.22 The continuity of the function f implies f(z,,) — f(z) whenever z,, — x.
Let A be the event f(X,) — f(X) and B be the event X,, — X ie., X,, - X
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on B. Hence, on B, X,, — X implies f(X,,) — f(X). Thus, B C A. Then,
P(lim,, o f(X,) = f(X)) = P(A) > P(B) = 1. Therefore, f(X,,) “% f(X).

4.4 Convergence in Distribution

Exercises

4.4.1 Herelim,,_,, P(X,, =4) =1/3 = P(X =1)fori =1,2,3,s0lim,, . P(X, <
z) = P(X < z) for all x, so X,, — X in distribution.

4.4.2 We have that lim,, o, P(Y, = k) = 1/2F 1 for k =0,1,...s0lim,, o P(Y, <
y) =P <y).

4.4.3 Here P(Z, <1)=1,and for 0 < 2z < 1, P(Z, < z) = [, (n + 1)a"dx =
2t — 0asn — oco. Also, P(Z < z)=1for z > 1, and 0 for z < 1. Hence,
lim, o P(Z, < 2) = P(Z < 2) for all z, so Z, — Z in distribution.

4.4.4 For 0 < w < 1, P(W, < w) = ['(1 +2/n)/1+ 1/2n)dz = (w +
w?/2n)/(1+1/2n) — wasn — oo. Also. P(W < w) = w. Hence, lim,, ., P(W,, <
w) = P(W < w) for all w, so W;, — W in distribution.

4.4.5 Let S =Y + Y2+ ... 4+ Yieoo. Then S has mean 1600/3 and variance
1600/9. Hence,

P(S < 540) = P((S — 1600/3)//1600/9 < (540 — 1600/3)/+/1600/9)
~ ®((540 — 1600/3)/(40/3)) = ®(1/2) = 1 — ®(—1/2) = 1 — B(—0.5)
~ 1 —0.3085 = 0.6915.

4.4.6 Let S=2714+ Z3+ ...+ Zgop. Then S has mean 900(—5) = —4500 and
variance 900(302/12). Hence,

P(S > —4470) = P((S — (—4500))/+/900(30%/12)

> (—4470 — (=4500))/1/900(30%/12))

~ 1 — ®(—4470 — (—4500))/+/900(302/12))
~1—(0.11547) = (—0.11547) =~ &(—0.12) = 0.4522.

4.4.7 Let S = X1+ Xa+...+Xs00. Then S has mean 800(1—1/4)/(1/4) = 2400
and variance 800(1 — 1/4)/(1/4)? = 9600. Hence,

P(S > 2450) = P((S — 2400)/+/9600 > (2450 — 2400)/+/9600)

~ 1 — ®(2450 — 2400)/1/9600) ~ 1 — ®(0.51) = ®(—0.51) = 0.3050.
4.4.8 Yes, {X,,} converges in distribution to 0, since for x < 0, P(X,, < z) =
®(y/nz) — 0, while for > 0, P(X,, <z) = ®(y/nz) — L.
4.4.9 -
(a) For0<y <1, P(Z <y)= [ 2xde = xQV;g =2

x
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(b) For 1 <m <n, P(X, <m/n)=>1", P(X,=i/n) =", 2i/n(n+1) =
m(m +1)/[n(n +1)].

(c) For 0 < y < 1, let m = |ny], the biggest integer not greater than ny.
Since there is no integer in (m,ny), P(m/n < X,, < y) < P(m/n < X,, <
(m+1)/n) = 0. Thus, P(X,, <y) = P(X, <m/n)+ Pim/n < X, <y) =
P(X, < |ny|/n)=m(m+1)/[n(n+1)] where m = |ny|.

(d) Let m,, = |ny|. Then, m,/n < ny/n = y and m,/n > (ny — 1)/n =
y—1/n — y. Hence, my,/n — y as n — oo. In part (c), P(X,, <y) = P(X, <
M /1) = My (M, + 1) /[(n+1)] = (mn /0)((mn/n) + (1/0)) /(1 +1/n) — y? as
n — o0o. Therefore, X,, 5z

4.4.10 Note that the cdf of Exponential()\) is F(z) = 1 — e for z > 0
otherwise F'(z) = 0. For y > 0, the cdf of Y,, converges to Fy, (y) = P(Y, <
y) = 1—e /() | _ eV as n — oo. Hence, Y, > Exponential(1).
Therefore, A = 1.

4.4.11 Note that the cdf of Exponential(\) is F(z) = 1 — e for > 0
otherwise F'(z) = 0. For z > 0, the cdf of Z,, converges to Fz, (z) = P(Z, <
z) =1—(1- %’Z)n — 1—e3* as n — oo. Hence, Z, 2 Exponential(3).
Therefore, A = 3.

4.4.12 The Exponential distribution has mean = 1/A = 2 and variance =
1/A? = 4. So, if M is the sample mean of n customers, then M ~ N (2, 4/n), so
Z = (M —2)/\/3n = Ja(M —2)/2 ~ N(0,1), so P(M < 2.5) = P(\/n(M —
2)/2 < \/n(2.5—2)/2) = P(Z < \/n/4). Using Table D.2, we see that if n = 16,
this equals P(Z < 4/4) = P(Z < 1) =1— P(Z < —1) = 1—0.1587 = 0.8413. If
n = 36, this equals P(Z < 6/4) = P(Z < 1.5) = 0.9332. If n = 100, this equals
P(Z <10/4) = P(Z < 2.5) = 0.9938. (It becomes more and more certain, as n
increases.)

4.4.13 The weekly output has mean (20 + 30)/2 = 25, and variance (30 —
20)%/12 = 8.33. So, the yearly output, Y , is approximately normally distributed
with mean 52 x 25 = 1300, and variance 52 x 8.33 = 433, and standard deviation
V433 = 20.8. So, P(Y < 1280) = P((Y — 1300)/20.8 < (1280 — 1300)/20.8) =
P((Y —1300)/20.8 < —0.96) = 0.1685 (using Table D.2), i.e. the probability is
about 17%.

4.4.14 The Gamma distribution has mean /6 = 50, and variance /6% = 500.
So, the duration of 40 components, X, is approximately normally distributed
with mean 40 x 50 = 2000, and variance 40 x 500 = 20,000, and standard
deviation /20,000 = 141. So, the probability that 40 components will not last
for 6 years is P(X < 6 x 365.25) = P(X < 2191.5) = P((X — 2000)/141 <
(2191.5 — 2000)/141) = P((X — 2000)/141 < 1.36) = 0.9131 (using Table D.2).
So, the probability that they will last for 6 years is 1 — 0.9131 = 0.0869, or
about 8.7%.

Computer Exercises
4.4.15 Using Minitab we obtain the following.
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MTB > Random 10000 c1-c20;

SUBC> Exponential .333333333.

MTB > RMean C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 Ci12 C13 Ci14 C15
C16 C17 C18 &

CONT> C19 C20 c21.

MTIB > let k2=1/6

MTIB > let k3=1/2

MTB > let c22 = c21 ge k2 and c21 le k3

MTB > let kl=mean(c22)

MTB > print ki

Data Display

K1 0.974600

And so we record 97.4% of the averages between 1/6 and 1/2. The central limit

theorem gives the approximation

P(1/6 < Myy < 1/2)

B W6-1/3)  —(Ma—1/3) _ ~—(1/2—1/3)
—P<@17/3§@01T§“%W)

Mo — 1
— P(—2.2361 < \/%(201—/3/3) <2.2361) ~ P(—2.2361 < Z < 2.2361)
— ®(2.2361) — P (—2.2361) = 0.9873 — 0.01270 = 0.9746

and this is close to the observed proportion.

4.4.16 Using Minitab we obtain the following.

MTB > Random 10000 c1-c30;

SUBC> Uniform -20 10.

MTB > RMean C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 Ci12 C13 C14 C15
C16 C17 C18 &

CONT> C19 C20 C21 C22 C23 C24 C25 C26 C27 C28 C29 C30 c31.

MTB > let ¢32=c31 le -5

MTB > let kl=mean(c32)

MTB > print kil

Data Display

K1 0.500500

And so we record 50.0% of the averages less than —5. The central limit theorem

gives the approximation

P(Msgy < —5) = P(v30 80 +5) _ a5(=549)

30\/1/12 ~ 30,/1/12
_ (M3 +5) - _ _
- p(\/%i30 WP <0)~P(Z<0)=®(0)=.5

and this is close to the observed proportion.

4.4.17 Using Minitab we obtain the following.
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MTB > Random 10000 c1-c20;
SUBC> Uniform O 1.

MTB > Let cl = CEIL(loge(cl)/loge(.75))
MTB > Let c2 = CEIL(loge(c2)/loge(.75))
MTB > Let c3 = CEIL(loge(c3)/loge(.75))
MTB > Let c4 = CEIL(loge(c4)/loge(.75))
MTB > Let cb5 = CEIL(loge(c5)/loge(.75))
MTB > Let c6 = CEIL(loge(c6)/loge(.75))
MTB > Let c7 = CEIL(loge(c7)/loge(.75))
MTB > Let c8 = CEIL(loge(c8)/loge(.75))
MTB > Let c9 = CEIL(loge(c9)/loge(.75))
MIB > Let c10 = CEIL(loge(c10)/loge(.75))
MIB > Let c11 = CEIL(loge(c11)/loge(.75))
MIB > Let c12 = CEIL(loge(c12)/loge(.75))
MIB > Let c13 = CEIL(loge(c13)/loge(.75))
MIB > Let c14 = CEIL(loge(c14)/loge(.75))
MIB > Let c15 = CEIL(loge(c15)/loge(.75))
MIB > Let c16 = CEIL(loge(c16)/loge(.75))
MIB > Let c17 = CEIL(loge(c17)/loge(.75))
MTB > Let c18 = CEIL(loge(c18)/loge(.75))
MIB > Let c19 = CEIL(loge(c19)/loge(.75))
MTB > Let c20 = CEIL(loge(c20)/loge(.75))

MTB > RMean C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16
C17 C18 &

CONT> C19 C20 c21.

MTB > let c22= c21 ge 2.5 and c21 le 3.3

MTB > let kl=mean(c22)

MIB > print kil

Data Display

K1 0.183700

And so we record 18.4% of the averages between 2.5 and 3.3. The central limit
theorem gives the approximation (mean of Geometric(1/4) is (1 —.25)/.25 =3

and variance is (1 —.25)/(.25)% = 12.0
P(2.5 < My < 3.3) = P(@W’T—;’) - m(ML\/é?’) . @%)
— P(—0.64550 < \/ﬁw

= ®(0.38730) — ® (—0.64550) = .6507 — .2593 = 0.3914

< 0.38730) =~ P(—0.64550 < Z < 0.38730)

and this is not close to the observed proportion because the Geometric(1/4) is
a skewed distribution.

4.4.18 Using Minitab we obtain the following. Note that the histogram looks
a lot like a normal density.
MTB > Random 10000 c1-c20;
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SUBC> Gamma 4 1.

MTB > Let cl = loge(cl)
MTB > Let c2 = loge(c2)
MTB > Let c3 = loge(c3)
MIB > Let c4 = loge(c4)
MTB > Let c5 = loge(cb)
MTB > Let c6 = loge(c6)
MTB > Let c7 = loge(c7)
MTB > Let c8 = loge(c8)
MTB > Let c9 = loge(c9)
MTB > Let c10 = loge(c10)
MTB > Let c11l = loge(cll)
MTB > Let c12 = loge(cl12)
MTB > Let c13 = loge(c13)
MTIB > Let cl14 = loge(cl4)
MTB > Let c15 = loge(c15)
MTB > Let c16 = loge(c16)
MTB > Let c17 = loge(cl7)
MTB > Let c18 = loge(c18)
MTIB > Let c19 = loge(c19)
MTB > Let c20 = loge(c20)
MTB > RMean C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16
C17 C18 &

CONT> C19 C20 c21.
MTB > Histogram C21;
SUBC> Density;
SUBC> CutPoint;
SUBC> Bar;

SUBC> ScFrame;
SUBC> ScAnnotation.

Density

4.4.19 Using Minitab we obtain the following. Note that the histogram does
not look a lot like a normal density. So a larger sample size is required for the
CLT approximation to apply.

MTB > Random 10000 c1-c20;

SUBC> Binomial 10 .01.

MTB > RMean C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16
C17 C18 &
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CONT> C19 C20 c21.
MTB > Histogram C21;
SUBC> Density;
SUBC> CutPoint;
SUBC> Bar;

SUBC> ScFrame;
SUBC> ScAnnotation.

Problems

4.4.20 For example, let Z;, ~ Normal(j,1/n), and let P(Y = i) = a; for
positive integers ¢, with Y independent of the {Z;}. Then let X,, = Zy,, i.e.,
Xn = Zjn, whenever Y = j. Then X,, is absolutely continuous since each Z;
is. Also, if P(X =) =0, then P(X,, <) =), a; P(Zjp <) = >, ., G as
n — o0, so X,, — X in distribution.

4.4.21 Here P(X,, < z) = {},_,.. f(i/n)} / {371 f(i/n)}. We recognize this
as a Riemann sum (from Calculus) for the integral [ f(z) dz. Hence, since f is
continuous, P(X,, < z) — [; f(z)dz = P(X <), so X, — X in distribution.

i<

4.4.22 We have that E (X?) = 0, so (putting y = 2?/2,2 = /2y, dz =

dy/\2y)

e 2 e 1 2
Var (X3) =F (XG) = / 28 e /2 dy = 2/ 260 /2 g
- 0

00 2 v 2T
2 [ 5 23 [ 23
= —— V29) e Vdy = — 527V dy = =T (7/2
m/o(y) yﬁ/oy yﬁ(/)
23531
Therefore,

P(Mnﬁm)zp(ﬁ(yl%_o) < \/ﬁ(m_O))NP(ZSM)

where Z ~ N(0,1).
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4.4.23 We have that

E(Y)_/lcos(%ru) du = sméiu) 1 =0
0 ™ o
Var(Y) = E (Y?) :/0 cos? (27u) du

~ ["14cos(dru) , 1 1 sin(dmu) ! 1

-/ — M=yt | T
Therefore,

P, <m)=p (YA Z0) _ vn(m—0)) (), vn(m—0)
" 12 1/2 - 1/2

where Z ~ N(0,1).
Computer Problems

4.4.24 Using Minitab we obtain the following results.

MTB > Random 10000 c1i;

SUBC> Normal 0.0 1.0.

MTB let c2=clx*%*3

MTB let c3=c2 le 1

MTB let kil=mean(c3)

MTB let k2=3*sqrt(k1x(1-k1)/10000)

MTB let k3=k1-k2

MTB let k4=k1+k2

MTB print k1 k3 k4

Data Display

K1 0.837500

K3 0.826433

K4 0.848567

So our estimate of P(Y < 1) is 0.837500, and the true value of this quantity
lies in the interval (0.826433,0.848567) with virtual certainty. So we know the
value of P(Y < 1) with considerable accuracy. This probability can be evaluated
exactly as P(Y <1)=P(X3<1)=P(X <1) =& (1) = 0.8413.

VVVVYVVYV

4.4.25 Using Minitab we obtain the following results.
MTB > Random 10000 c1;
SUBC> Normal 0.0 1.0.

MTB > let c2=cos(cl1%**3)

MTB > let kl=mean(c2)

MTB > let k2=stdev(c2)/sqrt(10000)
MTB > let k3=k1-3x*k2

MTB > let k4=k1+3*k2

MTB > print k1 k3 k4

Data Display
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K1 0.588037

K3 0.569203

K4 0.606872

So our estimate of E(Y) is 0.588037 and the true value of this quantity lies in
the interval (0.569203,0.606872) with virtual certainty.

Challenge

4.4.26 If X,, — C in distribution, then P(X,, < z) — 0 for x < C, and
P(X, <z) — 1for x > C. Then for all ¢ > 0, P(|X,, — C| > ¢) = P(X,, >
C+e)+P(X, <C—-¢)=1-P(X, <C+e)+P(X, <C—-€¢)—1-14+0=0
as n — oo. Hence, X,, — C in probability.

4.5 Monte Carlo Approximations

Exercises

4.5.1 This integral equals /27 E(cos?(Z)), where Z ~ N(0,1). Hence, let {U;}
be i.i.d. ~ Uniform[0,1] for 1 < i < 2n. Let Z; = 2In(1/Us;—1) cos(2nUs;), so
that Z; ~ N(0,1). Then let I = (v2r/n)Y 1, cos?(Z;). For large n, I is a
good approximation to the integral.

4.5.2 Note that this sum equals E(Z°), where Z ~ Binomial(m,2/3). Hence,
let {U;;} be iid. Uniform[0,1] for 1 <i <mnand 1< j <m. Let B;; = 1if
Ui; < 2/3, otherwise B;; = 0, so that B;; ~ Bernoulli(2/3). Let Z; = B;; +
Bis+ ...+ Bjm, so that Z; ~ Binomial(m, 2/3). Then let S = (1/n) > i, (Z;)".
For large n, S is a good approximation to the sum.

4.5.3 This integral equals (1/5)E(e~'Z"), where Z ~ Exponential(5). Hence,
let {U;} be i.i.d. ~ Uniform[0,1] for 1 < ¢ < n. Let Z; = In(1/U;) /5, so that
Z; ~ Exponential(5). Then let I = (1/5n) Y 1, e~ 142 For large n, I is a good
approximation to the integral.

4.5.4 M, has mean A and variance A/n. So the interval M,,+31/A/n will contain
the true value of A with virtual certainty. But this implies that M,, + 3,/10/n

will contain the true value of A with virtual certainty. Therefore, the error
criterion will be satisfied whenever 3,/10/n < .1 or n > 9(10) /(.1)? = 9000.0.

4.5.5 This sum is approximately equal to e®E(sin(Z?)), where Z ~ Poisson(5).
Hence, let 7y, Zs,. .., Z, be ii.d. with distribution Poisson(5) (perhaps gener-
ated using computer software). Then let S = (e5/n) Y"1 sin(Z?). For large n,
S is a good approximation to the sum.

4.5.6 This integral is equal to 10E(e*24), where Z ~ Uniform[0, 10]. Hence,
let {U;} be iid. ~ Uniform[0,1] for 1 < ¢ < n. Let Z; = 10U;, so that
Z; ~ Uniform[0,10]. Then let I = (10/n) > ", e=Z!. For large n, I is a good
approximation to the integral.
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4.5.7 We treat (M,, — 3S,,/v/n, M,, — 35S, /+/n) as a virtually certain interval.
Hence, (—5—3-17/4/2000, —5+3-17/4/2000) = (—6.1404, —3.8596) is a virtually

certain interval to contain the true mean pu.

4.5.8
_N1/2
(a) The standard error is S,, = ( LS (X — X)2> = ((15400 — 6% x

n—1
400)/399)*/2 = 1.5831.
(b) Since M,, = 6 and S,, = 1.5831, a virtually certain interval to contain the
true mean p is given by (M, — 3S,/v/n, My, — 35S, /v/n) = (5.7625,6.2375).

4.5.9 The computation is similar to Example 4.5.7. SinceM,, = 400/1000 = 0.4,
the interval

(M,, — 3v/ M, (1 — M,)/n, My, — 3+/M, (1 — M,)/n) = (0.3535, 0.4465)

is a virtually certain interval to contain 6.

4.5.10

(a) Since each experiment follows Bernoulli(f) distribution, the total number
of successes among the n experiments has a Binomial(n, #) distribution. Thus,
T = nY ~ Binomial(n,f). By noting that Var(T) = nf(1 — ), we have
Var(Y) =Var(T/n) = Var(T)/n? = 0(1 — 0)/n.

(b) Since Var(Y) =n"1(0 —6%) =n=1(1/4— (6 — 1/2)?), the variance of Y has
the maximum 1/(4n) at 6 = 1/2.

(¢c) In part (b), 1/(4n) is the largest possible value of Var(Y') when 6 = 1/2.
(d) We find the smallest n such that maxg<g<1 Var(Y) < 0.01. Since
maxg<g<1 Var(Y) = 1/(4n), the inequality becomes 1/(4n) < 0.01. This im-
plies n > 1/(0.04) = 25. Hence, n = 26 is the smallest integer satisfying
Var(Y) <0.01 for all 0 < 6 < 1.

4.5.11

(a) The constant C' must satisfy [o, [5: f(x,y)dzdy =1 to make f a density.
This equation gives

1 1 1 1
1= / / Cg(x,y)dedy = C’/ / g(z,y) dx dy.
o Jo o Jo

-1
Thus C = Uol fol g(z,y)dx dy} . Hence the expectation of X is

1 1 Lol fol fol zg(z,y) dz dy
= xj(x rdy=C rg\x ray = .
E(X) /0 /0 f(z,y) de dy /0 /0 9(w,y) dvdy I Jo (@, y) dx dy

(b)We approximate denominator and numerator at the same time. We generate
X,’s from a density proportional to 2 and Y;’s from a density proportional
to 3. Since fow uP~ldu = aP/p for 0 < < 1 and p > 1, the densities are
fx(x) =322 for 0 < & < 1, otherwise fx(z) =0, and fy (y) = 4y3 for 0 <y < 1
and otherwise fy(y) = 0. Using the inverse cdf functions Fi'(u) = u!/3 and
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F;l(v) = v'/4, random variables X;’s and Y;’s are generated. A Monte Carlo
algorithm to approximate E(X) is described below.

1. Select a large positive integer n.

2. Obtain U;,V; ~ Uniform|0, 1], independently for ¢ =1,...,n

3. Set X; = (U)'Y? and Y; = (V;))V/* for i=1,...,n

4. Set D; =sin(X,Y;)cos(vVX;Y:)exp(X? +Y;)/12 and N; = X;D; for
1,..,n.

5

Estimate E(X) by M, = N/D = (Ny 4 -+ N,,)/(D1+-+D,).

4.5.12
(a) The density of X and Y are Ij 5(z)/5 and I o)(y)/4. Hence

1
I—// xydydm—// 20g(z,y) [02()d [O’g(x)dx

= E[20¢(X,Y)).

(b) A Monte Carlo algorithm to approximate I = 20E[20g(X,Y")] is described
below.

1. Select a large positive integer n.
2. Obtain U;,V; ~ Uniform[0, 1], independently for i=1,...,.n
3. Set X;=5U; and Y; =4V, for i=1,...,n
4. Set T, =¢g(X;,Y;) for i=1,..,n
5. Estimate I by M, = 20T = 20(T1+--+T,)/n.
4.5.13
(a) The density of X and Y are Ijg 3j(z) and Ijg oc)(y)e™?. The integration .J
becomes

// arydydx—// eYh(z,y)] 000)( e~ ydyf[(n]()d

= Ele¥h(X,Y)].

(b) A Monte Carlo algorithm to approximate J is given below.

Select a large positive integer n.

Obtain U;,V; ~ Uniform|0,1], independently for i=1,...,n
Set X;=U,; and Y;=—InV; for t=1,....n

Set T; = eYih(X;,Y;) for i=1,...,n.

Estimate J by M, =T = (I1+-+T,)/n

O W N
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(¢) The density of Exponential(5) is Jjg,«)(y)5e~?¥. The integration J becomes

/ / e h(,y)Ijo,00) (y)5e Y dy I o 1 (x) dx
E[e’Y h(X,Y)].

(d) A Monte Carlo algorithm to approximate J is given below.

Select a large positive integer n.

Obtain U;,V; ~ Uniform|0, 1], independently for i=1,...,n
Set X;=U; and Y; =—5"'InV for i=1,..,n

Set W; = eYih(X;,Y;) for i =1,...,n.

5. Estimate J by M, =W = (W; +---+W,)/n

DS wWw N -

(e) Both Monte Carlo algorithms in parts (b) and (d) converge to J. Between
them, we would prefer the algorithm that converges faster than the other.
Hence, the algorithm having smaller variance is better. Thus, compute the
sample variances 67 and 6‘2,‘, of Ty,..., T, and W1,...,W,. Then, compare 6%

and 63 .
Computer Exercises
4.5.14 Using Minitab we obtain the following results.

MTB > Random 100000 c1;
SUBC> Uniform 0.0 1.0.

MTB > let c2=cos(c1**3)*sin(cl**4)
MTB > let kl=mean(c2)
MIB > let k2=stdev(c2)/sqrt(100000)
MTB > let k3=k1-3x*k2
MTB > let k4=k1+3*k2
MTB > print k1 k3 k4

Data Display
K1 0.147770
K3 0.146163
K4 0.149378

So the estimate is 0.147770, and the true value of the integral lies in
(0.146163,0.149378) with virtual certainty.

4.5.15 Using Minitab we obtain the following results.
MTB > Random 100000 ci;
SUBC> Exponential .25.

MTB > let c2=cos(clx*4)

MTB > let kl=mean(c2)

MTB > let k2=stdev(c2)/sqrt(100000)
MTB > let k3=k1-3*k2

MTB > let k4=k1+3*k2

MTB > print k1 k3 k4
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Data Display

K1 0.973201

K3 0.971596

K4 0.974806

So the estimate is 0.973201, and the true value of the integral lies in
(0.971596,0.974806) with virtual certainty.

4.5.16 Using Minitab we obtain the following results.
MTB > Random 100000 ci;
SUBC> Uniform 0.0 1.0.

MTB > let c2=floor(loge(cl)/loge(4/5))
MIB > let c2=(5/4)*(c2**2 +3)**(-5)
MTB > let kl=mean(c2)

MTB > let k2=stdev(c2)/sqrt(100000)
MTB > let k3=k1-3%k2

MTB > let k4=k1+3*k2

MTB > print k1 k3 k4

Data Display

K1 0.00124565

K3 0.00122658

K4 0.00126473

So the estimate is 0.00124565, and the true value of the integral lies in
(0.00122658,0.00126473) with virtual certainty.

4.5.17 Using Minitab we obtain the following results.
MTB > Random 100000 ci;

SUBC> Normal 0.0 1.0.

MTB let c2=cl**2-3*cl+2

MTB let c3= c2 ge O

MTB let kl=mean(c3)

MIB > let k2=sqrt(k1*(1-k1))/sqrt(100000)
MTB let k3=k1-3%k2

MTB let k4=k1+3*k2

MTB print k1 k3 k4

Data Display

K1 0.863930

K3 0.860677

K4 0.867183

So the estimate is 0.863930, and the true value of the integral lies in
(0.860677,0.867183) with virtual certainty.

VVVVYVVYV

Problems

4.5.18 This requires that we determine n so that 3/M, (1 — M,) /n < 6.

We have that 3v/M, (1—M,)/n < 3y/(1/2) (1 —1/2)/n < § if and only if
n>9/ (4(52) )
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4.5.19 This requires that we determine n so that 30¢/v/n < § or n > 903 /6.

4.5.20
(a) Here for 0 < 2 < 0, P(Z, < z) = (2/0)". Hence, X(;) has density function
f(z) =nz""107". Then

o 0 —npon+1
E(Xy)) = / "0 dz = nﬂfn/ 2"dz = nd~"0 - no
0 0 n+1 n+1

and so E(Z,) = 0. Then

n

2 [ 2
:nef’n (n;l) / Zn+1d2702: TLZQ (n:;l) 0—77,077,«‘,»2702
0

_ ('ﬂ + 1)2 1 92 o 92

S \nn+2) S n(n+2)
(b) By Chebyshev’s inequality we have that P(|Z, — 0| > €) < 6%/ (¢*n (n + 2))
— 0 asn — oo.
(c) We have that F(2M,) = 0 and Var(2M,,) = 46%/(12n) = 6%/(3n). Now
n(n+2) > 3n for every n, so Var(2M,,) > Var(Z,). This implies that the
estimator Z, will be more accurate as the intervals given by the estimator

plus/minus three standard deviations will be shorter.

4.5.21
(a) When X ~ f we have that E (M) = fb L’;)f(av) dr = ffg(x) dz, so

F(X) a f(@)
E(M, (f) = [} g() da. 2
(b) When X ~ f then E ((M)

1\* [?
Var(Z,) = E(Z%) - 6* = <n i ) / 22nz"" 0" dz — 62
0

b g2 xT b g2 xT
=/, chzéng(@ de =[] gf((x)) dzx, so

)
() - (G
[ e (/abg(x) d””) }
(d) Put q(a) = |g(x)| / [} lg(x)| dx. We have that

Var (M, (1)) = { £ g - (/:g<x>dx>2}

1 b 2 b 2(z) (ffg(x) dw)Q
-1 (/a lg()| d:c> g qf(x) o= (f: lg(2)] dm)2

Var (M, (f)) =
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= f M dxr + 1, and this is minimized by taking f =

q and the minimum variance is (fa lg()] d:r) (f g(z d:r) . This is 0 when
g is nonnegative.

The optimum importance sampler is not feasible because it requires that we
be able to compute f: |g(x)| dz, which is typically as least as hard to evaluate
as the original integral
(e) We have that [, (¢(2)/f(2) dx < [ (lg(x)|ef (x)/ f(x)) da =
c fa lg(z)| dz < oco.

(f) The standard error of M, (f) is given by

o (e (1))
T\ & (nZﬂXi))

1/2

divided by /n. The CLT then implies that the true value of the integral is in
the interval M, (f) = 3S//n with virtual certainty when n is large.

Computer Problems

4.5.22 Using Minitab we obtain the following results.
MTB > Random 100000 c1;

SUBC> Normal 1 2.

MTB > Random 100000 c2;

SUBC> Gamma 1 1.

MTB > let cl=cl1*x*3
MTB > let c2=c2%%*3
MTB > let c3=cl+c2
MTB > let c4=c3 le 3
MTB > let kl=mean(c4)
MTB > let k2=sqrt(k1*(1-k1))/sqrt(100000)
MTB > let k3=k1-3%k2
MTB > let k4=k1+3%k2
MTB > print k1 k3 k4
Data Display

K1 0.451620

K3 0.446899

K4 0.456341

So the estimate is 0.451620, and the true value of the probability lies in
(0.446899,0.456341) with virtual certainty.

By Problem 4.5.11 we must have n > 9/ (4 (.01)2) = 22500.0.

4.5.23 Using Minitab we obtain the following results.
MTB > Random 100000 c1;

SUBC> Normal 1 2.

MTB > Random 100000 c2;
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SUBC> Gamma 1 1.

MTB > let cl=cl*x*3
MTB > let c2=c2%%*3
MTB > let c3=cl+c2
MTB > let kl=mean(c3)
MTB > let k2=stdev(c3)/sqrt(100000)
MTB > let k3=k1-3x%k2
MTB > let k4=k1+3*k2
MTB > print k1 k3 k4
Data Display

K1 18.9665

K3 18.5143

K4 19.4186

So the estimate is 18.9665, and the true value of the expectation lies in
(18.5143,19.4186) with virtual certainty.

4.5.24 Using Minitab we obtain the following results for the algorithm based
on generating from the Exponential(5) distribution.
MTB > Random 100000 c1;
SUBC> Exponential .2.
MTB > let c2=(exp(-14xclxcl))/4
MIB > let kl=mean(c2)
MTB > let k2=stdev(c2)/sqrt(100000)
MTB > print k1 k2
Data Display
K1 0.159487
K2 0.000274517
Using Minitab we obtain the following results for the algorithm based on
generating from the N(0,1/7) distribution.
MTB > let kil=sqrt(1/7)
MTB > print ki
Data Display
K1 0.377964
MTB > let k2=kl*sqrt(2%3.1415926)
MTB > Random 100000 c1;
SUBC> Normal O .377964.

MTB > let c2=k2*exp(-5*cl)

MTB > let c3=c1>0

MTB > let c2=c2*c3

MTB > let kl=mean(c2)

MTB > let k2=stdev(c2)/sqrt(100000)
MTB > print k1 k2

Data Display

K1 0.165965

K2 0.000788127
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Notice that while the estimates 0.159487 and 0.165965 are similar, the stan-
dard error for the Exponential(5) algorithm is 0.000274517 and the standard
error for the N(0,1/7) algorithm is 0.000788127. So the Exponential(5) algo-
rithm is substantially more accurate.

Challenges

4.5.25

(a) Let Dand Abe as in the hint, and let Lbe the distance between the lines.
Then D ~ Uniform[0, L], and A ~ Uniform[0, 7]. Also, the needle will touch
the line just below it if and only if Lsin(A) > D. This happens with probability

) [ [ amzparan=m [T [ besan apas

— (1/7) /Oﬂ(l/L)(Lsin(A))dA — (1/7) /07 sin(A) dA
= (1/7)[— cos(m) 4 cos(0)] = 2/7.

(b) Repeat the experiment a large number N of times. Let M be the number
of times the needle is touching a line. Then by the strong law of large numbers,
for large N, we should have M/N ~ 2/m, so that m ~ 2N/M. Hence, for large
N, the quantity 2N/M is a good Monte Carlo estimate of 7.

4.5.26 Let [ = ff g(z)dx and J = ff lg(z)|d.
(a) In Problem 4.5.21, we have shown that Var(M,,(f)) = n~* [f x)dz—

I?]. Hence, the minimizer of the variance Var(M,, (f )) also minimizes fa g°(z)/ f(x)
dz. Define a density h by h(z) = |g(z)|/J. Then, g*(z) = J* h%(z) and

Yota) o [PIERR) o [P h(@) 2 2
i *‘ff(x) dx—/a b= /a (m— )f(x)dx+J.

Hence, the variance of M,,(f) is minimized when f(z) = h( =g
If g(z) > 0 on (a,b) or g(x) <0 on (a,b), then |I]| = |fa g(x)dx| )

J. Hence, the minimum variance of M, (f) becomes Var( w(h)) = Tfl(J2 -
I?) =0.

(b) Suppose g(z) > 0 on (a,b). Since it contains the target value, the optimal

importance sampler given by f(z) = g(x)/I is unrealistic where I = f: g(x)dx
is the target value.

4.6 Normal Distribution Theory

Exercises

4.6.1

(a) U ~ N(1(3) — 5(—8), 1%(2%) + 52(5%)) = N(44, 629). V ~ N(—6(3) +
C(-8), 62(22) + C2%(5%)) = N(—18 — 8C, 144 + 25C?).
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(b) Cov(U,V) = (1)(=6)(22) + (=5)(C)(5%) = —24 — 125C. Hence, U and V
are independent if and only if Cov(U, V) =0 if and only if C' = —24/125.

4.6.2
(a) Z ~ Normal(4(3) — (1/3)(=7), 4%(5) + (1/3)?(2)) = Normal(43/3, 722/9).
(a) Cov(X,Z) =4 Var(X) = 20.

4.6.3C, =1/V5. Co=-3. C3=1//2. C, =7. C5 =2.

4.6.4 Since X ~ x?(n), we can find Z1, ..., Z, ~ N(0,1), which are i.i.d., with
X=(Z1)*+...4(Z,)% Then X + Y2 = (Z1)>+...+ (Zp)? + Y2 ~ x%(n+1)
since it is the sum of squares of n + 1 independent standard normal random
variables.

4.6.5 Since X ~ x2(n) and Y ~ x?(m), we can find Z1,..., Z,,Wi,..., Wy, ~
N(0,1), which are i.i.d., with X = (Z1)?2+ ...+ (Z,)? and Y = (W)2 + ... +
(Wn)?% Then X +Y = (Z1)% +...+ (Z.)? + (W1)? + ...+ (W)? ~ X (n+m)
since it is the sum of squares of n + m independent standard normal random
variables.

4.6.6 C = (1/n)/(1/3n) = 3.

4.6.7 C =1/ (1/\/n) = /n.

4.6.8 Cy =/2/5. Cy=-3. C3=1. C4=7. Cs5=1. Csg = 1.
4.6.9 C; =2/5. Oy =-3.C3=2. C4y=7.C5=2. Cg=1. Cy = 1.

4.6.10

(a) Since X7 has a standard normal distribution, (X1)? has a chi-squared dis-
tribution with 1 degree of freedom.

(b) Here (X3)? and (X5)? each have a chi-squared distribution with 1 degree of
freedom, and they are independent, so their sum has a chi-squared distribution
with 2 degrees of freedom.

(c) Here (X20)? + (X30)? + (X40)? has a chi-squared distribution with 3 de-
grees of freedom, and X;( is standard normal, and they are independent, so
X10/1/[(X20)% + (X30)% + (X40)?]/3 has a t distribution with 3 degrees of free-
dom.

(d) Here (X10)? has a chi-squared distribution with 1 degree of freedom, and
(X20)? + (X30)? + (X40)? has a chi-squared distribution with 3 degrees of free-
dom, and they are independent, so (X10)?/[((X20)? + (X30)% + (X40)?)/3] =
3(X10)? / [(X20)% + (X30)? + (X40)?] has an F distribution with 1 and 3 degrees
of freedom. (e) Here (X1)2+ (X2)?+-- -+ (X7)? has a chi-squared distribution
with 70 degrees of freedom, and (X71)? + (X72)? + -+ + (X100)? has a chi-

squared distribution with 30 degrees of freedom, and they are independent, so

[(X1)2+(X2)? 4+ (X70)?]/70_ _ 30 _(X1)?+(Xa)?+++(X70)?
[(X71)2+(X72)2++(X100)2]/30 — 70 (X71)2+(X72)2+++(X100)
with 70 and 30 degrees of freedom.

4.6.11
(a) We know that (n —1)S?/0® has a chi-squared distribution with n — 1 de-
grees of freedom. Also, X — p has a normal distribution with mean 0 and

s has an I distribution
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variance o2/n, so \/n/od2(X — p) has a standard normal distribution. Hence,

[Vn/o*(X — )] /\/(n —1)82/0%(n—1) = [Vn(X — u)]/V/5? has a ¢ dis-
tribution with n — 1 degrees of freedom. Hence, m = n — 1 = 60, and
K = /n=+61="138l.

(b) According to text Table D.4, since Y has a ¢ distribution with 60 degrees of
freedom, P(Y < 1.671) = 0.95, so P(Y > 1.671) = 0.05, so y = 1.671.

(c) Here y/n/02(X — p) has a standard normal distribution, and (n — 1)52 /02
has a chi-squared distribution with n — 1 degrees of freedom, and they are

o e b
independent. Hence, the quantity W = &—W = n(X — u)?/S? has

an F' distribution with 1 and n — 1 degrees of freedom. Hence, a = n = 61, and
b=1,and c=n—1=060.

(d) According to text Table D.5, P(W < 4.00) = 0.95, so P(W > 4.00) = 0.05,
so w = 4.00.

4.6.12

(a) Since D; ~ N(40,5%), D ~ N(40,52/20) = N(40,1.25), a normal distribu-
tion with mean 40 and variance 1.25.

(b) Since C; ~ N(45,8%), C ~ N(45,82/30) = N(45,2.13), a normal distribu-
tion with mean 45 and variance 2.13.

(c) Since C' ~ N(45,2.13) and D ~ N(40,1.25), independent, it follows that
Z=C—D ~ N(45 — 40, 2.13 + 1.25) = N(5, 3.38). (d) P(C < D) = P(Z <
0)=P(Z-5)/v3.38<(0—5)/v3.38) = P((Z—5)/v/3.38 < —2.72) = 0.0033
(using text Table D.2). (e) Here D; ~ N(40,5%), so (n — 1)S?/0? = U/5? has
a chi-squared distribution with n — 1 = 19 degrees of freedom. Hence, P(U >
633.25) = P((U/5%) > (633.25/5%)) = P((U/5%) > 25.33) = 1 — P((U/5%) <
25.33) =1 — 0.85 = 0.15, using text Table D.3.

Problems
4.6.13
(a) Note that P(X < z) = P(X > —z2) = P(—X < z) = ®(z). Hence,
P(Z<2)=P(XY <2)=P(XY <z Y=1)+PXY <z Y=-1)=
P(X<z, Y=1)+4+P(-X<z Y=-1)=PX<2)PY =1)+P(-X <
2)P(Y =-1)=®(2)P(Y =1) + ®(2)P(Y = —1) = ®(2), so Z ~ N(0,1)

( =(1)(0)=0

(b) Cov(X,Z) = E(XZ) = E(X(XY))=E(X*)E(Y) = (1) .

(¢) For example, P(X < —10, Z < —10) (X <—-10, Y =1) = ®(-10)/2,
while P(X < —10)P(Z < —10) = ®(—10)
independent.

(d) Here X and Z do not arise as linear combinations of the same collection of

independent normal random variables.

4.6.14 We see that fz(—z) = T((n+1)/2)(1+(—2)%/n)~"+1/2 /T (n/2)/mn =
D((n+1)/2)(1 + 22/n)~("*tV/2 )T (n/2)\/7n = fz(z). Then using the substi-
tution s = —t, we have P(Z < —x) = [ f(t)dt = — [° fz(—s) (—ds) =
[5 f2(s)ds = P(Z > x).



4.6. NORMAL DISTRIBUTION THEORY 115

4.6.15 If X,, ~ F(n,2n), then we can find Xy, ..., X3, i.id. ~ N(0,1), with
Xn=(((X1)2+...+ (X)H)/n)/((Xns1)? + ... + (X30)?)/2n). But as n —
o0, by the strong law of large numbers, since F((X;)?) = 1, ((X1)? + ... +
(X)2)/n — 1 (Xps1)? + ...+ (X3,)%)/2n — 1 with probability 1. Hence,
X, — 1/1 =1 with probability 1, and hence also in probability.

4.6.16 The Gamma(a/2, 1/2) distribution has density function

g(x) = (1/2)*/222/2=1e==/2 /T (a/2). By inspection, g(z) = f(z), i.e., the x*(a)
distribution corresponds to the Gamma(a/2, 1/2) distribution and is thus a
well-defined probability distribution on (0, c0).

4.6.17 Just replace n by a throughout in the proof of Theorem 4.6.7.

4.6.18 Just replace n by a throughout in the proof of Theorem 4.6.9.

4.6.19 When o > 1, we have that

o g\ —oft 9 9 _a-1|™>
x 2 o T 2
EX)= 1+ — = (1+Z=
co=[ +(145) T a= gty (07 )

When « > 2 we can write (using X ~ ¢ («) implies that Y = X% ~ F (1,«))

=0.

2 ——F(%ﬁ) « Oou% u_OKTJrl U

B = gy, 0
) [T _atg=s
_F(%)F(%)a/o w2 (14 u) du
_ D) s N\ 3\ 3
_r(%)r(%)a/o <a2”) (1+a2v) P
_ MEY) r@eree), 1ot o

r(Hr(g r(&e) 2a/2 -1 a—2

4.6.20 Making the transformation v = (a (8 —2) /8 ( + 2)) u, we have that

e S o2 g2
w0t () (o) 5
L (ats 0 afz_g _ats
el ()70 T
_ ) sTCACR) 5 ap s
T %)r(g)a F(QTW) a(B-2)/2 B-2
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) F((XTw) B 2 o /g ot o —afs
BXI=13 ayr g) <5> /0 <5u> (HEU i
() e\ TERT(E) 8V @+
Cr(e)r (L (a) T (ot _(a) ((B-2)/2)((B—4)/2)
()1 (%) (=%2)
Therefore,
_ (B (@) (a+2) 3
var ()= (7) G-20G-1 (-2
B B2 N oy (g 2B+ B-2)
_a(ﬂ—2)2(ﬂ—4){( +2)(B-2)—a(B-4)} CG-2° (-4
Challenges

4.6.21 Suppose that 0 < a < 1. We have that

oo 2\ — 3 o0 2\ —1 2
/ :L’(ler—) d:cZ/ :L’<1+z—) dz—gln<1+x—)
0 o 0 o 2 «a

a+1

2

and, similarly, fgoox (1 + gfl—z) dr = —oo, which implies that the mean

[es)
= 00
0

does not exist.
Consider now the second moment. Since X ~ t(«) implies that ¥ = X? ~
F (1,a), we have that

P -y, ()0 T
_ () T —=p1
_F(%)F(%)a/o u? (14+u) du

Now if 0 < a < 2, we have that
/ u? (1+u)7%du2/ us (1+u)7%du.
0 0

1 _1
2 2

Since lim, oo u? (1+u)” 2 = 1, we have that u? (1 4 u)
fied € > 0 whenever u > c.. Therefore,

/u%(1+u)7%du2/ u
0 c

€

2(1—6)/00(1—|—u)_ldu:(1—e)ln(1+u)§jzoo.

> 1 — € for a speci-

D=

(1+ u)7% du



4.6. NORMAL DISTRIBUTION THEORY 117

Obviously, the variance is undefined when the mean does not exist, as when
0 < a <1, and the above shows that it is infinite when 1 < o < 2.

4.6.22 We use induction on n. For n = 1 both sides are 0, so the equation
holds. Assume now that it holds for some value of n. We shall prove that
it holds for n + 1. Multiplying through by o2, it suffices to take ¢ = 1. Let
X = (1/m)(X1+...+X,,) for any m. Then X,, 11 = (nX,,+X,41)/(n+1), so
that X, 11— X, = (Xp41 — X,)/(n+1). Hence, for 1 <i <n, (X; — X,11)? =
(Xl_Xn+(Xn_Xn+l))2 = (Xz_Xn)Q‘i’(Xn_Xn+1)2+2(Xz_Xn)()_(n_)_(n-‘rl)
Now, >, (X; — X,)? equals the right-hand side of (4.7.1) by the induction
assumption. Also, Y7 (X, — X;41)? = n(X,, — Xnt1)? = (n/(n+ 1)*)(X,, —
Xn+1)2. AISO, Z:L:l(Xz —Xn)(Xn —Xn+1> = (Xn _Xn+1) Z:L:l(Xz —Xn) =0
by definition of X,,. Hence, Z?:ll (X;—X,,)? equals the right-hand side of (4.7.1)
plus n(X,, — X,11)% plus (Xpi1 — Xng1)? But (n/(n+ 1)?)(X,, — Xpe1)? +
(Xn1 = Xni1)® = (n/(n + DA)((A/n)(X1 + ... + Xn) = Xna1)? + (Xnp1 —
1/ (n+1)( X1+ ...+ Xnt1)? = AU/nn+ 1)) (X1 + ...+ X)) —nXpp1)? +
(1/(n+))2 (X1 +...+ Xpp1— (n+1)Xpp1)? = (/nn+ D)) (X1 +.. .+ X)) —
nXp1)? + (1/(n+ 1) X1+ ...+ X = nXpi1)? = (1/n(n+1)%) + (1/(n +
1))2)(X1 + ...+ Xn — TLXn+1)2 = (1/7’L(7’L + 1))(X1 + ...+ Xn — TLXn+1>2 =
(X1 + ...+ X, — nXpp1)/y/n(n +1)2. Hence, " (X; — X,,)? equals the
right-hand side of (4.7.1) plus (X1 +. ..+ X, —nX,11)/y/n(n + 1)2. The result
follows by induction.






Chapter 5

Statistical Inference

5.1 Why Do We Need Statistics?

Exercises

5.1.1 The mean survival times for the control group and the treatment group
are 93.2 days and 356.2 days respectively. As we can see, there is a big difference
between the two means, which might suggest that the treatment is indeed effec-
tive, but we cannot base our conclusions about the effectiveness of the treatment
based only on these numbers. We have to consider sampling variability as well.

5.1.2 In the control group there are two unusual observations, namely, obser-
vations 11 and 30, and these tend to make the mean for this group much larger.
In the treatment group there would not appear to be any unusual observations.

5.1.3 For those who are still alive, their survival times will be longer than the
recorded values, so these data values are incomplete.

5.1.4 We could construct a probability distribution based on the database
of marks. For example, recording the proportion of students receiving marks
greater than 80, etc. Then for a student randomly selected from the database,
this proportion is the probability that the student will have a mark greater than
80.

5.1.5 We use the sample average z = —0.1375. We base this on the weak law
of large numbers because we know that Z will be close to p when n is large.

5.1.6 We could get ages of all male students at the college from the database.
Since we can then compute the average age exactly, there are no uncertainties.
This means we don’t need any statistical methodology.

5.1.7 We use the difference T — g of the sample averages Z and §g. We know
that z and y will be close to p; and o as m and n are large based on the weak
law of large numbers. But if m or n is small, the values of Z or ¥ may not be
close to w1 or o respectively.

119
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5.1.8 We estimate A by 1/Z. The weak law of large numbers guarantees Z is
close to the expected value of X, E(X) = 1/\. Hence, the reciprocal of Z is
also close to A. If A is very large, or 1/) is very small, then Z is also very small
value. So a small change of T could make large difference in the result. That
means if A is very large, then a huge number of observations are required to
determine A.

Problems

5.1.9 We note that patients who didn’t receive transplants could have been
much unhealthier than those that did. It is not clear what factors influenced
which group a patient wound up in and these factors could have a profound
impact on the survival times.

5.1.10 We get an approximate value of P(C) by dividing the number of sample
values lying in the set C' by the sample size, i.e., P(C) is determined by Ic =
n~tY " Io(X;) for a sample X1, ..., X,. The weak law of large numbers (see
Theorem 4.2.1) guarantees that I is close to P(C) when the sample size is big.
However, the accuracy depends on the size of P(C). Consider the central limit
theorem (see Theorem 4.4.3), (I — P(C))/(P(C)(1 — P(C))/n)'/? 2 N(0,1).
When P(C) is very close to 0 or 1, a small change of I could lead to a large
difference from the value P(C).

Computer Problems

5.1.11 A good method would be to generate a large sample (say n = 1000) from
the N(0,1) distribution, calculate the values of Y, and then record the empirical
distribution function of Y. This allows us to estimate the probability P (Y € A)
for any interval A. For example, the following Minitab commands do this and
record the estimate .021 for P (Y € (1,2)). As we know from the weak law of
large numbers, the proportion of Y values in this interval will converge to this
probability as n — oo.

MTB > random 1000 c1;

SUBC> normal 0 1.

MTB > let c2=cl**4+2*cl**3-3
MTB > let c3=c2>1 and c2<2
MTB > let kil=mean(c3)

MTB > print ki1

Data Display

K1 0.0210000

Statistical methodology is relevant to determine if n is large enough to ac-
curately estimate the probability and how accurate this estimate is.
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5.2 Inference Using a Probability Model

Exercises

5.2.1 In Example 5.2.1 the lifelength in years of a machine was known to be
X ~ Exponential(1), so the mode is given by 0. In Example 5.2.2 the conditional
density is given by e~ ®=1 for # > 1. The mode of this density is 1.

In both cases the mode is at the extreme left end of the distribution and so
does not seem like a very good predictor.

5.2.2 Using the mean of a distribution to predict a future response, the mean
squared error of this predictor is E (X —1)® = Var (X) = 1, where X is the
future response and 1 is the mean of the distribution.

5.2.3 The density of the distribution obtained as a mixture of a N(—4,1) and a

N (4,1) with mixture probability .5 has density given by \/g—w exp {7%} +

\/‘% exp {f (m;4)2 } for —0co < z < oo. This is plotted below.

0

1
X

5.2.4 First, if X ~Uniform(0,1), then the density of ¥ = 10X is given by
fy (y) =1/10 for 0 <y <10, i.e., Y ~ Uniform(0, 10), so E(Y) = 5 years.

The smallest interval containing 95% of the probability for Y is an interval
(a,b), where a and b satisfy 0 < a < b < 10 and 0.95 = f; 25dy = 15 (b—a) or
b —a = 9.5. We thus see that any subinterval of (0, 10) of length 9.5 will work,
e.g., (.5,10).

Next, if we want to assess whether or not o = 5 is a plausible lifelength for a
new machine, we need to compute the tail probability P (Y > 5) = fsw %dy =
15—0 = 0.5, which in this case is quite high and therefore indicates that zo =5 is
a plausible lifelength for that new machine.

Now, the density of the conditional distribution of Y, given Y > 1, is given
by fy (y|Y >1) = § for 1 < y < 10. So the predicted lifelength is now

10
EY|Y>1)= [ ¥dy=5(82—-3)=55.

The tail probability measuring the plausibility of the value zo = 5 is given
by P(Y >5|Y >1) = [;° tdy = 3 = 0.555555, which indicates that 2o = 5 is
slightly more plausible now.

Finally, the shortest interval containing 0.95 of the conditional probability
is of the form (¢, d), where ¢ and d satisfy 1 < ¢ <d <10 and 0.95 = fcd %dy =
L(d—c)ord—c=(.95)9 = 8.55. We thus see that any subinterval of (1,10)

9
of length 8.5 will work, e.g., (1.45,10).
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5.2.5 We consider the mode of a density as a predictor for a future value. The
density (1/v/4r)exp(—(z — 10)2/4) is maximized at x = 10. Thus, x = 10 is
recorded as a prediction value of a future value of X.

5.2.6 To get the smallest interval containing 0.95 of the probability for a future
response, the density at any point in the interval must be higher than the density
at points outside of the interval. As we can see in the density plot, the density
is unimodal and symmetric at = 10. Hence, the shortest interval must be
I =(10—-¢,10 + ¢). From the requirement the probability of I is 0.95, we have
P(I)=P(10—c < X <10+c) = ®(c/V2) — ®(—c/V2) = 20(c//2) —1 = 0.95.
The solution of ¢ is ¢ = v/2®71((0.95 + 1)/2) = v/2 - 1.96 = 2.7719.

5.2.7 The mode of a density is a possibility. The density of Gamma(3,6) is
(63/T(3))a? exp(—6x). The first and second derivative of the logarithm of the
density are —6 + 2/x and —2/2%. Hence, the density has the maximum value
at x = 1/3. In other words, z = 1/3 is the most probable value. So x = 1/3 is
recorded as a future response.

5.2.8 The value having highest probability is considered. Since P(X = z +
1)/P(X =2) = [e7®"*! /(z + 1)) /[e°5" /al] = 5/(z + 1), p(z) = P(X = 2) is
increasing when z < 4 and is decreasing when x > 5. Also p(4) = p(5) is the
maximum value. Both 4 and 5 can be a prediction of a future value.

5.2.9 The probability function p(z) = (1/3)(2/3)" is decreasing. Hence, x = 0
is the most probable.

5.2.10

(a) Answer I: The value 2 = 1 has the highest probability. So = 1 is the most
probable future value.

Answer II: Since E(X) = (1/2) -1+ (1/4) -2+ (1/8) -3+ (1/8) - 4 = 15/8, the
value x = 2 has the smallest MSE.

(b) The conditional probability P(X = z|X > 2) is given by

T 2 3 4
PX=z|X>2)|1/2]|1/2]1/2

Answer I: Among X > 2, the value X = 2 has the highest probability. So x = 2
is the most probable future value.

Answer II: The conditional expectation is F(X|X > 2) = (1/2) -2+ (1/4) -
3+ (1/4) -4 = 11/4. Hence, the value x = 3 has the smallest conditional
mean-squared error.

Problems

5.2.11 Let X be the number of heads in 10 tosses of a fair coin. Then
s ~Binomial(10, 0.5)

(a) The expected value of the response is F(X) =10-0.5 = 5.

(b) The probability function of X looks like the graph below.
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3
1 1 1 1 1 1

From this we can see that the shortest interval containing 0.95 of the probabil-
ity is symmetric about 5. So ¢ satisfying 2(P(X =0)+---+ P(X =¢)) < .05
and 2(P(X =0)+---+P(X =c+1)) > .05 gives the shortest interval as
(¢,n —c). In this case ¢ = 2 since 2(P(X =0)+---+ P(X =2)) = 0.02148
and 2(P(X =0) +---+ P(X =3)) = 0.10937.

(c) As we can see, the probability function of X is symmetric, so to assess
whether or not a value x is a possible future value we would use the probability
of obtaining a value whose probability of occurrence was as small or smaller
than that of z. In this case it is the probability

2(P(X=0)4+--+ P(X =min (z,n — 2))).

When z = 8 this probability is given by 2(P(X =0)+---+ P(X =2)) =
0.02148. It seems small, so we have evidence against the coin being fair. Note
that it is also plausible to use the left or right tail alone, but the two-tailed
approach seems more sensible.

5.2.12 We have that the probability of an interval (a, b) is given by e~ — e~
and we want a and b such that e=® — e~ = .95 and b — a is smallest. From the
graph of the density e~%, we see that for two intervals of the same length the
one closest to 0 has the most probability. So taking a = 0 means that choosing
b appropriately will give the shortest interval.

5.2.13
(a) The condition implies that X € C = {0,2,4, 6,8, 10} and this has probability

10 10 10 10 10 10 N\ 1
P = - —
The conditional distribution of X, given C, is

P(X_OC)—2<1O>

1 10
= =1.9531 x 1073
0 (2> 9531 x 10

10
P(X=2|C)= 2(120) (%) = 8.7891 x 1072
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10
P(X=4|C) = 2(10) (1) = 0.41016
4 2
10
P(X=6|C)= 2(160) (%) — 0.41016

1 1 10
P(X:8|C)=2< 0) (-) =8.7891 x 1072

8 ) \2
10
P(X=10|C) = 2(18) (%) =1.9531 x 1073

so the conditional expectation of X is =0 (1.9531 X 10_3) +

2 (8.7891 x 1072) + 4 (0.41016) + 6 (0.41016) + 8 (8.7891 x 1072) +

10 (1.9531 X 10_3) =5.0.

(b) The shortest interval containing at least 0.95 of the probability for X is
(2,8).

(c) We assess & = 8 by computing 2 (P(X = 0) + P(X = 2)) = 2(1.9531 x 1073+
8.7891 x 1072) = 0.17969, and we see that we now do not have any evidence
against 8 as a plausible value.

5.2.14 Suppose that X ~ Beta(a,b). We have that

(P T(a+b) L, 1, T(@+b ', _
R MR s o T R
_T(a+b) T'(a+1)I'(B) @

T T(@I(®) T(at+b+1) a+b

and the mean-squared error of this predictor is just

2
a ab
E<<X_ a+b> ) =V = D @e o

We have that
L, T(a+0) _
E(X? :/ e L Y § TR Ll
)=, “rares 0

Ta+b) (" w1,y -1, T(a+b) T(a+2)T(b)
)/0 =) A = e T S Tt b1 2)

" T(@T(®
a(a+1)
(a+b)(a+b+1)

so Var(X) = ab/ (a+b+1) (a+b)>.

To obtain the mode, we need to maximize 221 (1 — ac)bil or equivalently
(a—1)Inz+(b—1)In(1—=z), which has derivative (a—1)/z—(b—1)/(1—z), and
setting this equal to 0 yields the solution & = (a — 1) /(a + b — 2). The second
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derivative is given by —(a — 1)/2% — (b —1)/(1 — x)?, which is always less than
or equal to 0 so & is the mode. Then

EX*a77127EXia+aia712
a+b—2 B a+b a+b a+b-—2

2
a a—1
= X —_
Var( )+(a—|—b a+b—2>

2 2
_ ab 2+< a  a-1 ) > B (X— a ) .
(a+b+41)(a+0) a+b a+b-2 a+b

Therefore, the mean is a better predictor.

5.2.15 Suppose X ~ N(0,1) and that we use the mean of the distribution to
predict a future value. Then:

(a) E(X) =0 is a prediction for a future X.

(b) If Y = X?, then Y ~ X%l) and E(Y) = 1.

(c) We notice that we predict X by 0 but do not predict X2 by 02.

5.2.16 As in the graph, the probability function is decreasing as x increases.
Hence, the shortest interval containing 95% probability of a future value X is
[0,c] for some ¢ such that P(X < ¢) > 0.95. Since P(X < z) =0 +0(1 —
0)+ - +0(1—0)" =1—(1—0)*" for § = 1/3, the solution ¢ must satisfy
1—(2/3)“"! > 0.95. The solution is ¢ > —1+1n(0.05)/In(2/3) = 6.3884. Hence,
the interval [0, 7] is the solution.

5.2.17 The conditional probability P(X = z|X > 5) = 6(1—0)*~°® where z > 6
and 6 = 1/3. The conditional probability function is decreasing and the value
z = 6 is the most probable.

Again the shortest interval containing 95% probability of a future X is [6, ¢|
satisfying P(6 < X < ¢[X >5) > 0.95. Since P(X < z|X >5)=1—(1-6)*75,
the solution is ¢ > 5 4 In(0.05)/1n(2/3) = 12.3884. Finally, the interval [6, 13]
is the solution.

5.3 Statistical Models

Exercises

5.3.1 Let 6 denote the type of coin being selected, then § € Q = {1,2,3},
where coin 1 is the fair one, coin 2 has probability 1/3 of yielding a head, and
coin 3 has probability 2/3 of yielding a head. So the statistical model for a
single response consists of three probability functions {f1, f2, f3}, where f; is
the probability function for the Bernoulli(1/2) distribution, f; is the probability
function for the Bernoulli(1/3) distribution, and f3 is the probability function
for the Bernoulli(2/3) distribution. Then (z1,x2,. %5) is a sample from one of
these Bernoulli(#) distributions.
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5.3.2 There are 6 possible distributions in the model as given in the following
table. Here p; denotes the distribution relevant when the face with 7 pips is
duplicated.

I 2 3 4 5 6

pm 1/3 0 1/6 1/6 1/6 1/6
p2 O 1/3 1/6 1/6 1/6 1/6
ps 0 1/6 1/3 1/6 1/6 1/6
pe O 1/6 1/6 1/3 1/6 1/6
ps 0 1/6 1/6 1/6 1/3 1/6
pe O 1/6 1/6 1/6 1/6 1/3

5.3.3 The sample (X7 X,) is a sample from N(u,0?) distribution, where
0 = (u,0%) € Q = {(10,2),(8,3)}. We could parameterize this model by
the population mean or by the population variance as both of these quanti-
ties uniquely identify the two populations. For example, if we know the mean
of the distribution is 10, then we know that we are sampling from population I
(and similarly if we know the variance is 2).

5.3.4 We cannot parameterize the model by the population mean since the two
populations have the same mean, but we can parameterize by the population
variance, as this is unique.

5.3.5 A single observation is from an Exponential(d) distribution, where 6 €
Q = [0,00). We can parameterize this model by the mean 1/ since the mean
is a 1-1 function of §. We can also parameterize this model by the variance,
since it is a 1-1 transformation of § > 0. The coefficient of variation is given by
Y v/6—2 = 1. This quantity is free of 8, and so we cannot use this quantity to
parameterize the model.

5.3.6 The first quartile ¢ of the Uniform[0, 3] distribution satisfies 0.25 =

foc %dm = £, s0 ¢ = 0.256. Since c is a 1-1 transformation of 3, we can pa-
rameterize this model by the first quartile.
5.3.7

(a) The parameter space is comprised of the possible values of . Hence, the
parameter space is Q = {A, B}.

(b) The value X = 1 is observable only when § = A. Hence, § = A is the true
parameter. The distribution of X is

. |12 ifzx=lorz=2,
P(X =2)= { 0 otherwise.

(c) Both @ = A and 6 = B are possible because P4(X = 2), Pg(X =2) > 0.

5.3.8 Assume the observed value z is contained in C, that is, z € C. Since
x € C' and z & C¢, the value x could come from P; but not come from P,. That
means the true probability measure is P;. If x ¢ C, then the value x could
come from P, but not from P;. Hence, the true probability measure is P5. In
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sum, if the probability measures are constructed on disjoint sets, then the true
probability measure is easily determined by the observed value.

5.3.9 The probabilities of the event X = 1 with respect to the probability
measures P; and P, are Pi(X = 1) = 0.75 and P»(X = 1) = 0.001. If the
true probability measure were Pj, the event (X = 1) would be very probable to
have happened. But the event X = 1 would be very rare if the true probability
measure were Py.

5.3.10

(a) The model is the set of all possible distributions, class 1 and class 2. That
is Q = {P1, P,}. The probability measure P; corresponds to class 1 and P,
corresponds to class 2. The parameter space is {1,2}. The random variable
considered in this problem is the number of female students when a sample of
size 1 is taken. Hence, the observed data is X = 1. The distribution of X is
Hypergeometric(100, 65, 1) from P; and Hypergeometric(100,55,1) from Ps.
(b) The probabilities of the event (X = 1) is P (X = 1) = () (3)/("°) =
13/20 and P(X =1) = ( )(40”)/(1[1)0) = 11/20. Since both classes give similar
probabilities for the observed data, it is hard to determine from which class the
female student came.

(c) Since P;(X = 1) = 0.65 > 0.55 = P»(X = 1), the probability measure Py
would appear to be more likely.

Problems

5.3.11 We have that exp (¢) = 6/(1-0), so 14exp (¢) = 1+0/(1-0) = 1/(1-0),
giving that 6 = exp () / (1 + exp (¢)) . Then the probability function for X; is

given by ) .
(o) (o)

for x; € {0,1} with ¢ € [0,00] (note ¥p = co when § = 1). The probability
function for the sample (X1,...,X,) is given by the product of these individ-
ual probability functions, and the parameter is v, which takes values in the
parameter space [0, o] .

5.3.12 We have that ¢) = Ino, so 0 = exp (¢0) . The density function for X; is
then given by

exp (—2
p\/(%Q) exp{eXp (2 2¢) (x; ‘u)Q}

and (i) € R? so that the parameter space is now R2. The density function for
the sample (X1,...,X,,) is given by the product of these individual probability
functions and the parameter is (u, 1) , which takes values in the parameter space
R2.

5.3.18 3 1, (w—p)? = Z?:l(xl T+z—p)? =300 (2 —2) +2(z — 7) (T~
)+ (p=2)%) =3 (2 —2)? —2n—2) XL (v —7) + 201, (- 7)° =
Zz 1($1 j)Q n(p —

(
z)? since Y i (z; —T) =Y i x;i —nZ = 0.
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5.3.14 We know that T ~ Binomial(n, §) , where 8 € [0,1] is unknown. There-
fore, the probability function for T is given by fo(t) = (7)6"(1 — 6)"" for
t € {0,...,n}. The parameter is § and the parameter space is [0, 1].

5.3.15 The first quartile ¢, of a N(u, 0?) distribution satisfies

R (x-w?\ , . (c—n
0.25 = / Nor: exp{ 552 de = = .

Therefore, ¢ = pu + 0295, where z.95 is the first quartile of the N(0,1) distri-
bution, i.e., ®(z25) = .25. But we see from this that several different values
of (u,0?) can give the same first quartile, e.g., (u,02) = (0,1) and (p,0?) =
(z.25/2,1/4) both give rise to normal distributions whose first quartile equals
z.25. Therefore, we cannot parameterize this model by the first quartile.

5.3.16 The statistical model for (X,Y") is given by the densities

fx,ylo®,6%) = f(z]o®,y)f(y]6?)
1 (x —y)? 1 1

2
= ———exXpy ——— p ——exXpP{ ——
V2mo p{ 202 } V2o p{ 252" }
1 . 1 [ 2? + 2zy 1 + 1 9
= X —_— —_— _— —_— —_
D R 2 \ o2 o2 o2 52 )Y
1 . 1 (22 N 2zy 6% +0? ,
p— X —_—— —_— _—
D R 2 \ o2 o2 o252 7
1 62 + o2 z? 2xy 1,
= expq — + -5V
2nod 202 02 4+02 42402 62

where the parameter (02, 52) ranges in the parameter space (02, (52) X (02, 52) .
From Example 2.7.8 we see that this is the density of a Bivariate Normal(0, 0, 6%+

02,62, p) distribution, where p = Wi%‘ Using Problem 2.7.13 we have im-

mediately that X ~ N (0,02 + §2). Therefore, the statistical model for X alone
is given by the collection of all N(0,72) distributions, where the parameter
72 is any value greater than 0. Alternatively, this result can be obtained by

integrating out y in the joint density to obtain

T 2 2wy 11
2 2y _ _ _ B A2
f@]o®, o) = / 27radeXp{ 202+202 (202+252)y }dy
1 { x? }
- eXpy /.
27(02 + 62) P 2(62 + 02)

5.3.17

(a) It is possible to distinguish P; and P, with small error. Note that P;(X >
5)=1— ®(—5) =1 —2.8665 x 107 and Py(X > 5) = &(—5) = 2.8665 x 107,
Hence, we conclude the observed value x came from P; if x > 5 and came from
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P, if < 5. The probability of making any error is 2.8665 x 10~7. Therefore,
this inference is very reliable.

(b) A similar inference could make even when P; is a N(1,1). We conclude the
observed value x came from P; if x > 1/2 and came from P, if z < 1/2. But
the probability of making any error given by P;(X < 1/2) = &(—1/2) = 0.3085
is very big. Hence, this inference is not reliable.

5.3.18 If P; is the true probability measure, the sample mean X = (X +---+
X,,)/n has a N(1,1/100) distribution. And X has a N(0,1/100) distribution if
P; is true. Hence, we conclude the true probability measure is P; if X>1 /2
and is P, if X < 1/2. The probability of making an error is P, (X < 1/2) =

Pi((X —1)//1/100 < (1/2 —1)/4/1/100) = ®(—5) = 2.8665 x 10~7. Thus,

this inference is very reliable.

5.4 Data Collection

Exercises
5.4.1 We have that

0 r<l1 4 1
% 1<z <2 Y i:Q

Fx@=q 5 2s2<3 . fx@=12 _3
5 3<z<4 by 4
i 1<z 10 z

and px = Yioy wfx (@) = 2.0% = (Lo 22 fx (@) - 22 = 1.

5.4.2

(a) We cannot consider this as an approximate i.i.d. sample from the population
distribution since the size of the population is small and the sample size is large
relative to the population size.

(b) Place ten chips in a bowl. Each chip should have a unique number on it from
1 to 10. Thoroughly mix the chips and draw three of them without replacement.
The numbers on the selected chips correspond to the individuals to be selected
from the population. Alternatively, we can use Table D.1 by selecting a row
and reading off the first three single numbers (treat 0 in the table as a 10).

(c) Using row 108 of Table D.1 (treating 0 as 10)we get:

First sample — we obtain random numbers 6,0,9 and so compute (X (7g) +
X(?Tlo) +X(7T9))/3 = (3+4+2) /3 =3.0

Second sample — we obtain random numbers 4,0,7 and so compute (1 + 4 +
3)/3 =2.6667

Third sample — we obtain random numbers 2,0,4 (note we had to skip the
second 2) and so compute (1+4+1) /3 =2.0.
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5.4.3

(a) We can consider this as an exact i.i.d. sample from the population distri-
bution since it is a sample with replacement, so each individual has the same
chance to be chosen on each draw.

(b) Place ten chips in a bowl. Each chip should have a unique number on it from
1 to 10. Thoroughly mix the chips and draw three of them with replacement.
The numbers on the selected chips correspond to the individuals to be selected
from the population. Alternatively, we can use Table D.1 by selecting a row
and reading off the first three single numbers (treat 0 in the table as a 10).

(c) Using row 108 of Table D.1 (treating 0 as 10) we get:

First sample — we obtain random numbers 6,0,9 and so compute (X (7g) +
X (m10) + X (m9))/3=(34+4+2)/3=3.0

Second sample — we obtain random numbers 4,0,7 and so compute (1 +4 +
3)/3 =2.6667

Third sample — we obtain random numbers 2,0,2 (note we do not skip the
second 2) and so compute (1+4+1) /3 = 2.0.

5.4.4
(a) fx(0) =a/N, fx(1) = (N —a) /N. This is a Bernoulli((N — a) /N) distrib-
ution.

(b) P ( Fx(0) = fX(O)) —p (n Fx(0) =n fX(O)) — P(number of 0’s in the sam-
ple equals nfx (0) = (,_ % o) (,Fo&)/(N) since nfx (0) ~ Hypergeometric(N,

n—nfx(0)/ \nfx(0) n
a,n).
(c¢) We have that nfx(0) ~ Binomial(n,a/N), so P(fx(0) = fx(0)) = P(nfx(0)
=nfx(0)) = P(number of 0’s in the sample equals nfx (0)) = (nf;(O)) (%)n‘f}((o)

x (1— )"

5.4.5
(a)

02 — —

01 — —

Density

0.0 —

T T
1.0 45 55 65 10.0
Sample
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(b)

025 —| —

020 —
2> 015 —
‘@
5
a 010 —
0.05 —
0.00 —
T T T T T
1.0 35 45 6.5 10.0
Sample

(c¢) The shape of a histogram depends on the intervals being used.

5.4.6

(a) Through a census of the population.

(b) We cannot represent the population distribution of X by Fx since X is a
categorical variable.

()

0.35 r=A
fx(x)y=4¢ 055 x=0B
0.1 rx=C

(d) We can select a simple random sample from the population, record the
political opinion of each student, and compute the sample proportions for each

party.
(e) It does not allow for those who do not have a preference.

5.4.7 The file extension of a file indicates the type of the file. That means
the file extension is a base distinguishing the type of the file. Hence, it is a
categorical variable.

5.4.8

(a) The population II is the set of all 15,000 students. The variable X (7) is 1
if the student 7 intended to work during the summer and is 0 otherwise. So X
is a categorical variable. The function fx is the distribution of X, i.e., fx (1) is
the proportion of students who intend to work during summer and fx (0) is the
proportion of students who do not intend to work during summer.

(b) After asking all students whether they intend to work during summer or
not, count the number of students who intend to work, say M. Then, fx(1) =
M /15,000 and fx(0) = (15,000 — M)/15,000 = 1 — fx(1).

(c) Sometimes it is impossible to collect data from some students. If the budget
for this research is limited, some of the data cannot be collected. If it is impos-
sible to collect all data, then we need to collect data as much as possible. Say n
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data values are collected. Let m be the number of students who intend to work
during summer among these n students. Then, the estimator is fx (1) = m/n,
fx(0) = (n—m)/n, and fx(z) =0if z # 0 and = # 1.

(d) Now the population II; is reduced to the students who intend to work during
summer. Hence, the size of new population is M. The variable Y indicates 1 if
the student m who could not find a job and is 0 otherwise. Still Y is a categorical
variable. After taking a census, let L be the number of students who intended
to work during summer but could not find a job. Then, the exact distribution is
fr(1) =L/M and fy(0) = (M —L)/M = 1— fy(1). To estimate fy, sample m
students who intended to work during summer and count the number of students
who could not find a job, say [ students. Then, the estimate fy(l) =1/m and

Fr(0) = (m—1)/m=1—1/m=1- fy(1).

5.4.9

(a) Students are more likely to lie if they have illegally downloaded music, so
the results of the study will be flawed.

(b) Under anonymity, students are more likely to tell the truth so there will be
less error.

(c) The probability of obtaining two heads among three tosses is (3)(1/2)(1/2)*
= 3/8 = 0.375. The probability that a student tells the truth is 1 — 0.375 =
0.625. This can be modelled in statistically as follows. Let Y; be the answer of
the question from student ¢, X; be the true answer of student ¢ and 7; be the
truth of the answer X;. Then, X; ~ Bernoulli(d) and T; ~ Bernoulli(p) where
6 € [0,1] is unknown and p = 0.625 is known. The answer V; = X; if T; = 1
and Y; = 1— X, if T; = 0. Only Y;’s are observed. In other words, X;’s and T;’s
are not observed. The expectation of Y; is

Eol¥i] = By X JP(T; = 1) + Boll — XJP(T, = 0) = 0-p+ (1—6) - (1~ p)
=02p—1)+1—p.

Hence, § = (Y — (1 —p))/(2p — 1) is recorded as an estimated proportion of the
students who have ever downloaded music illegally.

5.4.10

(a) The population IT is the set of all purchasers of a new car in the last 6 months.
The random variable X is the satisfaction level indicating one of {1, ..., 7}. Each
fx(z) for x = 1,...,7 is the proportion of buyers at the satisfaction level x.
Hence, fx(z) > 0and fx(1)+ -+ fx(7) = 1.

(b) A categorical variable has no relationship among categories. The value x
indicates the level of a person’s satisfaction. The bigger value of z means the
more satisfaction. Thus,  might be treated as a quantitative variable but this
is not completely correct either as there is no clear meaning to the size of the
steps between categories. So this variable possesses features of both categorical
and quantitative variables.

(c) The difficulty arises from the subjectivity of the answer. This definitely adds
some ambiguity to any interpretation of the results.
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Computer Exercises

5.4.11

(a) After generating the sample (1, ..., Z1000) , you need to sort it to obtain the
order statistics ((1),...,%(n)) and then record the proportion of data values
less than or equal to each value. Then F'x(z) equals the largest value i/n, such
that z(;) < z.

(b)

(d) The histogram in (c¢) is much more erratic than that in (b). Some of this is
due to sampling error.

(e) If we make the lengths of the intervals too short, then there will inevitably
only be one or a few data points per interval, and the histogram will not have
any kind of recognizable shape. This is sometimes called over-fitting, as the
erratic shape is caused by making the intervals too small.

5.4.12 Using Minitab this can be carried out by placing the numbers 1 through
10,000 in a column and then using the Sample from columns command, with
the subcommand to carry out sampling with replacement.

Problems

5.4.13
(a) £x(0) = /N, fx(1) = b/N, fx(2) = (N —a—b) /N.

(b) Assuming f1, f2, and f5 are nonnegative integers summing to n (otherwise
probability is 0), the probability is (]?0) (;’1) (fo;kb)/(N).

n
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(¢) The probability that fx(0) = fo, fx (1) = fiand fx(2) = fs is

(oh) G () ()

since each sequence of f; zeros, fi ones, and f> twos has probability

(a)fo b\ (N —a—b\"
N N N
of occurring, and there are ( fo fal f2) such sequences.

5.4.14

(a) The population mean is given by ux = + Zf\il X (m) =Y, xfx (x) since
fx(x) = (the number of population elements with X (m;) = x)/N.

(b) The population variance is given by

S 2 1 on g 2 « 2
% = 5 2 (X () =)’ = 5 DX (m) = 5 2K (mi) ux + 1k
=1 i=1 i=1
= fx (@) =2k + ph = Yt fx (@) — pk = Y (@ - px)” fx (@)
5.4.15

(a) First, note that fx(0) = 1 ;I{O}(X(m)), S0

n

E(fx(0) = +E (Z Iy (X(m))> =23 B (T (X()
=2 PU(R) = 0) = 5 Y Fx(0) = fx(0)

(b) We have that

= % Z Var(I{O} (X(TQ))) + % Z Cov (I{O} (X(ﬂ'i), I{o} (X(ﬂ'J))
i=1 i<j
= %Val"(l{o}(XOTi))) + %@COV (I{o}(X<7T1)7 Iy (X(TFQ))

= LOOZIO) 2= (1) (31, Iy (X )
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and

Cov(I1oy(X (m1)), Iy (X (m2))) = E (Igoy(X (1)) Iy (X (7 ))) (fx(0
= P (X{ry) = 0.X(m) = 0) = (£x(0)° = £x(0) (T

Nfx(0)—1-NfxO)+ fx(O) _ f ()(1—f (0)
—fX(O){ X N_lx X } X X

N —
Therefore,
Var (fX(O)) _ Ix(0) (1n_ [x(0)) - n; 1 fx(O)](Vl_—le(()))
_ fx(0) (1= fx(0)) N —n
n N-1

(c) If we take a sample with replacement, then we can assume this is an i.i.d.
sample, so nfx(0) ~ Binomial(n, fx(0)). Therefore,

B (#x0) = 8 (nfx(0)) = S fx(0) = £x(0),
Var (fx(0)> = %Var (an(0)> _nfx(0) (1= fx(0) _ fx(0) (1~ £x(0))

n? n

(d) The reason is that this factor is the only difference with the variance for
sampling with and without replacement. Note that when n is small relative to
N, then this factor is approximately 1.

5.4.16 When fx(0) = a/N is unknown, then we estimate it by fx(0). Now
N = a/fx(0), so we can estimate N by setting N = a/ fx (0), provided fx (0) #
0.

5.4.17 If we knew N but not T, then, based on a sample X (m1),..., X (7,),
we would estimate T/N by X = L3 | X (m;). Therefore, when we know T
and do not know N, we can estimate N by T7'/X provided X # 0.

5.4.18 We have that X = 1 3" | X (m;), 50 E (X) = 13" | E(X (m;)). Since
each X (m;) ~ fx, we have that E (X (m;)) = mefx( ) = px, so E(X) =

Hx-
Under the assumption of i.i.d. sampling, each X (;) has the same variance

ok =>,(x —px)* fx (x). So we get Var(X)] = 0% /n.

5.4.19 Note that fx(z) = LS Iy (X (m3)), so it is an average of ii.d.
terms and E(Ig;}(X (m;))) = fx (z). Then by the weak law of large numbers

fx(m) Lt fx () as n — oo.
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Challenges
5.4.20
(a)
fx(x)
_ Hrell: X (r) =z} _ Hrelly : X (m) =z} + |{relly: X (7) =z}
11| ||
:MHﬂGHl:X(Tf):ZEH | {m € 1lp : X () = a}|
I 14| I I |

=pfix(z) + (1 —p)fox(v)
(b)

1
px =S afy (@ N X ()
R PR 1P
\H2| 1
] T Z;
= ppix + (1 = p)pex

(c) Using
Z (X (m) = mx) = Z (X () — pax) =0

melly melly

we have that

E;' T 3 ) T 5 00

|H | Z —pprx — (1 —p)pax)? +
welly

(1 —p)|H—12| Z (X (7) = pprx + (1 = p)pax)?
wella

1_ B 2
|H\ ; —pix) + (1 —p) (ix — p2x))” +
melly

8 w)lﬂ—lﬂ S (X (%) = piax) — p(piax — izx))?
wella
= pU%X +p(1 - p)2 (tax — M2X)2 +(1 —p)USX +(1-p) p2 (pix — MzX)2

=poix + (1 —p)osx +p(1 —p) (l1x — MzX)2-
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(d) Under the assumption of i.i.d. sampling and using Problem 5.4.15
E (pX1+ (1 —p)X2) =pE (X1) + (1 —p)E (X2) = puax + (1 — p)pax = pix

and

2

Var (pX1+ (1= p)X2) = p*Var (X1)+(1-p)*Var (X3) = Um +(1 p)Qarij

(e) Again, under the assumption of i.i.d. sampling and by Problem 5.4.15, part
(¢), and using n; = pn,ny = (1 — p)n we have
_ 2 2 2 1 — _ 2
Var (X) :U_X:pUU( +(1_p)02x +P( p)(p1x — pax)
n n n n

ai a3 p(1 —p)(px — pox
=p2 X (1 - p)2 X | ( ) (1 fi2x)

1 na n

2

so Var (pX1+ (1 —p)Xz) < Var (X).

(f) If p1x = pox, then there are no benefits as the two estimators have the same
variances. When the means 1 x and psx are quite different, then there will be
a big improvement through the use of stratified sampling. This indicates that

the populations IT; and Ily are quite different with respect to the measurement
X.

5.5 Some Basic Inferences

Exercises

5.5.% )

(a) fx(0) = 2667, fx (1) =
(b) Fx(0) = .2667, Fx(1) =
1.000

(¢) A plot of fx is given below.

2, fx(2) = 2667, fx(3) = fx(4) = .1333.
4667, Fx(2) = 7333, Fx(3) = .8667, F'x(4) =

020 —

proy

(d) The mean z = 25/15 = 1.1667 and the variance s = 1.952.
(e) The median is 2 and the IQR = 3. The boxplot is plotted below. According
to the 1.5 IQR rule, there are no outliers.
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5.5.2

(a) The empirical distribution function is given by

<0
0<zr<l1
1<z <2
2<x <3
3<zr<4
4<x<b
h<x <10
10<x <15
15 < z.

38
b
—
&
|
e e e e e B T

(b) A plot of fx is given below.

020 —

015 —

proportion

010 —

. . °
T T T T T T T T T T
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
f

(c) The mean is z = 4.188, the variance is s = 13.63.

(d) The median is 3.5 and the JQR = 3. A boxplot is provided as follows.
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Boxplot of Waiting time

Waiting time

According to the 1.5 IQR rule, there are two outliers, namely 10 and 15.

5.5.3

(a) fx(1) = 25/82, fx (2) = 35/82, fx (3) = 22/82.

(b) It does not make sense to estimate F'x () since this is a categorical variable.
(¢) A bar chart is given below.

043 —J

038 —]

Proportion

033 —|

028 —|
 —]

5.5.4 It means that 90% of all students got a score equal to his or lower and
only 10% got a higher score.

5.5.5 A plot of the empirical distribution function is given below (we have joined
consecutive points by line segments).

Cum. %
8
|

The sample median is 0, first quartile is —1.150, third quartile is 0.975, and the
IQR = 2.125. We estimate Fx (1) by Fx (1) = 17/20 = 0.85.
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5.5.6 Since the shape of the distribution is asymmetric, we should choose the
median as a measure of location and the IQR as a measure of spread. This is
because the distribution is skewed to the right.

5.5.7 We have that (i) = xg.25 = p + 0020.25, where zg 25 satisfies D (zg.25) =
.25.

5.5.8 First, recall that the third moment of the distribution is E,(X?). So 1(x)
is given by

P(p) = Bu(X?) = B, (X — p+p)°)
= B, (X — 1)*) + 3uE, (X — 1)) + 32 B, (X — ) + 1°
:O+3u03+0+u3:3u0§+u3.

5.5.9 We have that ¢(u) = F,,(3) = P,(X < (3—p) /oo) = D((3 — ) /o0).
5.5.10 We have that (i, 0%) = xg.25 = it + 020.25, Where @ (29.25) = .25.
5.5.11 We have that ¢(u,0%) = F(,,2)(3) = P, (X < 3) = P(Z <
B —p) /o) =2((3—p) /o).

5.5.12 We have that 1(0) = (1 — 0)* + 62,

5.5.13 We have that ¢(0) = 26(1 — 9).

5.5.14 First, recall that the coefficient of variation is given by ox/ux. So
= /602/12/(0/2) = 1/v/3. So we know 9(f) exactly and do not require

data to make inference about this quantity.

5.5.15 We have that 1(0) = «g /3.

Computer Exercises

5.5.16

(a) The order statistics are given by x(1) = 1.2, 22y = 1.8, 23) = 2.3, x(4) = 2.5,
.’13(5) = 3.1, 37(6) = 3.4, $(7) = 3.7, x(g) = 3.9, x(g) = 4.3, J}(m) = 4.4, x(n) = 4.5,
(12) =4. 8 T13) = 5. 6 T(14) = 5. 8 Z(15) = 69, T16) = 72, and Tar) = 8.5.

(b) Fx (z(;)) =i/n (there are no ties).

(c) The sample mean Z = 4.345 and the sample variance s = 3.345.

(d) The sample median is 4.350 and the IQR = 2.225.

(e) Since the distribution looks somewhat skewed, the descriptive statistics in
part (c) are appropriate for measuring location and spread.

(f) The sample mean Z = 4.845 and the sample variance s? = 7.874, while the
sample median is 4.450 and the IQR = 2.575. As we can see, the sample mean
and sample variance changed quite a lot, while the sample median and the TQR
have hardly changed. This suggests that the median and the IQR are more
resistant to extreme observations.

5.5.17
(a) The order statistics are given by x(1y = 59.8, x5y = 60.9, z(3) = 61.4,
Ty = 61.5, Z(5) = 61.67 Ze) = 61.9, T = 62.5, Ty = 63.17 Ty = 63.4,
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.’17(10) = 636, .’17(11) = 640, Z’(lg) = 642, Z’(lg) = 643, Z’(14) = 643, Z’(15) = 644,
T(16) = 64.9, Tarn = 64.9, Tag) = 65.0, T19) = 65.0, T20) = 65.1, T21) = 65.8,
.I‘(QQ) = 658, .I‘(Qg) = 663, $(24) = 663, 15(25) = 664, $(26) = 665, 15(27) = 666,
T(28) = 668, T(29) = 678, and T(30) = 71.4.

(b) The graph empirical distribution function is plotted as follows. Note that
there are two values at 64.3, two values at 64.9, two values at 65.0, two values
at 65.8, and two values at 66.3, so the empirical cdf jumps by 2/30 at these
points. Otherwise, the jump is 1/30 at a data point.

(¢) The sample median is 64.650 and the sample TQR = 66.300 —62.950 = 3.35.
The boxplot is given below and there is one outlier, namely 71.4.

60

(d) Since the shape of the distribution is somewhat skewed to the left, the
median and the IQR are the appropriate descriptive statistics for the location
and spread.

(e) The sample median is still 64.650 and the sample IQR = 66.325 — 62.950 =
3.375, so these values barely change. The boxplot is given below and identifies
two outliers, 71.4 and 84.9.

data
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MTB > let kl=sqrt(2)
MTB > random 30 c1;
SUBC> normal 10 k1.
MTB > random 1 c2;
SUBC> normal 30 k1.
MTB > let c1(31)=c2(1)
MTB > Boxplot Ci;

304

254

20

C1

15

®

(b) There is an outlier above the whisker.

(¢) The median is an appropriate measure of location and the interquartile range
is an appropriate measure of the spread of the data distribution. These measures
are somewhat unaffected by outliers

5.5.19

(a)
MTB > random 50 c1;
SUBC> chisquare 1.
MTB > boxplot cl

Cc1
w
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(b) There is an outlier in this plot and it is clear that it is skewed to the right.
(¢) The median is an appropriate measure of location and the interquartile range
is an appropriate measure of the spread of the data distribution. These measures
are somewhat unaffected by outliers and the skewness.

5.5.20
(a) The estimate of the 90-th percentile is obtained as follows.

MTB > random 50 c1i;

SUBC> normal 4 1.

MTB > sort cl c2

MTB > set c3

DATA> 1:50

DATA> end

MTB > let c3=c3/50
Then reading off the cell in ¢2 corresponding to the cell with the entry .9 in ¢3
we get the estimate z g = 5.20725.
(b) We estimate the mean p by T and the standard deviation ¢ by s so the
estimate of the 90-th percentile is obtained as follows.

MTB > invcdf .9 ki1

MTB > let k2=mean(cl)

MTB > let k3=stdev(cl)

MTB > let k4=k2+k3*kl

MTB > print k4

Data Display

K4 5.37781
(c¢) Under the normal distribution assumption, (b) is more appropriate because
all given information should be used. Note that the true 90th percentile of
N(4,1) distribution is 5.28155.

Problems

5.5.21 Using (5.5.3), we have that 5 = x(;_ 1)+n( T() — T(i— 1))(5——),
where (i — 1) /n < 1/2 < i/n. Now i — 1 < n/2 < i implies that ¢ = n/2 when
n is even and ¢ = [n/2] when n is odd. So we have that

7 x(n/g) n even

o { C(fn/21-1) + 0 (T(fn/2)) = T(ns21-1) (5= 51)  nodd
5.5.22 i A i A
(a) We have that F(z;)) = F(z)) = i/n, F(zi11)) = F(zas)) = (i +1) /n,
and . .
F(x — F(x;
(T(i11) — F(2@)) >0
T(i+1) — L(i)

shows that~F (x) is an increasing function from 0 to 1.

(b) Since F' is linear on each interval (z(;), T(;4+1)] it is continuous there. There-
fore, F' is continuous on (z (1, 00). It is also continuous on (—oc, z(1)) and right-
continuous at z(1). Therefore, Fis right-continuous everywhere.



144 CHAPTER 5. STATISTICAL INFERENCE

(c) From (a) there is an ¢ such that (i — 1) /n < p < i/n and then

F(a@) — F(z_1)

p:ﬁzi_ + Tp — T(i_
(i) — = (@ = wen)
i—1+1 1 (~ )
= —_ LTy — T(i—
n nac(z) — x(i—l) P (-1)

SO

) i—1
By =)+ (vm —2a-n) (P—— )



Chapter 6

Likelihood Inference

6.1 The Likelihood Function

Exercises

6.1.1 The appropriate statistical model is the Binomial(n, 0), where € Q =
[0, 1] is the probability of having this antibody in the blood. (We can also think
of 6 as the unknown proportion of the population who have this antibody in their
blood.) The likelihood function is given by L(#|s) = (7)0%(1 — 6)"*, where s
is the number of people whose result was positive. The likelihood function for
n = 10 people and s = 3 is given by L(6|3) = (130)93(1 —6)7, and the graph of
this function is given below.

6.1.2 The likelihood function for p when we observe 22 suicides with N = 30, 345
is given by L(p|22) = (30345p)* exp (—30345p) .

6.1.3 The likelihood function is given by L(6 |1, ....,20) = 6?° exp(— (20Z) ).
By the factorization theorem (Theorem 6.1.1) Z is a sufficient statistic, so we
only need to observe its value to obtain a representative likelihood. The likeli-
hood function when Z = 5.2 is given by L(0 |1, ..., z20) = 6%° exp(—20 (5.2) 0).

6.1.4 Since the sample size of 100 is small relative to the total population
size, we can think of the counts as a sample from the Multinomial(1, 81, 62, 63)

145
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distribution. The likelihood function is then given by L(61, 62,05 | 34, 44,22)
= 031051032,

6.1.5 If we denote the likelihood in Example 6.1.2 by L1 (0| 4) and the likelihood
in Example 6.1.3 by Lo(6|4), then Ly(0|4) = cL2(0]4), where ¢ = (140)/(3).

6.1.6 The likelihood function is given by

L(0 |2y, .wn) = [[071(1 = 0)' % = 027 (1 — )"~ 2% = "7 (1 — 9)"( 7).
i=1

By the factorization theorem Zz is a sufficient statistic. If we differentiate

InL(f|z1,....,2,) =nZ1Inf + n(l — Z)In(l — 0), we get

p_ne _n(-z)
(InLO|z1,...;zn)) = 0 1—6

and setting this equal to 0 gives the solution § = Z. Therefore, we can obtain &
from the likelihood and we conclude that it is a minimal sufficient statistic.

6.1.7 The likelihood function is given by

n Ha;ie—e Hnie—ne

LO|xy,...,zn) =
Ol ) g [Ta:!

By the factorization theorem Z is a sufficient statistic. If we differentiate
InL(f|z1,...,2n) = —In]Ja;! + nZIn 0 — nb, we get

(InL(O|x1,....2,)) = — —n

and setting this equal to 0 gives the solution § = z. Therefore, we can obtain &
from the likelihood and we conclude that it is a minimal sufficient statistic.

6.1.8
(a) The three likelihood functions are as follows.

Variable
0.7 ® st
- =2
s=3

likelihood
o o o o
& X o o
" ]
[ ]

o
)
h

o
-
fl
[ ]
°
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(b) Since L(1[1)/L(2|1) = 0.3/0.1 = 3 = L(1|3)/L(2|3) and L(1]2)/L(2[2) =
0.1/0.7 = 1/7 # 3, a statistic T : S — {1,2} given by T(1) = T(3) = 1 and
T'(2) = 2 is a sufficient statistic.

6.1.9 Since the density function f;(s) = (27)~"/2 exp(—(s —4)?/2) for i = 1,2,
the likelihood ratio is

L(1]0) _ exp(—(0—1)%/2)
L(2[0)  exp(=(0-2)?/2)

= e3/2 = 4.4817.

When s = 0 is observed, the distribution f; is 4.4817 times more likely than fs.

6.1.10 A likelihood function L is defined by L(f|s) = fg(s). A probability
density function or a probability function cannot take negative values. Thus any
likelihood function cannot take negative values. However, a likelihood function
may be equal to 0 in some cases. Consider X ~ Uniform[0,6] and § € R.
Suppose that X = 1 is observed. The density function is fp(x) = 1/0 if = € [0, 6]
and 0 otherwise. This implies L(0]1) = 1/0 if ¢ > 1 and 0 if # < 1. Hence L
can be 0 at some parameter values.

6.1.11 The integral f01 L(#|zp)df cannot be 1 in general because a likelihood
function is not a density function with respect to 6. Consider X ~ Uniform]0, 6]
and § € [0,1]. The likelihood function at X = zq is L(f|zg) = fo(xo) =
(1/0)I10,6(z0) = (1/0)I}54,1)(0). The integral of the likelihood function is

1 14
/ L(0|xo)do = / —df = —In(zo).
0 ) 0

This is not 1 unless xg = 1/e.

6.1.12 The joint density function is given by fo(s) = fo(z1) - fo(zn) = 6™ (1 —

@)1+ Hence the likelihood function is L(fs) = fo(s) = 07 (1—0)*1++2n,

Let h(s) =1, go(t) = 0"(1—0)* and T'(s) = z1+- - -+x,,. Then, the joint density

function can be factorized as fo(s) = h(s)-go(T(s)). Hence, T = X1 +---+ X,

is a sufficient statistic. Then, find a maximizer of the logarithm of the likelihood

function. The likelihood function is given by
OL(0ls) O

5 = 5 (nn(0) + T(s) In(1 - 0)) =

Setting this equal to 0 yields the solution 6 = n/(n+T(s)) which is 1—1 function
of T'(s). Hence, the sufficient statistic T' is a minimal sufficient statistic.

6.1.13 The likelihood at a parameter value does not have any particular mean-
ing. Suppose L(61]s) = 10° and L(0x|s) = 10°" for k > 1. Even though 10° is
a very big number, the ratio of 10° to 10 = 108! is almost zero (10-72). In
other words, a big likelihood value does not have any meaning. However, a very
big value of the likelihood ratio of two parameter points, say 62 to 1, indicates
0 is more likely than 6.
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6.1.14 As we have seen in Exercise 6.1.13, a ratio of likelihood values has to be
considered to have a meaningful interpretation. Let L1 (0) = 6%, Lo(6) = 10062,
f1 and 05 be two parameter values. The likelihood ratios at two points #; and
0 are

L1(61) _ (ﬁ)Q _ 1009% _ L2(01)
L1(92) 92 1009% L2 (92) '

Thus, the ratios of likelihood functions at any two points are the same. There-
fore, any inferences based on two likelihood functions L, Lo are effectively the
same.

Problems

6.1.15 Example 6.1.6 showed that T' : S — {0,1} given by T(1) = 0 and
T(2) = T(3) = T(4) = 1 is a sufficient statistic. Now given the likelihood
L(-| s), we know whether or not the likelihood ratio of a to b is 2 or 4/6, and so
can identify whether or not T'(s) takes the value 0 or 1. Therefore, T is minimal
sufficient.

6.1.16 We see that L(-|2) = L(-|3), so the data values in {2, 3} all give the same
likelihood ratios. Therefore, T : S — {0,1} given by T(1) =0,7(2) = T(3) =1,
and T(4) = 3 is a sufficient statistic. We also see that once we know the
likelihood function L(-|s), we can determine all the likelihood ratios and so
determine if s =1, s € {2,3} or s = 4 has occurred.

The minimal sufficient statistic in Example 6.1.6 is not sufficient for this
model since the data value s = 4 does not give the same likelihood ratios when
s=2ors=3.

6.1.17 The likelihood function is given by L(p |1, ..., x,) =
exp (—n(f — ,u)2/208). A likelihood interval has the form

{w:exp (—n(z - ,u)2/2cr(2)) >ch={p:—n(@- w)?*/20% > Inc}

Ihe<pu<z+ Ine,z +

_{ 5o %0 ﬂlnc}_(g—;_ﬂ ﬂlnc)
- V2n V2n V2n V2n '
So for any constant a, the interval (Z — a, T + a) is a likelihood interval for this
model.

6 1.18 We have that the likelihood function is given by L(0|z1,...,z,) =
H fo (z;) H f9 z) , so once we know the order statistics, we know the

hkehhood functlon and so they are sufficient.

6.1.19 The likelihood function is given by

L0z, ..., xn HF (02:)*° " exp {0z} 0

=1

" (a) (Hxl)a Lgnao exp (—0ni) .
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By the factorization theorem Z is a sufficient statistic. The logarithm of the
likelihood is given by In L(0 | z1, ..., ) = In{T"(ag) ([T2:)** '} + nalnf —
Onz. Differentiating this and setting it equal to 0, we obtain § = a/Z. So given
a likelihood function, we can determine Z and this proves that Z is minimal
sufficient.

6.1.20 The likelihood function is given by L(0|x1,...,2,) = 9‘7‘1[96( ),00) (9)
when 6 > 0. By the factorization theorem x(,) is a sufficient statistic. Now
notice that the likelihood function is 0 to the left of z(,) and positive to the
right. So given the likelihood, we can determine z(,,) and it is minimal sufficient.

6.1.21 The likelihood function is given by

1 n
L(elv 92 | Z1, 7xn) = <02 R 01) 1[700,1(1)) (91) I[T(n%oo) (92)

By the factorization theorem (x(l), x(n)) is a sufficient statistic. Now given the
likelihood function, we see that the likelihood becomes 0 at z(;) on the left and
at z(,) on the right. So given the likelihood, we can determine these points.
This implies that (x(1),(,)) is a minimal sufficient statistic.

6.1.22 From the argument in Example 6.1.8 we have that L(Z, 02 |21, ...,2,) >
L(p,0? |21, ...,x,) for every u. Further, the argument there shows that, as a
function of o2, the function In L(%,0? | x1, ..., ¥,) has a critical point at 62. The
second derivative of this function at 62 is given by

_ 0 (_n  n-l,
~ Jo? 202 201 °

1 /n
=51 (3-n) <0

9*InL ((z,0°%) |z)

d(0?)* 522

1 fn n-1,
AU

\so L(Z,6%| 21, ..., zn) > L(p, 0% | 21, ..., ,) for every p and o2.

6.1.23 The likelihood function is given by L(0|z1,...,x,) = 6"(1 — §)*(1=2)
for 6 € [0,.5]. The factorization theorem establishes that Z is sufficient. Just
as with the full Bernoulli() model, we can determine Z as the point where this
function is maximized — provided that Z € [0,.5] — otherwise we do not know
the form of this function outside of [0,.5]. In general, the maximum value of
this likelihood function is attained at min {.5,Z}. When the maximum occurs
at .5, we only know that .5 < Z < 1. But the second derivative of the log of the
likelihood is given by

B n_:E _n- nT = n n ny n
02 (1-6) (1—0* 0] (1-0)7
so we can determine Z from this value at any specified 6 € (0, .5) (since specifying

9 allows us to compute n/ (1 —0)*,n/6% and then knowing the value of the
right-hand side allows us to compute Z). Therefore, Z is minimal sufficient.

02=52

02=52
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6.1.24 The likelihood function is given by
L(0]z1, 39, m3) = 071 (20)"2(1 — 30)* = 272¢1 to2 (1 — 39)n~ (=1 +a2)

for 6 € [0,1/3]. By the factorization theorem x; + x4 is sufficient. To show
T1 + xo is minimal, suppose
L(G\xl,xg,:cg) B 2126)931-‘1-902(1 _ g)n—(m-‘rwz) wz—yz( 0 )x1+x2—(y1+y2)

L(Olyr,y2,y3)  2v20v1Fv2(1 — )n—(ntwe) —

1-6

is a constant when x1,x2,x3,y1,y2 and ys are fixed. The likelihood ratio is
constant if and only if z1 + x5 = y; + y2. Hence, z1 + x5 is a minimal sufficient
statistic.

6.1.25 The likelihood is given by L(i|s) = f; (s) for ¢ € {1,2}. Now note that
when T'(s1) = f1 (s1) /f2 (s1) = f1 (s2) / f2 (s2) = T(s2)

= S1) = f2 (81) S2) = S
L(1]s1) = f1(s1) = Ty (Sg)fl( 2) T (SZ)L(U 2)
L(z|s1) = fo(50) = T4 o ) = 2L 2 )

and to T is sufficient. Once we know L(i|s), we can certainly compute T'(s)
and so 7" is minimal sufficient.

Challenges
6.1.26 The likelihood function is given by

L(py 0 | 21,0y T) = (ﬁ (2 _N)>a01exp{—n$;M} <%)nao

i=1

for p1 > x(1),0 > 0 and is 0 otherwise.
Now observe that the logarithm of the likelihood function is given by

InL(p,o|x1, .y Tn) = (g — 1) E In (z;) — p) —pZ—H —naplno
o
i=1
and
0 - 1 n
— InL(p,0|x1, ., zn) = —(apg — 1 + —pu.
. | ) Yt

(a) When ag = 1 the likelihood function is determined by (z(1), %) , so (1), %)
is sufficient. Given the likelihood, we can determine x(;) (this is the point
where the likelihood becomes 0), and Z is the point where the derivative of the
log of the likelihood becomes 0. Therefore, we can determine (x(l), :Ic) from the
likelihood and it is minimal sufficient.

(b) When «q # 1 this derivative is infinite at each order statistic and nowhere
else. So when ag # 1 we can calculate the order statistic from the likelihood by
determining every point where the log of the likelihood has an infinite derivative.
Also, by Problem 6.1.18 the order statistic is sufficient. Therefore, the order
statistic is minimal sufficient in this case.
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6.2 Maximum Likelihood Estimation

Exercises
6.2.1 The MLEs are 0(1) = a,0(2) = b, 0(3) = b,0(4) = a.

6.2.2 The likelihood function is given by L(0 | 21, ..., z,,) = 677 (1—0)"1~%) The
log-likelihood function is given by (0 |z1,...,2z,) =nZInf+n(1 —z)In(1 —0).
The score function is given by
_nz  n(l-=o)
S(9|$1,...,ZL‘H)— ) — -0
Solving the score equation gives é(ml, .ty Tp) = Z. Note that since 0 <z <1 we
have that
050 | x1, ..., xp) _ nz n(l-2) n n
a0 0=z 02 (1-0)%|,_; T 1-x

So 7 is indeed the MLE.

6.2.3 Since ¥(6) = 62 is a 1-1 transformation of # when @ is restricted to [0, 1],
we can apply Theorem 6.2.1, so the MLE is ¥(0(z1, ..., x,,)) = Z%.

6.2.4 The likelihood function is given by L(f|x1,...,x,) = e "?0"% the log-
likelihood function is given by (0| z1,...,2,) = —nf + nZlnd, and the score
function is given by

SO|x1,...,xn) = —n+ %x
Solving the score equation gives 0(z1,...,x,) = Z . Note that since & > 0, we
have
88(9 | L1y -eey l‘n)

00

so T is the MLE.

6.2.5 The likelihood function is given by L(8| 21, ..., z,) = 0™ exp (—nzh) , the
log-likelihood function is given by I(8 | z1, ..., ;) = nag In§ —nZf, and the score
function is given by S(0|x1,...,x2,) = nap/0 — nZ. Solving the score equation
gives 0(x1, ..., z,) = ap/Z. Note that since Z > 0 we have that

0S(0|x1,...,xy)
00

72
naoyg nT
= - = —_—— < 07

9—20 02 lg=2a (o))
T

s0 0 = ap /7 is the MLE.

6.2.6 First, note that each z; comes from a Geometric(f) distribution. The
likelihood function is then given by L(0|x1,...,x,) = 0" (1 —60)"", the log-
likelihood function is given by (0|21, ....,z,) = nlné + nZln (1 —0), and the
score function is given by

n
S(0|.§C1,73§’n):§ 1_9
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Solving the score equation gives O(z1,...,x,) = 1/(14Z). Note that since

0 <z <1, we have that
980 |x1, ..., xy, T 14 72)?
( ‘.Tl, y L ) n nr = _n ((1_1_:1:)2_'_( +x) >

90 e 02 (1—9)

T

j__1
9_1+:E

< 0.

So 6 =1/ (1 + Z) is the MLE.
6.2.7 The likelihood function is given by

L(a|x17...7xn):( a+1)"ﬁx L <ﬁxi>a_1

i=1

The log-likelihood function is given by
la|zy, . @n) =nn (T (a+1)) —nn(T (@) + (@—=1)) Inz;

The score function is given by

n (T (a+1)) nF’ Zlnxz

S(alxlv'“v‘rn): F(Oé+1)

_a@ el (@) (@) NN e
= ol (a) T (a) +;1 ' 0‘+;1 )

Then the solution to the score equation is given by
n

72?:1 Inz;

The second derivative of the score at & is given by

&:

n

a?

so & is the MLE.
6.2.8 The likelihood function is given by

n B-1 n
L(B|x1,...,xy) = 8" (H%) exp (‘ Zx’f) )
i=1 j

the log-likelihood function is given by

I(B|x1y.yzn) =nlns+ (B (Zlnxl> _2”: 57
i=1
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and the score equation is given by

N n
SBlz1,...,xn) = 5 + Zlnxi - folnxi —0.
i=1 i=1

6.2.9 The likelihood function is given by

Lla| @y, .y zy) = Ha (1+4a;) @) = on (

i=1

n

i=1

—(a+1)
(1 + $1)> s

the log-likelihood function is given by

la]zy,.mzy) =nlna — (a+ I)ZIH(l +x;),
i=1

and the score function is given by

S(a|zy, ., zn) = g S (1 +a).
=1

Solving the score equation gives

i ) g

&z, ey ) = =—————.

' S (1 +a)

Note also that a%S(a | 21,...,2n) = —2% < 0 for every a, so & is the MLE.

6.2.10 The likelihood function is given by

et () o (5 )

i=1

n
1
I
i=1""

the log-likelihood function is given by

1< ~ 1
UT |21y n) = —g In(27) —nlnT — 53 Z (Inz;)* + Zln p
1 i=1 ’

1=

and the score function is given by

S(T] @1,y Tp) = —

53

1 n
+ = Z (Inz;)?.
i=1

Solving the score equation gives

+ Z?:l (In xi)Q
n
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and since 7 > 0, we take the positive root. Now

n 3 < o2n?
- - _ 2 In ; =~ <0.
T ;< : - >ica (In xi)Q

OS(T |21, ..., Tn)
or

T=T7 .
=7

So 7 is the MLE.

6.2.11 The parameter of the interest is changed to the volume 7 = p® from the
length of a side p. Then the likelihood function is also changed to

Ly(nls) = Ly (1’]s) = Li(pls)

where L, is the likelihood function when the volume parameter n = u3 is of the
interest and L; is the likelihood function of the length of a side parameter pu.
The maximizer 7 of L,(n|s) is also a maximizer of L;(n'/3|s). In other words,
the MLE is invariant under 1-1 smooth parameter transformations. Hence, the
MLE of 7 is equal to i3 = (3.2cm)? = 32.768cm3.

6.2.12 The likelihood function is given by

n

L(@®|z1,. . wp) = (07) 2 exp(= Y (@ — po)?/(20%)).

i=1
The derivative of the log-likelihood function with respect to o2 is

n 1 < 9
T952 T 91 Z(Iz‘ — )"
i=1

Hence, the maximum likelihood estimator is 62 = n=' Y"1 (z; — po)?. If the
location parameter p is also unknown, then the estimator for o2 is 62 = (n —
1)23°"  (z; — Z)? as in Example 6.2.6. The difference of two estimators is

RS IR
R R N2 2
6" 5" = ;:1(:52 o) — ;:1 (x; — &)

5 Y+ @ )

n(n—1) &~

= —s/n+ (Z — po)*.

In the second equality, the expansion (z; — uo)? = (v; — 2)? + (Z — po)? +
2(Z — po)(z; — &) is used. Thus, the summation becomes Y 1, (z; — po)? =
Sz —2)? + (T — po)? +2(Z — po) >oiq(z; — ). The last term is zero
because the summation in the last term is zero. By the law of large numbers,

2

_ P P . . .o P
T — po and s> = o2. Hence, the difference 6% — 52 — 0 as n — oc.

6.2.13 A likelihood function must have non-negative values but 63 exp(—(6 —
5.3)2) < 0 for all # < 0. Hence, 6% exp(—(0 — 5.3)) for § € R' cannot be a
likelihood function.
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6.2.14 Suppose the likelihood function has only three local maxima. The MLE
is the point having the maximum likelihood. Hence, the point among —2.2, 4.6
and 9.2 having the biggest likelihood is the MLE.

6.2.15 We have that L;(0|s) = cL2(0]|s) for some ¢ > 0, if and only if In L (0]s) =
Inc+1n Ly (0]s). So, two equivalent log-likelihood functions differ by an additive
constant.

6.2.16 A function that is proportional to the density as a function of parameter
is a likelihood function. So any likelihood function L can be written as L(6|s) =
c(8) fo(s) for some function ¢. Hence, L(0|s) = 1/4 does not imply fy(s) = 1/4.

Computer Exercises

6.2.17 The approximate MLE is 6 = 1.80000 (obtained from the values in C1
and C2) and the maximum likelihood is 3.66675. The following code was used.

MTB > set ci;

DATA > 1:1000

DATA > end.

MTB > let c1=c1/1000%20-10

MTB > let c2=exp(-(cl-1)*%2/2) +3xexp(-(cl1-2)**2/2)
MTB > plot c2*cl;

SUBC >connect.

likelihood

theta

6.2.18 The approximate MLE is § = 5.00000 and the maximum likelihood is
3.00034. The following code was used.

MTB > set ci;

DATA > 1:1000

DATA > end.

MTB > let c1=c1/1000%20-10

MTB > let c2=exp(-(cl-1)*%2/2) +3xexp(-(cl1-5)**2/2)
MTB > plot c2*cl;

SUBC >connect.
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likelihood
= = ny na ot
o in o in o

=
w

e
=)

-10 -5 a =1 10
theta

Note that the likelihood graph is bimodal. If v is big enough, then the likelihood
region will be just one interval. However, if «y is small, then the likelihood region
will be the union of two disjoint intervals.

Problems

6.2.19
(a) The counts are distributed Multinomial(GQ, 20(1-6),(1— 9)2) .

(b) The likelihood function is given by

L(0] 51, ..., sn) = 0771 (20 (1 — 0))"2 (1 — 0)*"* = 2m2g?01 w2 (1 — )220

)

the log-likelihood function is given by
1(0]s1,.y8n) =202+ (221 + 22) In0 + (22 + 223)In (1 —0),
and the score function is given by

2x1 +x2 w2 + 223
S(6|51,...,8n)= 9 — 1-0

(c) Solving the score equation gives

2x1 + x2

O(s1, ..., 8n) = ————2—
(817 ;S ) 2(.’171+.’172+Z'3)

Since

0S(0|s1,...,8n) _2x1 +x2 T + 213 <0
a0 B 02 (1-6)°

for every 6 € [0, 1] this is the MLE for 6.

6.2.20 First, recall that the MLE for p is Z (Example 6.2.2). The parameter of
interest now is ¢ () = P, (X < 1) = ® (1 — p), where ® is the cdf of a N(0,1).
Since @ (1 — u) is a strictly decreasing function p, then 1 is a 1-1 function of
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. Hence, we can apply Theorem 6.2.1 and conclude that zﬁ =@ (1 —T) is the
MLE.

6.2.21 The log-likelihood function is I(z |21, ..., #n) = —n (T — p)? /2, and, as
a function of p, its graph is a concave parabola and its maximum value occurs
at Z. So if £ > 0, this is the MLE. If T < 0, however, the maximum occurs at 0
and this is the MLE.

6.2.22 By the factorization theorem L (6|s) = fo(s) = h(s)ge (T(s)). The
probability function for T is given by

I = Y fe = Y hE©aTE)=gp®) S k).
{s:T(s)=t} {s:T(s)=t} {s:T(s)=t}

So the likelihood based on the observed value T'(s) = ¢ is given byL (8 |t) =
9o (t), and this is positive multiple times the likelihood based on the observed
s. Therefore, the MLE based on s is the same as the MLE based on T.

6.2.23

(a) First, note that 65 = 1 —6; — 0o, so the likelihood function is only a function
of 91 and 92 and is given by L(Ol, 92 | x1, ZL’Q,ZEg) = 0%1052 (1 — 91 — 02)963 . The
log-likelihood function is then given by (01,05 | €1, 22, 23) = 21 In 0 + x5 In by +
x31In (1 — 61 — 03) . Using the methods discussed in Section 6.2.1 we obtain the
score function as

Ty __m3
_( @ 1—6,-0
S(01,02 |1, 22, 23) = ( Y >
92 1701702
The score equation is given by

oot
0 1—0,—0y

T2 T3

I R A

0
so 1 = (21 + x3) 01 + 2162, and x5 = 2201 + (22 + x3) 02. The solution to this
system of linear equations is given by

A X1 1 N ) €2

)

= = o = = .
xr1 + 2o + a3 n 1+ T +x3 n

Also note that the matrix of second partial derivatives is given by

0S(0r,0z | w1, w0,3) ([ —@F ~ {6 )7 — 0 5
o6 - T3 _Za _ ____ X3
(1—91—92)2 0% (1—91—92)2

and evaluated at (91, ég) this equals

1
—n2 ( z1

1 1

xr3 xr3
1 1 .
L5,)

T2 x3

s+
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Now the negative of this matrix has (1, 1) entry greater than 0 and its determi-

nant equals
) G n)-(2)
—+ ) l—=—+=]—-(—) >0
r1 o w3) \T1  [3 3

so the matrix is positive definite. This implies that the matrix of second par-
tial derivatives of the log-likelihood evaluated at (éhég) is negative definite.

Therefore,
(é15927é3) = (ﬂaﬁal - ﬂ - E) = (ﬂaﬁvﬁ)
n

is the MLE for (91, 02, 63)
(b) The plug-in MLE of 0 + 62 — 62 is 21 /n + (z2/n)° — (23/n)°.

6.2.24 The likelihood function is given by

1 n
L(@l, 92 | 1, ...,an) = <m) I[foo,z(l)) (91) I[z(n),oo) (92) .

Fixing 6o, we see that L(-, 02 | x1, ..., z,) is largest when 02 — 0, is smallest, and
this occurs when 0; = x(1). Now L(z(y),-|®1,...,2,) is largest when 6 — x(p)
is smallest, and this occurs when 0, = x(,,). Therefore, L(61,02|x1,...,2,) <
L(z(1y,02 | 21,0 20) < L(2(1), T(ny | 21, - ) and (:E(l),x(n)) is the MLE.

Computer Problems

6.2.25

(a) Assuming that the individuals are independent (sample size small relative to
the population size), the log-likelihood function is given by 4ln6+161n (1 — 6).
The plot of this function is provided here (note that it goes to —oo at 0 and 1).
We can determine the MLE exactly in this case as 6 = 4/16 = 0.25.

(b) The sample size is not small relative to the population size, so the number of
left-handed individuals in the sample is distributed Hypergeometric(50, 506, 20) .
Note that € is no longer a continuous variable but must take a value in 0, 1/50, 2/50,
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.,49/50, 1}. The log-likelihood is then given by (ignoring the denominator in
the hypergeometric)

500 50 (1 — )
1n( 4 ) —Hn( 16 )
—InT (500 +1) — InT (500 —4+1) — InT (4 + 1)+
InT (50 (1 — ) +1) —InT (50 (1 — ) — 16+ 1) — InT (16 + 1)
for 2000 = 4,5,...,34. Ignoring the InT' (4 + 1) and InT (16 + 1) (as they do

not involve 6), we plot the log-likelihood below. From the tabulation required
for this plot we obtain the MLE as 6 = .22.

e
** F o
*

log-likelihood

Challenges
6.2.26 First we write the density as

1

zexp(f —x <z
f@(ac):{ %exggaj—eg 9>_:L'.

The log-likelihood function is then given by

1(O]x1,.sxn) = Z (Q*ZL’(J'))Jr Z ($(j)70)'

0<z ) 0>z ;)

When 0 < 21y, 1 (0|21,...,xn) = nb — Y. | 2(;), and this is maximized by
taking 6 = x(q), giving the value nz ) — Dy z@) < 0.

When 0 > z(,, (0] 21,...,2n) = > i ;) — nb, and this is maximized by
taking 0 = x(,,), g1v1ng the value Y 1 | Ty — Ny < 0.

When T(5) <f< T(i+1)s

7 n

LO a1, mn) =D (wgy —0)+ D> (0—=)

j=1 j=i+1

n—219+2xm— Zx n—229+22xm—2xm

J=i+1
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and this is maximized (provided n # 2i) by taking 6 = x(;;.1) when i < n/2
and by 6 = x(;) when i > n/2. When n = 2i all values in z(;) < 6 < x(;11) are
maximizers.

When n = 1, then 6= z(1). Now suppose n > 1. We have that i = 1 < n/2
and

1 n n n
(n—2)m2) +2) @) — Y () = nw@) — YT 20Ty — Y ()
j=1 j=1 j=1 =1

Now suppose i < i+ 1 < n/2. Then

(n = 20)z(ie0) +2)_w() = D 2()
j=1 j=1
1+1 n
=(n—2(+1))z@t2) + 221%) - Zx(j) + (n = 20) (T(i41) — T(i42))
j=1 j=1

+1 n
<(n =24 1))z + QZx(j) — Zx(j).
j=1 j=1

If n/2 <i<i+1, then

(n—20)z) +2)_3) = D 2(5)
j=1 j=1
1+1 n
= (n=2(i + ey +2_ag) — D7) + (0 = 20) (26) — 264n)
j=1 j=1

it1 n
> (n—2(i+ 1)z +2 20 — 3 26)
o =

and finally when i = n, then (n—2n)2 () +2 37, T(j) =2 5—1 T(j) = 2. j—1 T(j)—
N (p) -

(V{fhen n is odd this argument shows that [ (6 | z1,...,2,) increases in
(—o0, x(Ln/QJ)) and decreases in (|, /2], 00), SO 6 = T(|n/2)) (the middle value).
When n is even this argument shows that [ (6|1, ..., 2,) increases in
(—00,2(n/2)) , is constant in [ (|,,/2)), T([n/2)+1)), and decreases in [z (| /2]), ),
so any value é S [x(Ln/QJ)7ZE(Ln/2J+1)) is a maximizer.

6.3 Inferences Based on the MLE

Exercises

6.3.1 This is a two-sided z-test with the z statistic equal to —0.54 and the
P-value equal to 0.592, which is very high. So we conclude that we do not
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have any evidence against Hy. A .95-confidence interval for the unknown p is
(4.442,5.318). Note that the confidence interval contains the value 5, which
confirms our conclusion using the above test.

6.3.2 This is a two-sided t-test with the ¢ statistic equal to —0.55 and the P-
value equal to 0.599, which is very high. We conclude that we do not have
enough evidence against Hy. A .95-confidence interval for the unknown p is
(4.382,5.378). Note that the confidence interval contains the value 5, which
confirms our conclusion using the above test.

6.3.3 This is a two-sided z-test with the z statistic equal to 5.14 and the P-
value equal to 0.000. So we conclude that we have enough evidence against Hy
being true. A .95-confidence interval for the unknown p is (63.56,67.94). Note
that the confidence interval does not contain the value 60, which confirms our
conclusion using the above test.

6.3.4 This is a two-sided t-test with the ¢ statistic equal to 9.12 and (using the
Student(3) distribution) the P-value equals 0.452, which is not small and so we
do not reject the null hypothesis. A .95-confidence interval for the unknown u
is (44.55,86.95). Note that the confidence interval contains the value 60.

6.3.5 If we assume that the population variance is known then under Hy we
have Z = X—;O@YV (0,1) and the P-value then is given by

)=r (2= =2 (- 557)
=2(1 - .99983) = .00034

Lo — Mo

g0

P<Z>

and a .95 confidence interval for p is given by
[Z0 — 20.97500, To + Z0.97500] = [52 —1.96v/5,52 + 1.96\/5} = [47.617,56.383]

Note that both the P-value and the .95 confidence interval indicate that there
is evidence against Hy being true.

If we don’t assume that the population variance is known, then, since we
only have a single observation the sample variance is 0, and we do not have a
sensible estimate of the population variance. So we cannot use the ¢ procedures
to compute the P-value and construct a confidence interval. The minimum
sample size n for which inference is possible, without the assumption that the
population variance is known, is 2.

6.3.6 A .99 confidence interval for y is given by (22.70,29.72). The P-value for
testing Hy : p = 24 is 0.099, so we conclude that there is not much evidence
against Hy being true. Note also that the .99 confidence interval for p contains
the value 24.

6.3.7 To detect if these results are statistically significant or not we need to
perform a z-test for testing Hy : = 1. The P-value is given by

P(IZz

1.06 -1

,/0.1/100

) =2[1—-®(1.5811)] =2(1 —0.9431) = 0.1138.
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So these results are not statistically significant at the 5% level, and so we have
no evidence against Hy : u = 1. Also, the observed difference of 1.05—1 = .05 is
well within the range that the manufacturer thinks is of practical significance.
So the test has detected a small difference that is not practically significant.

6.3.8 Based on a two-sided z-test, the z-statistic (using standard error

.65(.32)/250) equals —0.994490 and the P-value equals 0.32. So we conclude
that there is no evidence against Hy being true. A .90-confidence interval for
0 is given by (0.559832,0.680168), which includes the value 0.65, and so agrees
with the result of the above test.

6.3.9 Based on a two-sided z-test to assess Hp : 6 = 0.5, the z-statistic is
equal to 0.63 and the P-value is equal to 0.527. So we conclude that there is no
evidence against Hy being true; in other words, there is not enough evidence to
conclude that the coin is unfair.

6.3.10 Let 0 be the probability of head on a single toss. The sample sizes
required so that the margin of error (half of the length) of a v = 0.95 confidence
interval for 6 is less than 0.05, 0.025, 0.005 are given by

1 /212>
> -
=25 (5)

So for 6 = 0.1 n > 384.15,0 = 0.05 n > 1536.6 and 6 = 0.01 n > 38415.

6.3.11 Based on a two-sided z-test to assess Hy : 0 = %, the z-statistic is equal
to 2.45 and the P-value is equal to 0.014. So we can conclude that at the 5%
significance level, there is evidence to conclude that the die is biased.

6.3.12 The sample size that will guarantee that a 0.95-confidence interval for p
is no longer than 1 is given by

21\ ? 1.96*
nzag( 5 ) :2<W) = 30.732

So the minimum sample size is 31.

6.3.13
(a) Simple expansion is given by

n

n n n
Z(xz —-I)? = Z(ﬁ —23x; +7%) = sz — Z:EZm + nz?
i=1 i=1 i=1

i=1

v — 2T Y @i +nZ = nZ — 22nT +nz’ = nz(l - ).
=1

|

&
Il
—

(b) The MLE of 0 is 6 =  as in Example 6.3.2. The plug-in estimator for
0?is 62 =0(1 —0) = z(1 — z). Using (a), s> = (n— 1)1 3" (z; — 2)* =
(n —1)"'nZ(1 — Z). Thus, 6% = s*(n —1)/n or

3

~2 2 = = 2
_ = ——7(1— — .
o s Z( T) s/n
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(c) The bias of the plug-in estimator 62 for o2 = (1 — 0) is

bias(62) = Ey(6%) — 0% = Eg(6% — s%) + Ep(s*) — 02

= Ey(—s*/n) = —0*/n — 0 as  n— 0.

6.3.14 Since the value () = 2 is in the 0.95-confidence interval (1.23,2.45),
we find no evidence against Hy : 1(0) = 2 at significance level 0.05 = 1 — 0.95.

6.3.15

(a) To check unbiasedness, the expectation must be computed. Ey(z1) =1-0+
0-(1—0)=0. Hence, x; is an unbiased estimator of 6.

(b) Since the value of x; is only 0 or 1, the equation z? = x; always holds.
Thus, Eg(z?) = Ey(x1) = 0. Hence, 27 is not an unbiased estimator of 2. In
this exercise, we showed an unbiased estimator is not transformation invariant.

6.3.16 The P-value indicates that the true value of 1(0) is not equal to 5. The
estimate 1(0) = 5.3 suggests that the true difference from 5 is less than .5. This
suggests that the statistically significant result is not practically significant. If
instead we adopt the cutoff of .25 for a practical difference then the statistically
significant result from the P-value suggests that a meaningful difference from 5

exists.

6.3.17 Statistically, the P-value 0.22 shows no evidence against the null hypoth-
esis. However, it does not imply that the null hypothesis is correct. It may be
that we have just not taken a large enough sample size to detect a difference.

6.3.18 We need to compute the power at 0.5 = 1 — 0.5 and 1.5 = 1+ 0.5. If
these values are high, then we have a large probability of detecting a difference
of magnitude .5 but not otherwise. If the power is low then more data needs to
be collected to get a reliable result.

Computer Exercises

6.3.19 The sample size that will guarantee that a 0.95-confidence interval for
1 is no longer than 1 is given by

n > 25 <7’5°'975 ES" - 1>)2.

When n is large, then ¢9.975 (n — 1) & 2z9.975 = 1.96, and in that case
25
n > _5—2(1.96)2 = 384.16

So the minimum sample size is 385. Now when n = 400 we have that tg.975 (400) =
1.9659 and

25
400 > —5(1.9659)” = 386.48

so n = 400 suffices.

6.3.20 The power function is given by (z.975 = 1.96)



164 CHAPTER 6. LIKELIHOOD INFERENCE

b b
1 @(\/§/ﬁ+1.96> +q)<\/§/\/ﬁ 1.96).

A partial tabulation of the power function (as a function of n) is given below.
We see that n = 63 is the appropriate sample size.
60 0.78190
61 0.78853
62 0.79500
63 0.80129
64 0.80742
65 0.81339
66 0.81919
67 0.82484

6.3.21 We expect to observe approximately 950 confidence intervals containing
the true value of #. In practice, we do not observe exactly this number. The
number covering will be less for sample size n = 5 than for sample size n = 20.

6.3.22 As n increases, you should observe that the proportion of intervals that
actually contains 0 increases as s becomes a better estimate of o = 1.

Problems

6.3.23
(a) First of all, (n—1)s? = >0 | (z; — )% =Y 1 [27 = 2Za; + 2% =Y o? —
nZ?. The expectation of the first summation term is

E[ixﬂ = nE[XY?] = n(u? +o?).

=1

Since nz? =n"t Y0 @ Y0 xj,

j=1
E[nz?] = EE[ZZQ?Z%] = ZZE[{EZ.’L‘j] + - ZE[xl]
i=1 j=1 i=1j—=1 =1
’ i
1 1
:E-n(nfl)-u2+ﬁ-n-(u2+a2):nu2+02.

Hence, E[(n—1)s?] = n(u?>+0?)— (nu?+0?) = (n—1)o?. Therefore E[s?] = o2

and s? is an unbiased estimator of the variance o2.

(b) Let 62 = (n — 1)s%/n. The bias of 62 is

bias(6?) = E[6°%] — 0® = ((n — 1)/n)E[s*] — 0* = [(n — 1) /n]o?* — o

= —o?/n.

Hence, the bias —o2 /n converges to 0 as n — oo.

6.3.24
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(a) Since Th and T, are unbiased estimators of ¥(0), E[T1] = E[Tz] = ¥(0).
Hence, E[aT1+(1—a)Ts] = aE[T1]+(1—a)E[Ts] = ay(0)+(1—a)y(0) = ¢¥(6).
Therefore, Ty + (1 — a)Ts is also an unbiased estimator of 1(0).

(b) From Theorem 3.3.4, 3.3.1 (b) and 3.3.2, Varg(aT1 +(1—a)Ts) =Varg(aTh)+
Varg((1—a)T2)+2Covy(aTh, (1—a)Ty) = aZVar(Ty)+(1—a)2Varg (T2) +2a(1—
a)Covy (T, T>). The independence between T7 and T5 implies Covy (T, T2) =0
and Varg (a7 + (1 — a)T) = a2Var(T1) 4+ (1 — a)2Var(T3). (c) The variance of
aTy + (1 — a)Ty can be written as

o?(Varg(Ty) + Varg(T)) — 2aVarg(Ts) + Varg(T5)
Val‘g (TQ) ) 2 VaI'9 (T1 )Varg (Tg)
Vary(T) + Varg(T3) Varg(T1) + Varg(T2)

= (Varg(T}) + Varg(T3)) (a -

Hence, it is minimized when o =Vary(Ts)/(Varg(T1)+Varg(T3)). If Varg(T1) is
very large relative to Varg(T5), then o will be very small. Hence, the estimator
aT) + (1 — a)T; is almost similar to Ty. (d) In part (b), the variance of a7} +
(1— )Ty is given by aVar(Ty) + (1 — a)3Var(13) + 2a(1 — a)Cove(T1, T3). By

rearranging terms, we get

a? (Varg (Tl) + Varg (Tg) — 2Covyg (Tl, Tg))
— 204(Vare (TQ) + Covg (Tl, Tg)) + Varyg (Tg).

If Ty = Ty, then oy + (1 — «)Ty, = T7 = T and there is nothing to do.
So P(Ty = T») < 1 is assumed. Thus, Varg(T1)+Varg(Ts) — 2Covy(T1,Ts) =
Varg(Ty — T») > 0. Therefore, the variance of 17 + (1 — «)T» is maximized
when o = (Varg(T2)+Covy(T1,T))/Varg(Ty — Tz). If Varg(Th) is very large
relative to Varg(T2), then « is very small again. Hence, the linear combination
estimator a7y + (1 — «)T» highly depends on T5.

6.3.25 Using ¢ (21, ....,Tn) = T + k (00/+/n), we have that k satisfies

P(u§x+k(o-o/\/ﬁ)):P< > k) P(Z>-k) >~

Uo/\/_

So k = —z1_ = z,, i.e., the y-percentile of a N (0, 1) distribution.

6.3.26 The P-value for testing Hy : 4 < g is given by

max P, <X M _M):maXP<Z>

nEH, ao/\/_ oo//n nEHo Uo/\/_>

= (12 (Gt ))

Since (1 — ® ((Z, — p) / (00/+/n))) is an increasing function of y, its maximum
is at = po.
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6.3.27 The form of the power function associated with the above hypothesis
assessment procedure is given by

sn=r -0 (Ge) <o) = (o () > 1)

=F (i/i‘””)zp (f/\/i 55/_f+21“>

Ho
=1-0 —a -
<00/\/_ A a)
6.3.28 Using ¢ (21, ....,x,) = T + k (06¢/+/n) we have that k satisfies

P(u2x+k(ao/\/ﬁ))=P<X/\/_< k) P(Z < —k) >~

So k= —zy = 21—, i.e., the 1 —y percentile of a N(0,1) distribution.
The P-value for testing Hy : p > o is given by

X —u - —
max P, =max P | Z < max ¢
nEHo (00/\/_ 00/\/—) neHo ( 00/\/—) neHo (UO/ )
Since @ ((Z, — p) / (00/+/n)) is a decreasing function of u, its maximum is at
K= Ho-
6.3.29 Using ¢ (21, ....,Ty) = T + ks/+/n, we have that k satisfies

P(u§X+ks/ﬁ)=P< NG E> k)

Sok =—ti_(n—1)=t,(n—1),ie., the vy percentile of a t(n—1) distribution.
The P-value for testing Hy : p < po is given by

e (> )~ (-0 o))
Since (1 — G ((Z, — p) / (00/+/n) ;n — 1)) is an increasing function of y, its max-
imum is at p = po.
6.3.30 Using c(w1,....,7,) = Ks? we have that k satisfies P (02 < kSQ) =
P(%>"1>>’y Sok=(n—-1)/xi_, (n—1).

6.3.31 The P-value for testing Hy : 02 < o7 is given by

—1)82 —1)s2
max P, (52 > 82) = max P, ((n 2) > (n 5 )s )
(n,02)€Ho (n,0%)€Ho o o

() - ()
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since (1 — H ((n—1)s3/o%n — 1)) is an increasing function of o2.
6.3.32 We have that

—1)5?
B8 (,u, 02) = P02 <1 - H <%,n — 1) < a>

99

—1)5%
= P02 <H (—(n 2)5 in — 1> >1 —a>
0o

n—1)52
= Pluo?) <( 02> > xi o (n— 1))
0

(n—1)8? o o2
:P(u702)<0—2>>U_gX%—a(n_1) =1-H U—gx%_a(n—l);n—l )

6.3.33 To detect if these results are statistically significant or not we need to
perform a t-test for testing Hy : ¢ = 1. The P-value is given by
1.05—-1

PT| 2 |—F——=
+/0.083/100

Since the P-value is greater then 5%, these result are not statistically significant
at the 5% level, so we have no evidence against Hy : p = 1.

The P-value for testing Hy : 02 < o3 is given by (1 — H ((n — 1)s?/o3;n — 1))
Using 02 = 0.01, s = 0.083,n = 100 we obtain P-value equal to 0. So we have
enough evidence against Hy, i.e., the result is statistically significant and we
have evidence that the process is not under control.

Challenges
6.3.34 Equation (6.3.11) is given by

o (borh s e (Lo e | 225

Put z = /n(po —p) /oo o <0, thenz — 21 o <z 4219 < —x+2-g =
—(z—21-g). Since p (x—21-g) = ¢ (= (r—21_g)) and ¢ (2) increases to
the left of 0 and decreases to the right, this implies that (6.3.11) is nonnegative.
If £ > 0, then — (x—l—zl,%) <z —z-g <TH+21-g and again (6.3.11) is
nonnegative.

6.3.35 Equation (6.3.12) is given by

(o) (o))

Put z = /n (o — 1) /0. Then if z < 0, we have that  — 21— o <z +21-g <
—r+2z_ga=—(r—2z_2).Since p (z—21-2) =¢(— (r—2-2)) and ¢ (2)
increases to the left of 0 and decreases to the right, this implies that (6.3.12) is
positive when p > pg. When z = 0, clearly (6.3.12) equals 0. When x > 0 then
— (ac + z1,%) <r—2z1-g <T+2z-g,and this implies that (6.3.12) is less than
0 when p < pyo.

) =2[1 — G (1.7355;99)] = 2 (1 — .95712) = 0.08576.
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6.4 Distribution-free Methods

Exercises

6.4.1 An approximate .95-confidence interval for ps is given by

m £ 21e % = (26.027,151.373)

since mg = 88.7, z.975 = 1.96, and s3 = 143.0.

6.4.2 Recall that, the variance of a random variable can be expressed in terms
of the moments as 0% = po — p3. Hence, the method of moments estimator of
the population variance is given by 6% = mo — m3. To check if this estimator
is unbiased we compute

E (m2 —mi) = p2 — (Var (m1) + B (m1)) = po — (1 (k2 — 113) +M%>

n
1
=(1—-=)¢2
(1-5)

Hence, this estimator is not unbiased.

6.4.3 The method of moments estimator of the coefficient of variation of a
random variable X is \/ma —m?/m;. Now let Y = c¢X. The E(Y) = cE(X)
and Var(Y) = ¢? Var(X) . Therefore, the coefficient of variation of Y is

¢Sd (X) /eE(X) = Sd (X) /E(X)

which is the coefficient of variation of X.

6.4.4 Let ¢ (1) = exp () then ¢ () = exp (1) . By the delta theorem (6.4.1),
an approximate y-confidence interval for ¥ (p1) is given by

_, sexp(T) B 2.997 exp (2.9) B
eXpT £ I = exp(29) = T 196 = (5.6975,42.046).

6.4.5 Recall from Problem 3.4.15 that the moment generating function of a
X ~ N(u,0?) is given by mx(s) = exp(us + 02s%/2). Then, by Theorem 3.4.3
the third moment in given by

mX(O) = 352 <M+028) eus+%0232 n (u+0_28)3eus+%g232 _ 302M+M3

s=

The plug-in estimator of g3 is given by fiz = 3 (mg — m%) my + m3, while the
method of moments estimator of p3 is mg = 23 23, So these estimators are
different.

6.4.6 The t-statistic for testing Hy : p = 3 is 0.47 and the P-value (based on 9
df) is 0.650. Hence, we do not have evidence against Hy .
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To test the hypothesis Hy : 2 5(6) = 3 using the sign test statistic, we have
S =31 I(—oo3 (xi) = 5. The P-value is given by P ({i:|i—5/ >0}) = 1.
Therefore, we do not have evidence against Hy .

The following boxplot of the data indicates that the normal assumption is
a problem, as it is strongly skewed to the right. Under these circumstances we

prefer the sign test.

80 —f

70 —f

60 —f

50 —
x 40 —|
30 —
20 —

10 —

6.4.7 The empirical cdf is given by the following table. The sample median is
estimated by —.03 and the first quartile is —1.28, while the third quartile is .98.

A A~

The value F(2) is estimated by F'(2) = F (1.36) = .90.

iae  Flre) i0oze Flee)
1 —142 006 11 000 055
2 —135 010 12 038 0.0
3 —134 015 13 040 065
4 -129 020 14 044 070
5 -1.28 025 15 098 0.7
6 —1.02 030 16 106 080
7 -058 035 17 106 085
§ 035 040 18 136 090
9 —0.24 045 19 205 095
10 003 050 20 213  1.00

6.4.8

(a) Bootstrap samples are resamples from {1,2,3} with replacement. Hence,
{1,2,3}3 is all the possible bootstrap samples.

(b) Since the sample size n = 3 is an odd number, the sample median is a
number in the resample. Hence, all the possible sample medians are 1, 2, and
3.

(c) Let T be the sum of the resampled numbers. The smallest T"is 3 when (1,1,1)
is sampled and the maximum is obtained if (3,3,3) is resampled. Besides, all
integer values between 3 and 9 are obtainable (counsider (1,1, 2), (1,1,3), (1,2, 3),
(1,3,3) and (2, 3,3)). Hence, the possible resample means are the values of T'/3,
ie,t/3fort=3,...,9.

(d) The sample median has only 3 possible values and the sample mean has
7 possible values. Neither of them is large enough to have an asymptotic nor-
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mality. Any estimate or confidence interval based on asymptotic normality of
bootstrap samples is not acceptable for this problem.

6.4.9 When n is large then the distribution of the sample mean is approximately
normal. When n and m are both large then the bootstrap procedure is sampling
from a discrete distribution and by the CLT the distribution of the bootstrap
mean is approximately normal.

The delta theorem justifies the approximate normality of functions of the
sample or bootstrap mean.

6.4.10 If the distribution is symmetric, then the median is exactly the same
as the mean, i.e., ¥(0) = median(Fy) = Fy(X). By the central limit theorem,
V(T — ¥(0)) 5 N(0,02) as n — oo. Thus, an approximate ~y-confidence
interval is given by (Z — z(144)/28/VN, & + 2(144)/28/y/n) where s* = (n —
1)~ Y""  (z; — 7). From the data in Exercise 6.4.1, z = 2.9 and s* = 8.9839.
From the table D.2, zg975 = 1.96. Hence, the approximate 0.95-confidence
interval is (1.5864,4.2136).

6.4.11 Let yq,...,y, be a random sample from Uniform({z1,...,2,}). The
number of values that can arise from bootstrap samples is equal to the number
of values |z; — x;| for 1 < i,j < n. Hence, the maximum number of possible
values is 1+ (3) = 1+ n(n —1)/2. Here, 0 is obtained when i = j. The sample
range y(,) — y(1) has the largest value z(,,) — z(;) when x(y), () are sampled,
in other words, y; = x(;) and y; = x(,) for some 7 and j. The smallest sample
range value of 0 is obtained when y; = z () and y; = ;) for some 4, j and k.

If there are many repeated x; values in the bootstrap sample, then the value
0 will occur with high probability for y(,) —y(1) and so the bootstrap distribution
of the sample range will not be approximately normal.

6.4.12 Every bootstrap sample is a subset of {z1,...,z,}". Hence, the number
of distinct bootstrap samples is |{z1,...,2,}|" in general. Thus,

[{1.1,-1.0,1.1,3.1,2.2,3.1}|® = 45 = 4096
samples are possible.
Computer Exercises

6.4.13 To test the hypothesis Hy : z 5(f) = 0 the sign test statistic is given by
S =311 I(—oo0) (zi) = 10. The P-value is given by P ({i : |i — 10| > 0}) = 1.
Hence, we do not have any evidence against Hy.
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We have that

20\ /1)
P({i:]i—10>10}) = <0) <§> =1.9073 x 1076

piciwzn=a(3) () +2(3) (2)” - oo
pivci-wzon=(3) () w22 () () (¢)

=4.0245 x 107

= 925768 x 1073

=4.1389 x 1072

20
> =1.1818 x 1072

P({i:]i—10]>4}) = 2(20

1 20
=] =0.11532
(@

Therefore, j = 15 and a .95-confidence interval is given by [x(g),Z(15)) =
[-1.02,0.98). The exact coverage probability of this interval is 1 — 4.1389 x
1072 = 0.95861.

6.4.14 To test the hypothesis Hy : 2.25(0) = —1.0 the sign test statistic is
given by So = 37" | I(_oo,—1.0] (#;) = 6. The P-value, using (6.4.6), is given
by P({i : (%) (0.25)" (0.75)*""" < (%) (0.25)° (0.75)"*}), and a tabulation of
the Binomial(20,.25) probability function reveals that this set is given by all
the points except {5,4}, so the P-value is given by 1 — (250) (0.25)% (0.75)"* —
&) (0.25)* (0.75)"° = 0.60798 and we have no evidence against Hy.

6.4.15 The characteristic of the distribution we are interested in is () =

T (Fp) = ps3, which we estimate by T'(F) = ms = 88.7442. We want to estimate
the MSE of the plug-in MLE of us, which is given by 7,[3 = m$ + 3mys% =
(2.9)° + 3(2.9) (2.997)> = 102.53. First, the squared bias in this estimator is
given by (¢ — T(F))? = (m? + 3m, 62 — mg,)2 = (102.53 — 88.7442)* = 190.05.

Next, based on 10? samples, we obtained @FW}) = 956.598. Hence,
MSEg(¥)) = 102.53 + 956.598 = 1059.1. Note that, based on 10* samples, we
obtained \/7a\rF(z/AJ) = 981.057 and, based on 105 samples, we obtained \/7zx\rF(1/3) =
973.434. Hence, m = 1000 is a large enough sample for accurate results.

The Minitab code for carrying out these simulations is given below.
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gmacro

bootstrapping

base 34256734

note - original sample is stored in cl

note - bootstrap sample is placed in c2 (each one overwritten)
note - third moments of bootstrap samples are stored in c4 for more
analysis

note - kl = size of data set (and bootstrap samples)

let ki1=15

do k2=1:1000

sample 20 cl c2;

replace.

let c3=c2x%*3

let c4(k2)=mean(c3)

enddo

note - k3 equals (6.4.5)

let k3=(stdev(c4))**2

print k3

endmacro

6.4.16 The characteristic of the N(u,0?) distribution that we are interested
in is (0) = T (Fyp) = 2(0.25)(0) = p + 020.25, which we estimate by T(F) =
Zo.25 = 0.15, iLe., the sample first quartile. We want to estimate the MSE
of the plug-in MLE of x(g.25)(0), which is given by ¢ = my + s20.05 = 2.9 +
(2.997) (—0.6745) = 0.87852. The squared bias in this estimator is given by
(1 — t(F))? = (0.87852 — 0.15)* = 0.53074.

Based on a 10% samples, the variance of this estimator is estimated as
Var ;(1) = 1.85568. Hence, MSEy(¢}) = 0.53074 + 1.85568 = 2.386 4. Based on
a 10% samples, the variance of this estimator is estimated as \//a\rF(iﬁ) = 1.89582.

Hence, MSEy(¢)) = 0.53074 + 1.89582 = 2.4266.
The Minitab code for this simulation is given below.

gmacro

bootstrapping

base 34256734

note - original sample is stored in cl

note - bootstrap sample is placed in c2 (each one overwritten)

note - first quartiles of bootstrap samples are stored in
c4 for more analysis

note - k1 = size of data set (and bootstrap samples)

let ki1=15

do k2=1:20000

sample 20 cl c2;

replace.

sort c2 c3

let c4(k2)=c3(5)
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enddo

note - k3 equals (6.4.5)
let k3=(stdev(c4))**2
print k3

endmacro

6.4.17 The characteristic of the N(u,o?)distribution that we are interested
in is Y(p,0%) = t{F02) = Fluo)(3) = ©(2£) ,where ®is the cdf of the
N(0,1)distribution. The plug-in estimator of 1 (6)is

. 3-2.9 -
V(@1 ..xp) =P ( 5997 ) = (3.3367 x 107?) = 0.5133.

The bias squared in this estimator is given by (¢ — t(F))2 = (0.5133 — 0.4)° =
0.01284.Based on 103samples the variance of this estimator is estimated as
Vars () = 0.0117605.Hence, MSEg(¢)) = 0.01284 + 0.0117605 = 2.4601 x
10~2.Based on 10*samples, the variance of this estimator is estimated as Var P (’(/AJ)

= 0.0118861.Hence, MSEg(¥)) = 0.01284 + 0.0118861 = 2.4726 x 10~2.
The Minitab code for these simulations is given below.

gmacro

bootstrapping

base 34256734

note - original sample is stored in ci

note - bootstrap sample is placed in c2 (each one overwritten)

note - value of the ecdf at 3 of bootstrap samples are stored in
c5 for more analysis

note - kl = size of data set (and bootstrap samples)

let ki1=15

do k2=1:10000

sample 20 cl c2;

replace.

sort c2 c3

let c4= c3 1le 3

let c5(k2)=mean(c4)

enddo

note - k3 equals (6.4.5)

let k3=(stdev(ch))*x*2

print k3

endmacro

6.4.18 The sampling model X; ~ N(u,0?)is assumed. The characteristic
¥(0) = pis of interest. It is known that \/n(Z — p)/s ~ t(n —1). Thus, an
exact y-confidence interval is (Z —t(14)/2(n —1)s,Z +t(14)/2(n —1)). For the
confidence interval based on the sign statistic, the median of F(, ,2)is exactly
the same as the mean of F{,, ,2),because a normal distribution is symmetric, so
a sign confidence interval for the mean is also a confidence interval for the mean.
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The other intervals are described in the text very clearly. The four confidence
intervals are given in the following table.

method |lowerb0und upper bound
t Confidence interval 1.49721 4.30279
Bootstrap ¢ 1.58097 4.21903
Sign statistic 1.42000 4.55000
Bootstrap quantile 1.68400 4.07550

The Minitab code for this simulation is given below.

set cl
3.27 -1.24 3.97 2.25 3.47 -0.09 7.45 6.20 3.74 4.12
1.42 2.75 -1.48 4.97 8.00 3.26 0.15 -3.64 4.88 4.55

end

%bootstraping cl 0.95 1000

# the macro file

macro

bootstraping X G M

mcolumn X cl c2 c3

mconstant G M k1 k2 k3 k4 kb k6 k7 k8
# note - Computer Exercise 6.4.18.
# X is the data.

# G is the confidence level gamma.
# M is the bootstrap length.

# k1 is the length of the data (X).
let kl=count(X)

# resampling

do k2=1:M
sample k1 X ci;
replace.
let c2(k2) = mean(cl)
enddo

sort c2 c3

name k2 "Summary" k3 "Lower bound" k4 "Upper bound" k5 "Estimate"
k6 "Estimated MSE"

# Confidence interval

let k2=(1+G)/2

let k8=kl-1

invcdf k2 k7;

t k8.

let k5=mean(X)

let k6=stdev(X)/sqrt(X)

let k3=kb-k7x*k6

let k4=kb+k7*k6

let k2="Confidence interval"



6.4. DISTRIBUTION-FREE METHODS

print k2 k3 k4 k5
#bootstrap t confidence interval.
let k2=(1+G)/2
let k8=k1-1
invedf k2 k7;
t k8.
let k3=k5-k7*stdev(c2)
let k4=k5+k7*stdev(c2)
let k2="Bootstrap t confidence interval"
print k2 k3 k4 k5 k6
#sign statistic confidence interval
sort X ci
let k7=0
while k7 <= k1/2
cdf k7 k8;
binomial k1 .5.
if k8 >= (1-G)/2
break
endif
let k7=k7+1
endwhile
if k7 =0
let k3=c1(1)
let k4=c1(k1)
else
let k3=c1(k7)
let k4=cl(kl+1-k7)
endif
let k2="Sign statistic confidence interval"
print k2 k3 k4
# bootstrap percentile confidence interval
let k7=floor ((1-G)/2*M)
if k7 < 1
let k3=c3(1)
else
let k3=c3(k7)+(c3(k7+1)-c3(k7))*(M*(1-G)/2-k7)
endif
let k7=floor ((1+G)/2*M)
if k7 >= M
let k4=c3(M)
else
let k4=c3(k7)+(c3(k7+1)-c3(k7))*(M*(1+G)/2-k7)
endif
let k5=mean(X)
let k6=(mean(c2)-mean(X))**2 + stdev(c2)**2
#note bootstrap confidence interval.

175
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let k2="Bootstrap confidence interval"
print k2 k3 k4 k5 k6
endmacro

6.4.19 The characteristic (6)of interest, i.e., the first quintile of N(u,0?) is
given by ¥(0) = u + ozg2where zg ois 0.2-quantile of a standard normal. The
maximum likelihood estimator is given by i = Zand 6% =n~' Y"1 (z; —7)% =
(n—1)s?/n. The plug-in estimate of the quantile is 295 = Z+ ((n —1)s?/n)"/2.
200 = 2.9+ (19-8.9839/20)'/2 . (—0.894162) = 0.44127. According to the graph,
it seems there exist a few clusters. Thus, the bootstrap ¢ confidence interval is
not applicable for this problem. The Minitab code for this simulation is given
below.

104

0.2 H
ol 11 e

quintile x_0.2

set cl
3.27 -1.24 3.97 2.25 3.47 -0.09 7.45 6.20 3.74 4.12
1.42 2.75 -1.48 4.97 8.00 3.26 0.15 -3.64 4.88 4.55

end

let k3=mean(cl)

let kl=count(cl)

let k4=stdev(cl)*sqrt(1-1/k1)

invedf .2 k2;

normal O 1.

let k2=k3+k2xk4

name k2 "Plug-in the first quintile estimate
print k2

%boostraping c1 .2 1000

# corresponding macro file

macro

bootstraping X G M

#bootstraping

mcolumn X cl c2 c3 c4

mconstant G M k1 k2 k3 k4 k5 k6 k7 k8
# note - Computer Exercise 6.4.19.
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# X is the data.
# G is the confidence level gamma.
# M is the bootstrap length.
# k1 is the length of the data (X).
let ki=count(X)
# resampling
let k3=floor(.2x*kl)
do k2=1:M
sample k1 X c3;
replace.
sort c3 c4
if k3 < ki
let c2(k2)
else
let c2(k2)
endif
enddo
name c2 "quintile x_0.2"
# drawing a histogram
histogram c2;
density;
bar;
color 23;
nodtitle;
graph;
color 23.
endmacro

c4(k3) + (c4(k3+1)-c4(k3))*(.2xk1-k3)

c4 (k1)

6.4.20 The characteristic of interest is ¥(0) = puz = Ep(X3) = pu? + 3uc?. The
maximum likelihood estimator is given by i = Zand 62 =n~' Y"1  (z; — )% =
(n — 1)s?/n. The plug-in estimate of usis jiz = 7% + 3%(n — 1)s%/n = 2.93 + 3.
2.9 (19 - 8.9839/20) = 98.6410.
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0.014 T

0.012

0,010

Density

0.002

0.006

0,004

0.002

0.000
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The graph indicates that bootstrap inference is applicable for this problem. The
bootstrap percentile 0.95-confidence interval is given by (34.539, 158.801). The
Minitab code for this simulation is given below.

set cl
3.27 -1.24 3.97 2.25 3.47 -0.09 7.45 6.20 3.74 4.12
1.42 2.75 -1.48 4.97 8.00 3.26 0.15 -3.64 4.88 4.55

end

let kl=count(cl)

let k3=mean(cl)

let kd=stdev(cl)**2x(1-1/k1)

let k2=k3**3+3*k3*k4

name k2 "Plug-in estimator of mu_3"
print k2

%bootstraping cl .95 1000

# corresponding macro file ’bootstraping.mac’
macro

bootstraping X G M

mcolumn X cl c2 c3 c4

mconstant G M k1 k2 k3 k4 kb k6 k7 k8
# note - Computer Exercise 6.4.19.

# X is the data.

# G is the confidence level gamma.

# M is the bootstrap length.

# k1 is the length of the data (X).
let kil=count (X)

# resampling

do k2=1:M

sample k1 X c3;

replace.

let c2(k2) = mean(c3**3)
enddo

name c2 "mu_3"

# drawing a histogram
histogram c2;

density;

bar;

color 23;

nodtitle;

graph;

color 23.

sort c2 c3

name k2 "Summary" k3 "Lower bound" k4 "Upper bound"
# bootstrap percentile confidence interval
let k7=floor ((1-G)/2*M)

if k7 < 1



6.4. DISTRIBUTION-FREE METHODS 179

let k3=c3(1)

else

let k3=c3(k7)+(c3(k7+1)-c3(k7))*(M*(1-G) /2-k7)
endif

let k7=floor ((1+G)/2%M)

if k7 >= M

let k4=c3(M)

else

let k4=c3(k7)+(c3(k7+1)-c3(k7))*(M*(1+G) /2-k7)
endif

let k2="Bootstrap percentile CI"
print k2 k3 k4
endmacro

Problems

6.4.21 For a random variable with this distribution, we have that Ep (X ’) =
Z;.Lzl :E’G) (F‘ (x(j)) —F (a:(j_l))) ,where we take z(g) = —co. Now F (:L'(j)) —
F (z(j—1)) = 1/nsince all the x(;yare distinct. This implies the result.

6.4.22 We have that E. (X!) = Z?;l(f(*j))l(p(:ra)) - F(xz‘j))),where n*is
the number of distinct values, 27,...,z}.are the distinct values in the sam-
ple, xZ‘l), . ,mz‘n*)are the ordered distinct values in the sample, and F(xz‘j)) —
F (a:z‘j))equals the relative frequency of :E’(*j)in the original sample.

6.4.23

(a) First, note that for the Poisson distribution we have yu; = A\ = o2 i.e., the
mean and the variance are the same. Now using ¢ (z) = y/zas a transformation,
by the delta theorem, we have (M) = /Miis asymptotically normal with
mean (1) = y/firand variance given by (¢’ (,ul))Q%2 = ﬁ% = 4, which is free
of p1,and hence this transformation is variance stabilizing.

(b) Using v (z) = arcsin \/zas a transformation, by the delta theorem, we have
(M) = arcsin /M is asymptotically normal with mean 1(u1) = arcsin /fiyand
variance given by

2
0(1-0) 1

4 2 02 1
(v' () == -
n 2,/(1 = 0)\/b n 4n
which is free of #,and hence this transformation is variance stabilizing.

(c) First, we have 02 = au?. Next, the mean of (M) = In (M;)is approxi-
mately ¥ (p1) = In (u1)and the variance is approximately

() &= S

== )
noou;n n

which is free of p1,and hence this transformation is variance stabilizing.
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Challenges
6.4.24 Let Y = |X|, then Yhas a distribution on Rt = (0, co)given by

Fy(y)=PY <y)=P(X|<y)=P(-y< X <y)=Fx(y) — Fx (-y)
=2Fx (y) -1

where the last equality follows by symmetry of the distribution of X. Therefore,
the density of Y is 2f, where f is the density of z.

Next, let Z = sgn(X), then P(Z=-1) = P(X <0) =05, P(Z=1) =
P(X >0)=0.5,and P(Z =0) = P(X =0) = 0. Therefore, Z is uniform on
{-1,1}.

To show that Y and Z are independent we proceed as follows.

1
PY<syZ=1)=P(-ysX<yX>0=P0<sX<y)=Fx(y) -3
which is the same as P(Y <y)P(Z=1) = 2Fx (y)—1)/2 = Fx (y) — 1/2.
Hence, we have established that Y and Z are independent.

6.4.25

(a) We have that |x; — xo| sgn(z; — z0) = z; — xg, S0 S =n (T — xp) .

(b) Note that, under Hy, Y = X — xq is distributed from an absolutely con-
tinuous distribution that is symmetric about 0. Therefore, by Challenge 6.4.24
we have that |Y] and sgn(Y) = sgn(X — zp) are independent and sgn(Y’) is
uniform on {—1,1}. The conditional distribution of ST, given the values |Y;| =
|1 — 2o, ..., |Yn| = |&n — 20|, is therefore determined by (sgn(Y1),. .., sgn(Yy))
and, because of independence, this is uniform on {—1,1}". This implies that
the conditional distribution of ST is the same no matter which absolutely con-
tinuous distribution, symmetric about its median, that we are sampling from.
The conditional mean of ST is then

E (St |z1 —zol, ..., |z — 20]) :Z|$i—x0|E(sgn(Xi—xo)) =0
i=1

since E (sgn (X; — xo)) = 0 for each i. Further, it is clear that this conditional
distribution is symmetric about 0 since the distribution of each sgn (X; — o)
is symmetric about 0.

(c) We have that

n
SF=>|wi — ol sgn(zi —m0) =.2— 5+ 14-1.6+33+23+.1=52
i=1

Now each possible value of (sgn(X; — xo), ..., sgn(X, — xg)) occurs with prob-
ability (1/2)° = 1.5625 x 1072 and 4 (1.5625 x 1072) = 0.0625, while

2 (1.5625 X 10_2) = 0.03125. So to determine if 5.2 yields a P-value less than
.05, we need to evaluate the 4 extreme points (2 on each tail) of the conditional
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distribution of S*. Starting from the most extreme values and moving towards
the center 0 we have that ST takes the values

2+.5+144+16+33+23+.1=94
24+5+144+16+33+23—-.1=92

-2-5-14-16-33-23+.1=-9.2
-2-5-14-16-33-23-.1=-94

so the P-value is greater than .05 and we have no evidence against H.
(d) We have that t = n(Z — xz9)/s and

n

(n-1)s=> (1, —2)° =

i=1 7

:Z|$i*f|2+22($z‘*xo)(ifo*if)Jrn(f*i’)Q

=1

2

I

s L

(ZL’Z'—QS()-F.’E()—.’E)

.

= |z — " = 2n(z — ) + n(z - 2)°

=1

n
= |z — 2’ —n(z-z)°
=1

and note that >\ | |z; — :E|2 is fixed under the conditional distribution. There-

fore,

L n(T —x9) n(Z — xo)

S VTS e al —n@ -2

Then we sce that ¢ is an increasing function of n(z — o) for — 7, |z — #|* <

n(Z—x0) < Yoiy @i — z|? so that ¢ is large whenever S} is large and conversely.

6.5 Large Sample Behavior of the MLE

Exercises

6.5.1 The score function for the N (ug,0?) family is given by S (02 | 21, ..., z,) =
—5r + 5o i (@i — ,uo)2. The Fisher information is then given by

0 n 1 ¢ 2
TLI(O’2) = —Egz (WS (0’2|X1, ,Xn)) = _Ea'2 (T‘A — E ; (X»L — /,L()) )

n 2

n 1 2 n no n
= g1 gl (ZWW ) =2 T T g

=1
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6.5.2 The score function for Gamma(ay, 6), where «q is known, is given by
S(0] xl, wesyZp) = nag /0 —nZ. The Fisher information is then given by nI(0) =
By (25(0] X1, X)) = —Fp (—200) = nta

6.5.3 The score function for Pareto(a) is given by S(a|z1,....,2,) = n/a —
i In(1+ ;). The Fisher information is then given by nl(a) =
—Eo (ZS(a| X1, Xn)) = —Eo (—%) = 5.

a2
6.5.4 An approximate .95-confidence for A in a Poisson model is given by (Exam-

ple 6.5.5) JT::I:(:Tc/n)l/2 Z(14+)/2- The average number of calls per day is Z = 9.650.
Therefore, the confidence interval is given by (8.2885,11.011) . This contains the
value \g = 11, and therefore we don’t have enough evidence against Hy : A\g = 11

at the 5% level.
An approximate power for this procedure when A = 10 is given by

oo 150 o)
o B 0) o) < (- )
— Py ((X ~11) < —\/%ZO% or (X -11) > %Z&%)
ST (E N O

(B B B

~ P(Z < —.64145) + P (Z > 3.4699) = .26062 + .000 26 = .26088.

6.5.5 The score function for Gamma(2, 0) is given by S (0| z1,...,x,) = 2n/0 —
nZ, so the MLE is § = 2/ = 2/1627 = 1.2293 x 10~3. The Fisher information
is then given by,

9 P 2
nI(f) = —F, (ae (9|X1,...,Xn)> = _FE, (_9_721> _ 9_7;

By corollary 6.5.2 we have that

\/?Z(é 9) D N(@,1).

Hence, an approximate .90-confidence interval is given by

1
V2n

2 2 1
= Z) 295 = (1.2293 x 1073) + —— (1.2293 x 1073) (1.6449
2a o (3) = )+ ) (16449

= (9.5413 x 107*,1.5045 x 107%) .
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6.5.6 The score function for Gamma(1, ) is given by S (0| x1, ..., zn) = n/0—nZT,
so the MLE is § = 1/z = 1/1627 = 6.1463 x 10~%. The Fisher information is
then given by

0 n n
nI(6) = ~Ey (%5(9 X1, ...,Xn)> B ()2

By Corollary 6.5.2 we have that

\/éﬁt (é - 9) b N(,1).

Hence, an approximate .90-confidence interval is given by

1 1 /1 1
4+ == = (6.1463 x 10™%) + —— (6.1463 x 10™%) (1.6449
25 (j> 205 = ( X ) o ( X ) ( )

= (4.2006 x 107*,8.0920 x 107*) .

Note that this interval is shorter than the one in Exercise 6.5.5 and is shifted to
the left.

6.5.7 The score function for Pareto(«) is given by S(a|z1,....,2n) = n/a —
Yo In(1+ x;), so the MLE for « is

. n
DY)

Using the result of Exercise 6.5.3 the Fisher information is n/a?. Note this is a

continuous function of a € (0,00) . Hence, by Corollary 6.5.2 an approximate

.95-confidence interval is given by & + (d/\/ﬁ)z%i Substituting & = 0.322631,

z.975 = 1.96, we obtain (0.18123,0.46403) as a .95-confidence interval.

The mean of the Pareto(«) distribution is 1/ (« — 1) . Hence, assessing that
the mean income in this population is $25K is equivalent to assessing o =
1+ 2—15 = 1.04. Since the .95-confidence interval does not contain this value, we
have enough evidence against Hy at the 5% level to conclude that the mean
income of this population is not $25K.

6.5.8 The score function for a sample from Exponential() is given by
S(@|z1,...,2,) = n/0 — nZ, so the MLE is § = 1/Z. The Fisher information is
given by nI(0) = —Ey (—9%) = . By Corollary 6.5.2 we have that

\/;ZQ (é - 9) B N(0,1).

A left-sided v-confidence interval for € should satisfy Py (8 < ¢ (z1,...25)) > v
for every 6 > 0. Using the same method as Problem 6.3.25 we obtain the interval

(<0 (ur (8)) "5 ) = (-4 122
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6.5.9 The likelihood function for the Geometric(d) is L (8| x) = 6(1 — §)*. The

score function is then given by S(f|z) = 4 — t%;. The Fisher information is

then -

9 1 X 1
I(0) = —Ep (@S(GXO = —Ey <_ﬁ - (1 _9)2> E (1-0)

since Ey (X) = (1-6) /6.

The score function for a sample is then

n - Z;
SO|z1,...,xy) = 5_2 T4
i=1

so the MLE for 6 in this model is § = 1/1 4+ Z and the Fisher information is
given by n/ (6% (1 —6)) . A left-sided v-confidence interval for 6 should satisfy
the Py (6 < ¢(X1,...,Xp)) > v for every 6 € [0,1]. Using the same method as
in Exercise 6.3.17 we obtain the interval

[O,min(é—i— (nl(é))w2 2, 1)] - [O,min (Jj + %1ij\/z,@, 1)} .

6.5.10 The likelihood function for the Negative-Binomial(r,d) family is given
by (from example 2.3.5) L(0]x) = ("".*)6" (1 —0)". The score function is

given by S(0|z) = § — 1% and the Fisher information is given by

9 r X !
1(0) = —Ep <%S(9X)> = —Ey (‘ﬁ Ta _9)2> T 2(1—-0)

since Ey (X) = (1 — ) /6. The score function for a sample is given by

|3
[t

\
>

rmo_ na
6 1-06’
so the MLE for 6 in this model is 6 = r/(r + Z).
A left-sided ~y-confidence interval for 6 should satisfy Py (0 < ¢ (X71,...X,)) >

~ for every 6. Using the same method as in Problem 6.3.25 we obtain the
following interval

(st (@) 5) = (=5 + Grarse)

5(9 ‘ Ty, 7$n) =

Problems
6.5.11 (6.5.2) ,(6.5.3), (6.5.4), and (6.5.5) require that
2
81nafzg(x)exists for each z, Ey (S(0]s)) =0,

B, (321nf9 (X)

502 +52(9|X)):0, Eg(

0%In fy (X
7%;2( )D<oo.
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‘We have )
FPhnfe(z) 1 (z—po)
Oo? T 904 o6

and this exists for each z. Also,

1 (X =)’ 1 o2
Eoz (S(01 X)) = Eo2 (‘T.ﬁT =552 T30 0
and
821nf02(X)
E0'2 <T +52(0'2 |X)>

3 1 4 3 3
=t T ) =g
since E (Z*) = 3 for Z ~ N(0,1). Finally, by the triangular inequality and

monotonicity of expected values we have

0*Inf,2 (X) |\ _ 1 (X =)’
Eoz < Oo? D =& 201 o6
1 (X — po)? 1 o2 3
< _— _— = - = — .
< By ( 204 o6 2 (02)? + (62)®  20* <

6.5.12 In Exercise 6.5.2 we have % = —%% and this exists for each x.

(63

Also, Eg (S(0| X)) =FEp (% - X)=%—% =0and

Ey (M +S2(9|X)) _ 5 (_%) B ((% _X)2>

002
2 2
T o o  af  agag+1)
=g et =—mg-gt— g =0
Finally we have that
0%1n fy (s) Qg oo
E@(T =5 (|-5)) = 5
6.5.13 In Exercise 6.5.3 we have % = —% and this exists for each z.

Also, since In (1 + X) ~ Exponential(a) we have

1
=0,
«a

Q|+

Ea (S(0]X)) = Ey (é _1n<1+x>) _
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and

Eq (% +S2(a|X)) = B, (% + (é 1n(1+X))2>
2 2

2 2
——§+Ea((1n<1+X)))—-;-ﬁ-;—o.
Finally, we have
9%1n fy (s) 1 1
E —— | =F —-—— == .
(=) - () - e

6.5.14 Under i.i.d. sampling from fy, where the model {fp : 0 € Q} satisfies the

appropriate conditions, we have
_ i ~9%In fp (2;)
N 062

=0  i=1

0=0

. 9?2
I(xy,..,mn) =y_s= ~ 35 Zln fo (x;)
i=1

By the strong law of large numbers (Theorem 4.3.2) we have

j(.’El, ,$n> a.s 9? In fp ($Z> _
Hesemml e gy (LSRG <10,

6.5.15 Recall that the likelihood function is given by L(01, 02 | z1,22,23) =
0716052 (1 — 01 — 02)"* . The log-likelihood function is then given by

l<91,02|$171‘2,$3) =x1In01 + 221n 065 +£C3111(1 — 0 —92).

Using the methods discussed in Section 6.2.1 we obtain the score function as

1
01

S(61,02|x) = ( z 17%1‘{02 ) .

02 1-60,—0>

The Fisher information is then given by

*X_21 - X 2 ——Xa 2
I1(0)=—F, 07 (?91*02) . (17917?%)
T (1-01-02)? — T Toeoe)r

Now X; ~ Binomial(n, 6;) and so E(g, g,) (X;) = nb;. Therefore,

01 03 03 1 1 1
0 T 007 (1=0,-05)7 _(aten o
=N .

0 02 + ___ 03 1 1 + 1

03 T (1—01—02)2 03 6; " 95

I(G)zn(

3
(1—61—62)

6.5.16 The likelihood function is given by L(61,...,0k—1|21,...,2) =
071052 (1 =61 — -+ — 0x_1)"" . The log-likelihood function is then given by
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1(91,...,916,1 |:L’1,...,.’Ek) =x1In61+x9 ln92+~~-—|—xkln(l — 01 —-~~—91€,1).
Using the methods discussed in Section 6.2.1 we obtain the score function as
T me
91 1—‘91—“'—9]@71
5(017---79k—1|$1,-~-7$k):
Lk—1 _ Tp
Gk—l 17917'“70k‘71
The Fisher information is then given by
E X
I (0) = —— o) (X) ~ when i # j,
(1= — - — 1)
E X; E X
I (6) = —0ulio) (Xi) L P (Xk) N
U (1—0p—-—0k_1)
Now X; ~ Binomial(n, ;) and so Eg, .. g, ,) (X;) = n0;. Therefore
n non
L;(0)=— wheni#j, I;(0)=—+—.
(6) =g wheni £, Li(6) = 5+

6.5.17 The likelihood function is given by (see Example 2.7.8) L(u1, 2 | 1, x2) =
% exp {—% ((wl — ul)Q + (22 — ,u2)2)} . The log-likelihood function is then given
by U(p1, po | 21, 22) = —In (27) — 3 {(1’1 — 1)+ (2o — ,u2)2} . Using the meth-
ods discussed in section 6.2.1 we obtain the score function as
Ol(pa,po | 1,22) @1 — 1
_ d _ -
S(Nlu H2 |§C173?2) - 6l(m,;§€£x1,12) - < T — fin > .

The Fisher information matrix is then given by

_ PU(pr e | @1,30) _ PU(pa e | w1,aa)
1(0) = B 1) o2 B 1) o100z
'\ B _ 9% o | @ ,w0) E _ 9% pa | ,w0)
(p1,p2) Op10ps (p1,12) o2

_((1) 2)_1.

6.5.18 The likelihood function is given by (see Example 2.7.8) L(u1, pi2, 02 | 21, 72)
= ﬁ exp {—# ((ml — ul)z + (o — u2)2>} . The log-likelihood function is

then given by I(p1, pi2, 0° | 21, 22) = — In (27)—In (02)—2%2 {(331 - MI)Q + (22 — M2)2} .
Using the methods discussed in Section 6.2.1 we obtain the score function as

O iz 0 | w1 ,2)
(9;%
2 _ Al (a2, ,
S, po, 0% |21, 20) = W
w
Oo2
xl_ﬁl
0.2
X2 — 2
= o2

—L + 5 {(m — 1)? + (22 —Mz)z}
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The Fisher information matrix is then given by

O?U(pa, p2, 02 | 21, 22) 1 1
(1 (0))11 = By ,p2,02) (_ o2 = E(u1 12,02 (;) )
1251

u17M27 |CC17332)
Ou10ps

821 N1 H2,0 |CC1 332)
1(0)),, 2) 2 !
( ( ))15 #1 H2,0 8#180'2

)
(-~ )
(- ) = Eouse
(1002 = By (-2 102D) ) (5) =2
=Ec
.\

8#2
D%l (pa, po, 02 | 21, 22)
Opo00?

d%l( M17M2’ 2| @y, 2)
)2
1

1 9 )
= By p2.0°) ( Py + 56 {(Xl — 1) (X2 — p2) }) =—

(I (9))33 N17M2,

o
and the remaining elements follow by symmetry.

6.5.19 Since V¥ is a 1-1 function of 8, for each ¢ € ¥ there is a unique 6 € Q)
such that ¥ () = ¢. Therefore, we can write the model as {gy : ¥ € ¥}, where

9y = Jo-1(p)
Now, using the chain rule, we have that

dlngy (X) Oln fg—1(y) (X) B Oln fy—1(y) (X) 0T (1)
o oY B 00 b

H? In gy (X) _ 0% In fq;—l(w) (X) fov—1 (¥) 2 n Oln f‘I’fl(UJ) (X) 52y—1! (1)
o2 B 062 o 96 o2

Therefore, the Fisher information in the new parameterization is given by
OIn fo 10, (X) (w1 ()2
921 X _ w1 () ( )
I"(¢) = Ey STl Eg-1(y) > o
o2 O fy1y(X) 62 1<w>
00

0?1
e (8 ) ()

— By-1(y)

5 (_32 1nagi( )) (Njaipw ) n (amfg (X)) 82\1:9;2(1/;)

1o (2 e (5522

since Ey (mngz(x)) 0.

~—




Chapter 7

Bayesian Inference

7.1 The Prior and Posterior Distributions
Exercises

7.1.1 Based on m(1,1) = 1/20+2/45+18/80 = 23/72,m(1,2) = 1/20+4/45+
6/80 = 77/360,m(2,1) = m(1,2),m(2,2) = 1/20 + 8/45 4+ 2/80 = 91/360 the
posterior probability distributions for each of the four possible samples are as
follows:
sample (1,1) (1,2)
6=1 (1/4)(1/5)/m(1,1) =18/115 (1/4)(1/5)/m(1,2) = 18/77
6=2 (1/9)(2/5)/m(1,1) =16/115 (2/9)(2/5)/m(1,2) = 32/77
0=3 (9/16)(2/5)/m(1,1) =81/115 (3/16) (2/5)/m(1 2) =27/77
sample (2,1) (2,2)
=1 (1/4)(1/5)/m(2,1)=18/77  (1/4)(1/5)/m(2,2)
0=2 (2/9)(2/5)/m(2,1) =32/77  (4/9)(2/5)/m(2,2)
6=3 (3/16)(2/5)/m(2,1) =27/77 (1/16) (2/5)/m(2,2) —9/91
)+

7.1.2 Since the posterior distribution of 6 is Beta(nz + a, n(1 —
that

E@|z1,...,2,)

_ ' I'(n+a+pB) nit+a—1 (1 _ pgyn(l—2)+5-1

_/0 F(m‘:+a)r(n(1—:z)+ﬁ)9 (1-6) d0

_ ['(n+a+p) ! n+a (4 _ g\n(1—2)+6-1

- St e gm0 *

B I'(n+a+p) F(nZ+a+1)T(n(1-2)+58) ni+a
CT(nz+a)T (n(l —2)+B) F(n+a+pB+1) Cnta+p

189



190 CHAPTER 7. BAYESIAN INFERENCE

and
E(92|x1,...,xn)
(e I'(n+a+p) nita—1 n(1-z)+B—1
_/0 b F(n:ﬁ—l—a)l"(n(l—:ﬁ)—l—ﬂ)e (1-9) a6
_ F(n+a+6) ! nT-+a n(l-z)+p8-1
- e AR, 00 "
B I'(n+a+p) Fnz+a+2)T(n(l—2)+p)
Tz +a)T (n(l —2)+B) F(n+a+B+2)
 (nr4a)(nT+a+1)
C(nta+B)(ntat+p+1)

SO

__ (mE+a)(ni+a+l) [ ni+a )

Var@lon o) = o St a v B D) <n+a+6>

(nz+a)(n(l—z)+p6)
m+a+pB)’n+a+B+1)

7.1.3 First, the prior distribution of # is N (0, 10), therefore, the prior proba-
bility that 6 is positive is 0.5. Next, the posterior distribution of 6 is

—1 -1
1 10 10 1 10 Ly
N ((1_0 + T) (T) , (1_0 + T) ) = N (0.99010,9.9010 x 10~?).

Therefore, the posterior probability that 0 > 0 is

1-9 ((0 —0.99010) /4/9.9010 x 10—2) =1—-P(—3.1466) = 1—-0.0008 = 0.9992.
7.1.4 The likelihood function is given by L (\|x1,...w,) = e ™\ /] (z;!).
The prior distribution has density given by S*A*~te=#*/T" (a). The posterior
density of X is then proportional to S\~ 1e=A+8) /T (o) [] (z;!), and we
recognize this as being proportional to the density of a Gamma(nZ + a,n + f3)
distribution.

7.1.5 The likelihood function is given by L (0] x1,...2,) = %I[w(n) ) (0). The
prior distribution is the same as in the previous exercise. The posterior distri-
bution of 6 is then given by

T (0] 21, ...an) x gainileiﬁej[a:(n)vcxﬂ )/ g te=P0 qp.

T(n)
7.1.6 From Problem 3.2.23 the posterior mean of 6; is
Jit+ i Jit+ o

itar+ fat+az+ fs+a3 T ntaltastas
and the posterior variance of 6; is given by
(fi+a)(i+tar+ fotan+ f3+az—fi—a)

(n+a1+a2+a3)2(n+a1—i—ag—i—ag—i—l)
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7.1.7 From the sample, we have Z = 5.567. Also, uo = 3, 73 = 4 and
ag = fp = 1. Hence, the posterior distributions are given by |02, 21, .7, ~
N(5.5353, &02) and 1/0? |y, ..., , ~ Gamma(11,41.737).

7.1.8

(a) The belief of 6 being in A was 0.25 before observing data, and is increased
to 0.80 after observing data. Hence, the belief ratio of 6 being A after observing
data to before observing data is 0.80/0.25 = 3.2. In other words, the posterior
belief of A to the prior belief is increased 3.2 times.

(b) A prior distribution is determined based on the background knowledge.
Thus, a prior probability is not based on the data observed. Given the joint
probability model for the parameter and data, the principle of conditional prob-
ability requires that any probabilities that we quote after observing the data
must be posterior probabilities.

7.1.9
(a) The prior predictive density is m(n) = fol (M6™(1—0)"~"-5I}9.4,0.6)(0)d =
5f£f 0"df = 5(0.6" Tt — 0.4"*1)/(n + 1). The posterior density is 7(0|n) =
0™ -51(0.4 <0 <0.6)/m(n) = (n+1)0"Ijg.4,0.6(0)/(0.6" —0.47F1).
(b) For any e € (0,0.01),
0.99+¢

I1([0.99 — €,0.99 + €]|n) = / (n+1)0"Ijg.4,0.6)(6)/(0.6"T" —0.4"T1)df = 0.

0.99—¢
Hence, the posterior will not put any probability mass around 6 = 0.99.
(c) If you exclude a parameter value by forcing the prior to be 0 at that value,
the posterior can never be positive no matter what data is obtained. To avoid
this the prior must be greater than 0 on any parameter values that we believe
are possible.

7.1.10
(a) Let ¥/(0) = dq;(ge) be the differential of ¥ at 6. Since ¥ is increasing, ¥’ is
always positive. By Theorem 2.6.2,

Ty (1) = (U1 (@) /[0 ()] = 7 (T (1)) /T ().

(b) Let myg(z) be the prior predictive density with respect to the ¢ parame-
trization.

male) = [ fumso @m0 @)/ ¥ )i
= [ @) o)| g
= [ foa)(ato) v @)1 @)as

= [ Jfo(x)m(0)do
Rl

= m(x).
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Hence, the prior predictive distribution is independent of any reparameteriza-
tion.

7.1.11

(a) Since 6 is uniformly distributed on Q@ = {-2,-1,0,1,2,3}, TI(|0]| = 0) =
me=0)=1/6,1(g| =1) =0 =1or§ = —-1)=1/3, II(|8]| = 2) =TI(6 =
20or0 = —2) = 1/3 and TI(|#| = 3) = TI(# = 3) = 1/6. Hence, |0] is not
uniformly distributed on {0, 1,2, 3}.

(b) If ¥ is not 1-1 then logically we may have greater prior belief in some values
of 1 = ¥U(#) than others. For example, in part (a) it makes sense that we have
less prior belief in ¥(#) = 0 because only one value of § is mapped to 0 while
two values are mapped to each of the other possible values for W.

7.1.12

(a) Let ¥(A) = 62, Then, () = 20 and ' (¢p) = ¢'/2. By Theorem 2.6.2,
7y (1) = T(T1 (1)) /W'~ () = 0.5¢='/2. Thus, 7y is not uniform on [0, 1].
(b) As we can see in part (a), complete ignorance is not achieved for an ar-
bitrary function of a parameter, at least when we demand that a distribution
be uniform to reflect ignorance. Notice, however, that ¥ is 1-1 and the change
from a uniform distribution for 6 to a nonuniform distribution for v is caused
by the change of variable factor ©»~'/2 which reflects how the transformation ¥
is changing lengths (¥ shortens lengths more severely for intervals near 0.)

Computer Exercises
7.1.13 The posterior distribution is

1 n\ " I n 1 n\ "
0 _
N((ﬁ*p) (;+pm>,<;+p) )
0 0 0 0 0 0

1 20\ '/2 20 1 20\ !
=N|[=+= 24+ 2282 4+ = = N(7.9048,4.7619 x 1072).
<<1+1> <1+18>,<1+1> ) (7.9048,4.7619 x 10~2)

Then using Minitab the simulation proceeds as follows.
MTB > Random 10000 c1;
SUBC> Normal 7.90480 .218218.

MTB > let c2=1/cil

MTB > let c3=c2>.125

MTB > let kl=mean(c3)

MTB > let k2=sqrt(k1*(1-k1))/sqrt(10000)
MTB > let k3=k1-3*k2

MTB > let k4=k1+3x*k2

MTB > print k1 k3 k4

Data Display
K1 0.683900
K3 0.669951
K4 0.697849
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So the estimate of the posterior probability that the coefficient of variation is
greater than .125 is 0.683900, and the true value is in the interval (0.669951,
0.697849) with virtual certainty.

7.1.14 The posterior distribution is
1 -1
1 n Lo n _ 1 n
N((ﬁ*?) Bew) (5 ) )
0 0 0 0 0 0

120\ '/2 20 1 20\ " Y
=N ((T + T) (I + T8.2) , (I + T) ) — N(7.9048,4.7619 x 1072).

Then using Minitab the simulation proceeds as follows.

MTB > Random 10000 c1;

SUBC> Normal 7.90480 .218218.

MTB let c2=1/c1

MTB let kil=mean(c2)

MTB > let k2=stdev(c2)/sqrt(10000)

MTB let k3=k1-3%k2

MTB let k4=k1+3%k2

MTB print k1 k3 k4

Data Display

K1 0.126677

K3 0.126572

K4 0.126783

So the estimate of the posterior expectation of the coefficient of variation is
0.126677, and the true value is in the interval (0.126572,0.126783) with virtual
certainty.

vV VVYVYVYV

7.1.15 The prior density is given by

I'(a+ ) 5!

— = TP et gt = 2L 921 —9) = 292 (1 — 0)?
rwre’ 0 Trere’ 0 =R 00
and is plotted below (thick line). The posterior density is given by
F (n + « + /8) enf{»afl (1 _ 0)”(1_i)+ﬂ_1
F'(nz+a)T (n(l—2)+p)
B r'(30+3+3) §30(.73)+3-1 (1- 9)30(1—.73)+371

T T(30(.73) +3)T (30(1 — .73) + 3)
I" (36) 2. .
- r(24.9)r(11.1)9 -

and is plotted below (thin line). The posterior density has shifted to the right
and is more concentrated.
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00 05 1.0
theta

Problems

7.1.16 Suppose that X, ~ N (pg,72). Then P(X,; < z) = ® ((z — po) /7) —
® (0) = 1/2 for every z and this is not a distribution function.

7.1.17 First, observe that the posterior density of 8 given z1, ...z, is

7 (0| z1,...xn) o< 7 (0) [1;—; fo (z;). Using this as the prior density to obtain the
posterior density of 8 given T, 11, ...Zp1m, we get T (0, 1, ... Ty | Tyt 1, - Tyt ) X
m(0) Ty fo (z:) [T, fo (i), and this is the same as the posterior density
of 8 given x1, .2y, Trni1, .- Trtm-

7.1.18 The joint density of (0,1, ...x,) is given by

['(a+pB) ni+a—1 (7 _ gyn(1-2)+8—-1
Twre’ 70

and integrating out 6 gives the marginal probability function for (x1,...z,) as

I I'(nz I'(n(l—2 n
M (T1,.T0) = prgogy I USEED) for (2y,...2) € {0,1}".

To generate from this distribution we can first generate 6 ~ Beta(c, 5) and
then generate 1, ...z, i.i.d. from the Bernoulli(#) distribution.

7.1.19 First, note that if T is a sufficient statistic, then, by the factorization
theorem (Theorem 6.1.1), the density (or probability function) for the model
factors as fp (s) = h(s) go (T (s)). The posterior density of 6 is then given by
0w TE) _ m6)e(T(s)

Jor @)1 (s) 90 (T ())d0 T (0) 90 (T (5)) 0

and this depends on the data only through the value of T (s).

w(0]s)

Computer Problems
7.1.20 The prior Gamma(1,1) density of x = 1/0? is ﬁxlfleﬂ” = e for
x > 0. Making the transformation 2 — y = 1/z, the prior density of o2 is
z2e~ Y7 for z > 0.
The posterior density of 1/0? is
41.737
' (11)

41.737

o (41.7372) 0 e T

(41.737) T 7T =
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for z > 0. Making the transformation 2 — y = 1/, the posterior density of o2

q 11
is %x_we_‘luw/”ﬂ Plotting these we see that the posterior of o2 (thin

line) is much more diffuse than the prior (thick line).

density

T T T T T T T T T T T T T T 11T T
1.0 15 20 25 3.0 35 4.0 45 50 55 60 65 7.0 7.5 80 85 9.0 95100105
X

7.1.21 We have that u|o?, zy,...,2, ~ N (7.8095, (4.7619 X 10_2) 02) and
1/0?|z1,...,2, ~Gamma(12,52.969) since

1\’ A
(n . _2) - (20 + —) = 47619 x 1072
73 1

and

1\ ! 0
o = <n+ ﬁ> (% + m:) — (4.7619 x 1072 (I +20 (8.2)> — 7.8095
0
2 -1 1 1\
51::504‘25?24-&%-” s?—= n+—
2 T

0
2
2" Targ T T2 * m)

Ho
2
0
—1
20 0 20-—1 1 1 0
:1+7(8.2)2+—+—(2.1)——<20+—> (

2
5 5 5 - 7+20 (8.2)) = 52.969.

Using Minitab we obtained the following results.
MTB > let k1=1/52.969
MTB > print ki
Data Display
K1 0.0188790
MTB > Random 10000 c1;
SUBC> Gamma 12 0.0188790.

MTB > let c2=1/sqrt(cl)

MTB > let c3=c2>2

MTB > let kl=mean(c3)

MTB > let k2=sqrt(k1*(1-k1))/sqrt(10000)
MTIB > let k3=k1-3xk2

MTIB > let k4=k1+3xk2

MTB > print k1 k3 k4

Data Display
K1 0.671800
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K3 0.657713

K4 0.685887

So the estimate of the posterior probability that o > 2 is 0.671800, and the true
value is in the interval (0.657713,0.685887) with virtual certainty.

7.1.22 We use the distribution determined in 7.1.16. Using Minitab we obtained
the following results.

MTB > let k1=1/52.969

MTB > print ki1

Data Display

K1 0.0188790

MTB > Random 10000 ci;

SUBC> Gamma 12 0.0188790.

MTB let c2=1/sqrt(cl)

MTB let kil=mean(c2)

MTB > let k2=stdev(c2)/sqrt(10000)

MTB let k3=k1-3%k2

MTB let k4=k1+3*k2

MTB print k1 k3 k4

Data Display

K1 2.17083

K3 2.16107

K4 2.18059

So the estimate of the posterior expectation of o is 2.17083 and the true value
is in the interval (2.16107,2.18059) with virtual certainty.

vV VVYVYVYV

7.2 Inferences Based on the Posterior

Exercises

7.2.1 Recall that for the model discussed in Example 7.1.1, the posterior distri-
bution of § was Beta(nZ + a,n (1 — Z) 4+ 8). The posterior density is then given
by

Fa+pB+n) ita—1 n(1=2)+-1
_ nT+o 1—6
TY|wy,...2n F(n:i-_i_a)r(n (1 —i‘)‘i‘ﬂ)o ( )

The posterior mean is given by

E0™|x1,...,Tn)

_ [ I'(a+pB+n) natatm—1 n(1—z)+6—1
_/0 F(m:~+a)r(n(1—55)+,6)9 - 0) 40
_T(a+B+n)T'(nT +a+m)

CT(mz+a)T(a+B+n+m)
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7.2.2 Recall that for the model discussed in Example 7.1.2 the posterior distri-

bution of pu is
1 n\ 140 n 1 n\
N((ﬁ*?) (?*?x \=Zt=
0 0 0 0 0 0

By exercise 2.6.3, the posterior distribution of the third quartile ¥ = p+ 092975

: 1 n\ " 1 n 1 n\ "
Nl[=1+2Z A — 1=
(( i ) ( i ) ooz, ( i ) )

Since the normal distribution is symmetric about its mode and the mean exists,
the posterior mode and mean agree and given by

5 1 n\ ! n
Y= (—2 + —2> <”—§ + —23:) + 00%20.75-

70 99 70 99

7.2.3 Recall that the posterior distribution of o2 in Example 7.2.1 is inverse
Gamma(ag +n/2, 5,), where S, is given by (7.1.8). The posterior mean is
then given by E (1/0% | z1,...,2n) = (0 +1/2) /8. To find the posterior mode
we need only maximize In (y‘XU'*‘"/Q_1 exp (—B:y)) = (a0 +n/2 — 1) Iny — B,y.
This has first derivative given by (o +n/2 — 1) /y — 8, and second derivative
—(ap +n/2 — 1) /y?. Setting the first derivative equal to 0 and solving gives
the solution 1/6% = (ag +n/2 — 1) /B,. The second derivative at this value is
negative so this is the unique mode.

7.2.4 Recall that the posterior distribution of o2 in Example 7.2.1 is
inverse Gamma(ag + n/2, 8;) , where 3, is given by (7.1.8). The posterior mean
is then given by

o 1 6;0—&-"/2

B2z = [ L a0+n/2-1,—Bry g
e A ey A

ag+n/2 0 / 5
__ 7 OO ap+n 2_26_ <Y ]
T (a0 —|—n/2)/0 Y Y
ap+n/2
_ a0t / I'(ag+mn/2-1) /00 1 a0tn/2-24-y g
[(ag+n/2)  pgootn/2-1 o TI'(ag+n/2-1)
B
ag+n/2—1

By Theorem 2.6.2 the posterior density of o2 is given by = (02 |z, .., xn) =
(T (a0 +n/2)) " (By)* /2 (02)_(a0+n/2+1) exp (—fB./0?) . Then to find the
posterior mode we need only maximize In (y*(o‘o*”/QH) exp (—Ba/y)) =
—(ap+n/2+1)Iny — B, /y. This has first derivative given by

—(ap+n/2+1) /y+B./y? and second derivative (ag +n/2 + 1) /y? — 26 /y>.
Setting the first derivative equal to 0 and solving gives the solution &2 =
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B2/ (o 4+ n/2 + 1) . The second derivative at this value is (ag 4+ n/2 + 1)? /32—
2(ap+n/2+1)° /B2 = (ap +n/2+1)° (=1 — 209 — n) /B2 < 0, so this is the
unique mode.

7.2.5 Recall that in Example 7.2.4 the marginal posterior distribution of 6,
is Beta(f1 + a1, fo + ... + fx + @2 + ... + ax) . The posterior mean is then given
by

FE (91 |£C1, ,.’En)

1 L (n+SF o .
B / o b Z: 1) (01) T (1 — gy) BTt gpy
0 T(fi+a)T (T, (fi+a)
r + ].1 i 1 .
= (n sz_l “ ) / (91)f1+a1 (1 _ gl)zl':z(fﬂrai)*l o,
T'(fi+a)T (ZM (fi + ai)) 0

F(n+2f:1ai)r(f1+041+1) . fito

D(fi+a)T (n+ Db, ai+1) nt¥iiar

To find the posterior mode we need to maximize

_ k o
1n((91>f1+a1 1 (1 _al)zizg(me i) 1)

k
=i+ —1)In(6,)+ (Z(fz + ;) — 1) In(l1—64).
i=2

This has first derivative given by (f; + a3 — 1) /61— (Zf:2 (fi+a;)—1/(1-61)
and second derivative — (f; + a1 — 1) /0%—(2?22 (fi +;)—1)/ (1 — 6;)°. Note
that this is always negative when «; > 1. Setting the first derivative equal to 0
and solving gives the solution 6; = (fi + a1 — 1) /(n + Zle a; — 2). Since the
second derivative at this value is negative, 0, is the unique posterior mode.
7.2.6 Recall that the posterior distribution of € in Example 7.2.2 is

Beta(nZ + a,n (1 — Z) + 8). To find the posterior variance we need only to find
the second moment as follows.

E (92 | z1, ,xn)

1 [ntath) Tta— n(1-z)+8-1
- 2 ni+a—1 _
_/0 eF(n:era)F(n(lfj)Jrﬁ)a (1-0) do

B I'n+a+p) ittt n(1—z)+8—-1
_r(mc+a)r(n(1—x)+ﬂ)/o ’ (=9 “
B I'(n+a+p) Fnz+a+2)T(n(1-2)+p)
Tz +a)T(n(l1—2)+p) F(n+a+B+2)

. (nZ4a+1)(nz+a)

C (nt+a+B+1l)(n+a+p)
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The posterior variance is then given by

Var (0| @1, .o, 2) = E (0% |21, .00 2y) — (E (0] 21,0y 2))

__ (m@+a+1)(n+a) _(nx+a >2
m+a+tB+1)(n+a+pB) \nta+p
(nz+a)(n(l—2)+83)

T tatBrl)(ntatp)’

1,

Now 0 <z <
(nz+a)(n(l—2)+23)
(n+a+8+1)(n+a+p)’
(1+a/n)(1+5/n)
n(1+a/n+8/n+1/n)(1+a/n+p/n)’

Var (0| 21, ..., Tn) =

—0

as n — oQ.

7.2.7 Recall that the posterior distribution of #; in Example 7.2.2 is
Beta(f1 + a1, fa+ ... + fx + a2 + ... + ;). To find the posterior variance we
need only find the second moment as follows.

E (03|21, ... xn)

+ i
/ 02 TL Zl 1% ) (01)f1+0tl*1 (1 _ 91)21 o (fitas)— d9
L(f1+a1) (Zizz (fi +ai))

k
) ING +Fag7;:é::}1:2+ ai)> /1 (0) 1+ (1 = gp)TieUiten=1 4o
r (n +Y0, ai) F(fi+tar+2)T (2?22 (fi + 0‘1’))
L(fi+oq)T (Zf:g (fi+ai)) r (n+zf:1 Oé¢+2)
(fitar+1)(fiton)
(“ +30 i+ 1) (n +0k OQ,) :

The posterior variance is then given by

Var (01 |21, .o, @n) = B (03|21, s 2) — (B (01 | 21, ey 7))

(fitoa+1)(fr + ) ( fito )2
(n+2 laz+1) (n—l—Z 1041) n+F o

it (Shatiten)
(n+2f:1 o + 1) (TH‘E 10%)2
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Now 0 < f1/n <1, so

(fi/n+a1) (X4 (fi/n+a)
Var (01| 1,...,xn) = —0

n (145 aufnt 1/n) (1455, u/n)

as n — 0.

7.2.8 The posterior mode always takes a value in the set {0, 1}, and the value
we are predicting also is in this set. On the other hand, the posterior expectation
can take a value anywhere in the interval (0,1). Accordingly, the mode seems
like a more sensible predictor.

7.2.9 We have @41 |, 1,..., 20 ~ N (Z,(1/73 + n/od)"'03) and this is in-
dependent of p. Therefore, since the posterior predictive density of x,1 is ob-
tained by averaging the N (z, (1/7§ +n/o3)'08) density with respect to the
posterior density of p, we must have that this is also the posterior predictive
distribution.

7.2.10 The likelihood function is given by L (A|z1,...x,) = A"e "}, The
prior distribution has density given by B5°A*~1e=%*/T (o). The posterior
density of A is then given by 7 (\|zy,...z,) oc AnT@0—le=AnZ+60) " and we
recognize this as being the density of a Gamma(n + ag,nZ + o) distribution.
The posterior mean and variance of A are then given by E (A\|x1,...2,) =
(n+ag) /(T + Bo), Var (N z1,..x,) = (n+ ag) / (nZ + Bo)* .

To find the posterior mode we need to maximize In (/\""'ao_le_k("f“‘ﬁﬂ)) =
(g +n —1)In A=A (nZ + Bo) . This has first derivative given by (ap +n — 1) /A
— (nZ + Bo) and second derivative — (ag +n — 1) /A2, Setting the first deriva-
tive equal to 0 and solving gives the solution A\ = (ag +7n — 1) / (nZ 4 fo) . The
second derivative at this value is — (nZ + 80)° / (a +n — 1), which is clearly
negative, so \ is the unique posterior mode.

7.2.11 First we find the posterior predictive density of ¢t = x,,+1 as follows.

oo —\n+a«
qt|z1,..,xn) =/ /\e‘“—(ﬁ“ + n2) OA”*“O—le—MWfBo)dA
T 0 I' (g +n)

_ (Bo + ni)n+ao /OO a0 o= A(nT+Bo+t) g\
T(ag+mn) Jo
(Bo+nzZ)""™ T(n+ay+1)
T(ag+n) (nz+ By +t)" Tt
(4 a) (Bo + n)" e (n + o) (Bo +nz) "

(n@ + Bo + )" (14 t/ (n@ + Bo))" T

which is a rescaled Pareto(n + ag) distribution where the rescaling equals (nZ + ).

To find the posterior mode we need to maximize In ((n:f 4 By + 1)~ (nFeotD)

= —(ap+n+1)In(nZ + Py +t). This has first derivative (with respect to t)
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given by — (g +n + 1) / (nZT + Bo + t) . Since the first derivative is negative for
all t and ¢ > 0, the posterior mode is t=0.

Now the posterior distribution of ¢/ (nZ + (o) is Pareto(n + ag) . By Problem
3.2.19 the posterior expectation of t is therefore (nz + By) / (n + ag — 1) and,
by Problem 3.3.22, the posterior variance of ¢ is

(n + Bo)* (n+ o) / (n+ g — 1)* (n+ ag — 2).

7.2.12
(a) As in Example 7.2.1, we have that the posterior distribution of u is given
by the

10\ 10 10\ 9
N((l+9> <65+<9>63.20>,<1+9) )-N(64.053,19).
The posterior mode is then i = 64.053. A .95-credible interval for p is given by
64.053 £+ 1/9/1920.975 = (62.704,65.402) . Since this interval has length equal
to 2.698 and the margin of error is less then 1.5 marks (which is quite small) we

conclude that the estimate is quite accurate.
(b) Based on the .95-credible interval, we cannot reject Hy : u = 65, at the 5%

level since 65 falls inside the interval.
(¢) The posterior probability of the null hypothesis above is given by

B 0.5my (s)
~0.5my (s) 4 0.5ms (s)
0.5m (s)
0.5m1 (S) + 0.5m21 (S)

IM(p=65|z1,..,2,) Iy (u =651, ..,2n) +

Iy (u =651, .., Tp)

where TIs (- | 21, ..,2,) is as given in part (a) and II; (- | 21, .., 2,) is degenerate
at p = 65.
The prior predictive under II; is given by

(10—1)252.622) ( 10
— | X

279 ——(63.20 — 65)2)

iy (21, ) = (187) % exp (— 0

=3.981 x 107%°

while the prior predictive under Il is given by

_ 10 — 1) 252.622
ma (xla "7xn) = (]‘8ﬂ-) Sexp <M)

(2)9

exp (12 (135. 22)2> exp <—18663.0> (. 68825)
219 2

= 6.2662 x 107%°

The posterior probability of the null is then equal to

0.5my (s) 3.981 x 1065

= = .3885.
0.5m1 (s) + 0.5ma (s)  3.981 x 1065 + 6.2662 x 1065
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(d) The Bayes factor in favor of Hy : g = 65 is given by

exp (—18 (63.20 - 65)°)
BFy, = ! — .6353.
exp (553(135.22) )exp(-%8663xn X . 68825

7.2.13
(a) The likelihood function is given by L (02 | 21, xn) =

(02)771/2 exp (—%5s?) exp (—# (z — MO)Q) . The prior distribution has den-

2

sity given by 3§° (02)7(%71) e_BO/UQ/F (ap) . The posterior density of 1/02 is
then proportional to

(02) " exp (_T; ((n —1)s*+n(z— M0)2)) (62) 7 exp (_%)
:(gqowmao1hmp<—§§5(Qr—ms2+ngf_ﬂw2+2ﬁo)

which we recognize as being proportional to the Gamma(n/2 + «p, 5,) density,
where 8, = (n —1)s?/2 +n(z — ,uo)2 /2 + Bo. Therefore, the posterior distrib-
ution of o2 is inverse Gamma(n/2 + g, Bz) -

(b) The posterior mean of o2 is given by E (02 | z1,...2n) = B2/ (n/24+ ag — 1).

(c) To assess the hypothesis Hy : 0? < o2, which is equivalent to assessing

Hy:1/0% > 1/a , we compute
II (1/02 > 1/03 | 21, ..,xn) =1II (2596/02 > 2BI/J(2) | z1, ..,xn)
=1-G (2B:/05;2a0 +n)
where G (-;2ag + n) is the x? (2ag + n) distribution function.

7.2.14
(a) In Exercise 7.1.1, the posterior distribution is given by

|0=1 6=2 6=3
m(@[s=1) ] 3/16 1/4 9/16

Hence, the posterior mode is § = 3 and the posterior mean is 1-3/16+2-1/4 +
3:9/16 = 2.375. The mode is an actual parameter value while the mean is not
so we would prefer to use the mode.

(b) First of all, II(# = 3|s = 1) = 9/16 = 0.5625 < 0.8. The second highest
posterior probability is obtained at 8 = 2. II({2,3}|s = 1) = 13/16 = 0.8125 >
0.8. Thus, 0.8-HPD region is {2, 3}.

(c) Since ¥(1) = 9(2) = 1 and ¥(3) = 0, the prior probability of ¢ is II(¢) =
0) =TI(¢0 = 3) = 2/5 and II(¢p = 1) = II({1,2}) = 3/5. The posterior prob-
ability is II(¢p = 0]s = 1) = II( = 3]s = 1) = 9/16 and II(yp = 1]s = 1) =
({1,2}]s = 1) = 7/16.

prior|¢:0 P =1 posterior |1p:0 =1
() | 2/5 3/5 w(Y|ls =1) | 9/16  7/16
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Thus, the posterior mode is ¢ = 0. Besides, I1() = 0]s = 1) = 9/16 = 0.5625 >
0.5 implies 0.5-HPD region is {0}.

7.2.15
(a) The odds in favor of A is defined by P(A)/P(A€). Hence,
P(A) P(A)

1 - P(A%) P(A%) :
= = =1 =1 f f A°.
P(A°) ~ 1- P(A) P(A%) /1 ~PlAY) /odds in favor o
(b) The Bayes factor in favor of A is given by BF(A) = posterior odds of A /
prior odds of A.

_ I(Afs) /IA) _ T1(A°]s) ) 1 _ ¢
BE(4) = H(Ac|s)/H(Ac) N 1/[1 —H(AC|5)/1 —H(AC)] = I/BF(A).

7.2.16 The fact that the odds of A is 3 implies P(A)/(1 — P(A)) = 3. This im-
plies that P(A) = 3/4. IfTI(A) = 1/2, then the prior odds of A is II(A)/TI(A¢) =
(1/2)/(1/2) = 1. The Bayes factor in favor of A is BF(A) = posterior odds of A/
prior odds of A = (TII(Als)/(1 — II(A4|s)))/1 = 10. This implies that II(Als) =
10/11.

7.2.17 From the equation BF(A) = [II(Al|s)/(1 —TI(A|s))]/[II(A)/(1 — TI(A4))],
we get TI(A|s) = 1/[1 + BF(A)/[II(A)/(1 — II(A))]]. Both statisticians’ Bayes
factor equals BF(A) = 100. The prior odds of Statistician I is II(Hp)/(1 —
II(Hp)) = (1/2)/(1/2) = 1. Thus Statistician I’s posterior probability is II( Hy|s)
= 1/[1 + (1)100] = 1/101 = 0.0099. The prior odds of Statistician II is
II(Hy)/(1 — II(Hy)) = (1/4)/(3/4) = 1/3 and the posterior probability is
II(Hpls) = 1/[1 + (1/3)100] = 3/103 = 0.0292. Hence, Statistician II has
the bigger posterior belief in H.

7.2.18 Note that a credible set is an acceptance region and the compliment of
~-credible set is a (1 — «) rejection region. Since ¥(0) = 0 € (—3.3,2.6), the
P-value must be greater than 1 —0.95 = 0.05.

7.2.19 Since the posterior probability II(A|s) is in [0,1], the posterior odds
ranges in [0,00) as does the prior odds. Hence, the range of a Bayes factor in
favor of A also ranges in [0, 00). The smallest Bayes factor is obtained when the
posterior probability II(A|s) is the smallest. If A has posterior probability equal
to 0, then the Bayes factor will be 0.

Problems

7.2.20 The likelihood function is given by L (0|1, ...x,) = 9_"1[

The posterior distribution of 6 is then given by 7 (6| z1,...z,)
go—n—le=B0] 0) . Note that this is not differentiable at z(,). The maxi-

@ (n),00) ().

o) ¢
mum of ="~ 1e=P? occurs at the same point as the maximum of In (9“‘"‘%‘“)
= (. —n —1)In 0 — B0, which has first derivative (&« —n — 1) /6 — 3 and second

derivative — (o —n — 1) /62. Setting the first derivative equal to 0 and solving

we have that the maximum occurs at § = (o —n — 1) / whenever a—n—1 > 0.

Therefore, the posterior mode is given by max { (o —n — 1) /B, @)} -
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7.2.21 The likelihood function is given by L (6 |z1,..,x,) = 9_"I<x( J,00) (9)
and the prior is (g1 (f), so the posterior is

einj(ﬂm’l) (0) _ 9*"1(96(”)’1) (®)

fxl(n) 60— df (n—1) (m%;)” — 1) -

Since this density strictly increases in (:E(n), 1) and HPD interval is of the form
(¢, 1), ¢ is determined by

N = /1 0" L (ay1) @) -t =1
c (n—1) (xl_" - 1) xé;)n -1

(n)

S0 ¢ = {1 + v (ac%;)” — 1) }1/(17?1) .

7.2.22 The posterior distribution of x given o2 is the N (g, (n + 1/73)_1 a?)
distribution where y, is given by (7.1.7). The posterior distribution of o2 is the
Gamma(ag + n/2, 5,) distribution, where 3, is given by (7.1.8). Therefore, the
integral (7.2.2) is given by

0o /2
s 1 1\' A L\ (o1 2
LM /o Nor n+ p exp | —5 | n + p (1/10 A ,ux) X

(B,)™ "/ -
F@;ﬁﬁﬁ”ﬁw"““‘m”d*

7.2.23 Let ¥ (u,0%) = p+o0z075 = po + (1/02)71/2 zo.75 and A = A (p,0%) =
1/02, so

o Dy

I 1 4 L

T (0(,\)) = |det )| 2 et 320.75 (57) .
oA _O\ _ 0 1
T

Therefore, the posterior density of ¥ is given by

© 1 1\'? A 1 2
- el Al/Q - el _ /\—1/2 — Iy
/0 Vor <n—|— Tg) XP 2 ne T8 ((djo 20‘75) H )
(ﬂx)aﬁnﬂ \o+n/2-1
T'(ap +mn/2)
which is a difficult integral to evaluate.

7.2.24
(a) We can write

1 n\ " o N 1 n\ Y2 -
— — [— J— —_ R J— - Z
v=oolk %«ﬁ+ﬁ><ﬁ+ﬁa+@{%9 )

=00 (a+b2)""

exp (—fB: ) dA.
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where Z ~ N(0,1),

1 n\ " I n 1 n\ 2
a:<—2+—2) (—g+—2$>,b:<—2+—2) .
7o 90 7o 90 7o %9
The posterior mean of ¢ is E (¢ | 21, ..., zpn) = fooo ﬁ;\/%—ﬂe_zz/z dz, and this

integral does not exist because, noting that the integrand becomes infinite at
z=—a/b, for e >0

oo —a/b+e
/ ;e—f/z dz > / #6—9/2 dz

—ajb @+ 0z —ap G+ bz
2 —a/b—l—e 1
Zmin{e_z /2:—a/b§z§—a/b+e}/ dz
—a/b a+bz
1 b —a/b+e
:min{e*'zg/Q:—a/bgzg—a/b—&—e} In(a+b2) =00
b —a/b
while
—a/b —a/b
/ 1 6_z2/2d2§/ 1 e—z2/2dz
oo 0+ bz —a/p—c @t bz
5 —a/b 1
§min{efz /2:—a/b§z§—a/b+e}/ dz
—a/p—e @+ bz
-1 b —a/b+e
:rnin{e_zQ/2 :—a/bgzg—a/b—l—e} M = —00.
b —a/b

Therefore, E (| 21, ..., ) = 00 — 00, which is not defined.
(b) The posterior density of p is given by

1 1 2
m(pl@r, . n) = WGXP *%(H*a) :

Using Theorem 2.6.2 we can find the posterior density of ¢ = o¢/p (since this
is a differentiable and strictly decreasing function of p and excluding the 0 line
from the parameter space) as

¢ 0 )] = ﬁa{p (_2_22 <% _a>2> 3

(c) To find the posterior mode we need to maximize

2 2
In | exp ~ L 5 _q = :—i 5 _q —2lny
262 \ @ 2 262 \ @ '

This has first derivative given by

(W7 () |21, 20) /
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Setting the first derivative equal to 0 gives the quadratic equation

2 %00 ~_ %o _
Rt e
Solving this gives the solutions
R aoo | 1 [a?03  4daoy aog 1 [a203
= = — — —_ - J— - Y 2
T T oV T T e T TR

and these are real numbers since b > 0. Since the posterior density is finite
everywhere, goes to 0 at +o00, and is 0 at ¢ = 0, we know that these must both
correspond to peaks. Therefore, we can determine the mode by evaluating the
posterior density at these values, and the mode is the one that gives the largest
value.

7.2.25
(a) The marginal density of (61, ...,0;_2) is given by
J0r,002) (21, 0y 21—2)
_ /1—21—"'—2k2 T (041 4 ak) a1—1 jas—1 @k—2—1z(¥k—1—1
0

T (1) T (ap) 21 A T Rk—2 k—1
X(L—zp — - —2p_1)™ " dzp_y
T (a1 +-- + ak)zal—lzaz—l kel /1z1...zk_2 Jpr—
T(a)--T () + 72 k2 A
X(1—2z —- = zk_l)a’“_l dzp_1
_ Tl +---+ O‘k>z?1—1zgz—1 Pl ( A e

- F(Ozl)"'F(Oék;)

l—z1——2zp_2 Ze1 op—1—1
0 L=z — =22

5 arp—1

k—1

x [1— dzp—1
I—z1— =22

F(()é1+"'+05k> ar1—1_oas—1 ap_2—1
= Z Z .-.Z
F((Xl)"'F(Oék) 1 2 k—2

1
X / w1 — )™ gy
0

CPart o) T(ar—0) T (@) a1-1_as—1  _ar_a—1
= A1 Rt Rpo
I'(ag) - T(ag) T(g—1+ ax)

agp_1+ap—1

(1— 21— — 25_2)

« (1 o Zk_Q)Oék—1+le*1
_ o+ +ag) a1-1 as—1_  _on_2-1
= — 20T g s
[(ea) T (ap—2) I' (g1 + )
« (1 e Zk*Q)Oék—hLak*l

and this establishes the result.
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(b) Tterating the part (a) gives the result.

(¢c) The Jacobian matrix of this transformation has a 1 in the i;-th position of the
first row, a 1 in the is-th position of the second row, etc. The absolute value of
the determinant of this transformation is therefore equal to 1. By the change of
variable theorem this implies that (9“, ce Hikfl) ~ Dirichlet(a, , @iy, - - .y 0, ) -
(d) This is immediate from parts (c¢) and (b) as we just choose a permutation
that puts 6; as the first coordinate.

7.2.26 The likelihood function is given by 9{19{2 (=0 —---— Gk,l)f’“, SO
the log-likelihood is given by fiInf; + folnfs+ -+ frln(1—60; —--- — 7).
Then vector of partial derivatives has ith element equal to f;/6; — fr/(1 — 61 —
-+ —0r_1). Setting these equal to 0 we get the system of equations

frbh=fi(l =61 —-- —0p_1)
fibr—1 = foo1(1 =61 — - —0p1)
and summing both sides we obtain fi (01 + -+ 0x_1) =
(n—fi)(1—60—--—0p_1)or n(01+---+60k_1) = (n— fx), which implies
that (1—60; —---—0r_1) = fr/n. From this we deduce that the unique so-

lution is (él, ce ék,1> = (fi/n,..., fx—1/n). Now since the log-likelihood is
bounded above, continuously differentiable, and goes to —oco whenever 6; — 0,
this establishes that (f1/n,..., fx—1/n) is the MLE, so f;/n is the plug-in MLE.

7.2.27 In Exercise 7.2.3 we showed that E (1/0? |21, ...,x,) = (a0 +n/2) /Be,
while in Exercise 7.2.4 we showed that E (02 |1, ...,2n) = 82/ (0 +1/2—1).
So the estimate of o2 is not equal to one over the estimate of 1/02.

In Exercise 7.2.3 we showed that the posterior mode of 1/0? is 1/6% =
(ag +n/2 —1) /B, while in Exercise 7.2.4 we showed that the posterior mode
of 0% is 62 = B,/ (g +n/2 + 1) . So the estimate of o2 is not equal to one over
the estimate of 1/02.

These differences indicate that these estimation procedures do not have the
invariance property possessed by the MLE.

7.2.28 Since the variance of a t(\) distribution is A/ (A — 2), the posterior vari-
ance of p is given by

[1 [ 28
14 - t 2
ar (M + n+2a0 \l n+1/78 (n+ a0)>
2
B 1 20, n+2ay 20 1
S \Vn+200\n+1/72) nt+200-2 \n+1/72 n+2a—2/"

7.2.29 The joint density of (0, s,t) is given by qg (¢|s) fo (s) 7 (8). The prior
predictive density for ¢ is then the marginal density of ¢ and is given by ¢ (¢) =
Jo S0 a0 (t]5) fo (s) m(0) ds df.
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7.2.30 The posterior predictive distribution for ¢t = (25,41, Tn42) is given by

q(t]|xy, ..., Tn)
! e I'(n+a+p) .
_ 0t1+t2 1-06 2—t1—to 9nx+a—l
/0 ( ) F'nz+a)T(n(1—2)+p5)
x (1—)"=D+8-1 g9
F'n+a+p) /1 ¢ Tt 2—t1 —to+n(1—3)+6—1
_ gtrttztnita 1 1-0 1—t2+n( )+ do
Frnz+a)T(n(1-2)+8) J ( )
F'(n+a+p8)

CT(nz+a)T(n(l—-2)+0)
XPay+m+nf+aﬂW2—h—¢2+na—fy+m

T(n+a+p+2)
MRS 0t
] dEsERER aon=
SRR h-tu=o
(nZ+a+1)(nZ+a) t, =ty =0.

(n+a+pB+1)(n+a+pB)

7.2.31 Put

1 n\ " I n 1 n\ 2
a:(—2+—2> <—g+—2.’L‘), bz(—2—‘r—2) .
o 00 70 o) o 0p

We can write X,,11 = p + 09Z, where u ~ N(a,b?) is independent of Z ~

N(0,1). Therefore, the posterior predictive of X,, 1 is given by X,, 11 ~ N(a, b*+
2

ag)-

7.2.32 We can write X,,11 = pu + oU, where U ~ N(0,1) independent of

Xq,..., X, u,0. We also have that p = p, + (n—|— 1/7'3)_1/2 oZ, where Z ~
N(0,1) is independent of X1,...,X,,o. Therefore, we can write

Xog1 = po + (n+ 1/73)_1/2 ocZ +oU

_ _ 1/2
:MI+J{(R+1/T3) 1/2Z+U}:MI+{(7L+1/T3) 1—1—1} oW
where

W= {(n+1/7’§)71 + 1}71/2 {(n+1/7’§)71/2Z+U}

Xn+1 — Mz
- _—— ~ N(0,1)

{(n—l— /7))~ + 1} / o




7.2. INFERENCES BASED ON THE POSTERIOR 209

is independent of X1, ..., X,,o. Therefore, just as in Example 7.2.1,
w

\/(25—) / (200 + 1)

X _
= ntl 7 Ha ~ t(2a0 + n) .

{1/ 41} (0820 Gao + )2

7.2.33 Using the result in Problem 7.2.32 and the fact that the t (2ag + n)
distribution is unimodal with mode at 0 and is symmetric about this mode, we
have that a y-prediction interval for X, 1 is given by (following Example 7.2.8)

- \l 28, {(n +1/72) 7+ 1} t

(2a0 +n)

T =

144 (20 + 1)

7.2.34 The prior predictive probability measure for the data s with a mixture
of II; and Il prior distributions is given by

m (s) = Bu (fo (s Zfo I ({6})

= %jfe () (P ({0}) + (1 - p) T2 ({6}))

:pzej o ()T ({0}) (1 —p Zfe )11 ({6})

= foo () + (1 =p) > fo () T2 ({63) = pma (s) + (1 = p)ma (s).

0

The posterior probability measure is given by

Z fa {9} Z fo (s) (pIly {9}) (1—-p)z ({0}))

geA 9cA pmay (s) + (1 —p)m2 (s)
pma (s) Jo ()11 ({0})
_pm1(8)+(1—) ;4 m (s)
(1-p)m fo ()T ({6})
pm1(8)+(1— ) QGZA mz()
prma (s) M (Als)+ —=pIm2(s) g

" pma (s) + (1 — p)ma (s) pmy (s) + (1 — p)ma (s)

7.2.35 The posterior density of 6 is 7 (0]s). Now make the transformation
0 — h(0) = (v (0),A(6)). Then following Section 2.9.2, we have that putting

OY(01,02) 9 (01,02)
J(01,02) = ax(aegf,ez) ax(%gfez)

691 802
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and an application of Theorem 2.9. 2 establishes that the joint density of (¢, \)
is given by m (A= (1, A) | s) |J (A1 (¥, N)) |71 . Then the marginal density of 1)
is given by w (¢ ] s) = [ 7 (A1 (¥, A) | 8) [T (0, N)] " d

Challenges

7.2.36 First, let t = h () be a 1-1 continuously differentiable transformation .
The null hypothesis that we want to test is Hy : h (¢) = h (o) = to. By Theorem
2.6.2 the prior density of ¢ is given by ¢ (t) = w (™" (¢ )) /I (h (h™ ( ) | Simi-
larly, the posterlor density of ¢ is given by ¢ (t|z) = w (b (¢) | z) J|h (1 (1)) .
Hence, since h=! (t) = 1, the ratio of the two is given by w (t|z) /w (t) =
w (hfl (t) |z) /w (R~ (t)) = w (¢ |x) /w (¥), which is the ratio given in (7.2.9).
The observed ratio is given by ¢ (to | ) /q (to) = w (h™" (to) |2) /w (R~ (to)) =
w (Yo | ) Jw (¢o) . Therefore, the P-value computed by (7.2.9) would give the
same result, and therefore it is invariant.

7.3 Bayesian Computations

Exercises
7.3.1 The likelihood function is given by

L(p|@y, o an) = (4r) Pexp (—5 (z — ,u)z) exp <—11952) .

The prior distribution has density given by m (1) = +Ij5,6) (1) . The posterior

10

density is then proportional to (47)” " exp (75 T — 2) exp 7%52 11[2’6] ().

To find the posterior mode we need only maximize exp (—5 (z— ,u)Q) 2,6] (14)
which is clearly maximized at it = Z when Z € [2,6], at it = 2 when T < 2, and
at it = 6 when & > 6. In this case the posterior mode is then i =z = 3.825. It
has variance, estimated by

#1n ( () e (52— ) ) h

2 x exp (—75%) §1p.e (1)
g ($1a---717n): - 8M2 :E

n=3.825

A .95 credible interval for p base on the large sample result is then given by

T+6 (21, Tn) Z0.075 = 3.825 £ ——1.96 = (3.2052,4.4448) .

1
v 10
7.3.2 Let Xq,...,X, be a random sample from Bernoulli(d). Then, T =

X1+ - -+ X, is a minimal sufficient statistic having a distribution Binomial(n, ).
The likelihood function is L(f|z1,...,z,) = L(0]t) = 0'(1 — )" . Note
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L(O|t)m(0) o 9a—1(1 — g)»~t+F~1 Hence, the posterior mode is 6 = (t + o —
1)/(n+a—2). Then, we get 2 In L(0|t)7(0) = (t+a—1)/0—(n—t+5-1)/(1-0),
53—;2 InLO|t)m(0) = —(t+a—1)/0? — (n—t+ B —1)/(1 — 0)%. The asymptotic
variance of the posterior mode is

62 (x1,. .. x,) = (

92 L(0|t)m(6) ‘9:9*1 B (t —&—gz— 1+n—(1t;|—9,6;2— 1)*1_

06? B

Hence, the asymptotic y-credible interval is

(0= 2(19) /26,0 + 2(14)20)-

7.3.3 Let X1, ..., X,, be arandom sample from N(u,v3). Then, T = X = (X1 +
-+++X,,)/ is a minimal sufficient statistic having a distribution N(u,v3/n). The
likelihood function is L(yu|z1,...,7,) = L(plt) = exp(—(u —t)?/(2v3/n)). Note

L(p|t)m(p) oc exp(—(n—p1)?/(20%7)) where py = (nt/v3 + po/0d)/(n/vi+1/03)
and 02 = (n/v3 + 1/02)~ 1. Hence, the posterior mode estimator is fi = p; =

(nt/03 + o/ 03)/(n/v3 + 1/03). We get 2 In L(uft)(u) = —(u — ) /o? and
88—; In L(p|t)m(pu) = —1/0%. The variance estimate is
In L(plt -1
6221y 1) = (— Ol L{plt)mip) (ML)W(M)’ ) 7.
o H=f
Hence, the asymptotic y-credible interval is
(A = 2(149) /205 L+ Z(14)/20)-

7.3.4 The posterior density is proportional to fy(z) - 7(0) = 0Ij91/¢)(z) - €% =
I0,1/2)(0)0e~Y. Hence, the posterior distribution is a Gamma(2,1) distribution
restricted to (0,1/x]. A simple Monte Carlo algorithm is

1: Generate 7 from Gamma(2,1)
2: Accept 7 if it is in (0,1/z]. Return to step 1 otherwise.

In general, the posterior density is proportional to fy(z1,...,z,) - 7(0) =
T(0,1/2(m)] (0)6™e~? that is proportional to Gamma(n+1, 1) restricted on (0, 1/z,)].
Also we have a simple Monte Carlo algorithm is

1: Generate 7 from Gamma(n + 1,1)
2: Accept 7 if it is in (0, 1/2(,)]. Return to step 1 otherwise.

Note that the mean of a Gamma(n 4 1,1) distribution is n+ 1. That means
the Gamma(n + 1, 1) distribution shifts to the right as n — co. So the rejection
rate will increase to 1 as n — oco. Hence, this algorithm cannot be used for large
n.

7.3.5 The posterior density when X = x is observed is proportional to exp(—(z—
0)?/2)110,1)(f). Hence, the posterior distribution is N(z, 1) restricted to [0,1].
Hence, a very simple Monte Carlo algorithm is given by
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1: Generate ) from N(z,1)
2: Accept n if it is in [0, 1]. Return to step 1 otherwise.

In general, when a sample (z1,...,z,) is observed, the posterior density is
proportional to exp(— Y1 | (x; — 0)?/2) - Ijg,1)(0) o< exp(—n(0 — z)?/2)Ij,1(6).
Thus, the posterior distribution is N(Z, 1/n) restricted to [0, 1]. A simple Monte
Carlo algorithm for the posterior distribution is

1: Generate n from N(Z,1/n)
2: Accept 7 if it is in [0, 1]. Return to step 1 otherwise.

If the true parameter 6, is not in [0, 1], then the acceptance rate is extremely
small. For example, suppose 6, > 1 and n is sufficiently large enough to z > 1.
Then the acceptance rate given by

_ B( (T — 1)) — &(—viz) < TREME DY)
Py € [0,1]) = (—Vila — 1) = ¥(-vir) < TS — 0

converges to 0 exponentially. Hence, the Monte Carlo algorithm is not appro-
priate when n is big.

7.3.6 The posterior density is proportional to (exp(—(6 — x)2/2) + exp(—(0 —
2)?/4)/vV/2)Ijp,1)(6). Hence, the posterior distribution given X = z is the mix-
ture of normals 0.5N (x,1)4+0.5N (z, 2) restricted to [0,1]. A crude Monte Carlo
algorithm is obtained as follows.

1: Generate 7 from 0.5N(z,1) + 0.5N (z,2)
2: Accept n if it is in [0, 1]. Return to step 1 otherwise.
Suppose n = 2. The likelihood function is proportional to

(exp(—(z1 — 0)%/2) + exp(—(z1 — 0)*/4)/V2) x
(exp(—(z2 — 0)*/2) + exp(—(z2 — 0)*/4) /V2)
(21— x2)%/4) exp(—(0 — (z1 + 22)/2)*)+
(0 — (221 + 22)/3)%/(4/3))//(2)
w1 — 2)°/6) exp(—(0 — (z1 + 22)/3)°/(4/3)) /\/(2)
(—(0 — (21 +22)/2)%/2) /2.

Hence, the posterior distribution given X; = x1, Xs = x5 is a mixture normal
restricted on [0,1]. A crude Monte Carlo algorithm can be devised easily.

= exp

(=
exp(—(z1 — 22)?/6) exp(—
+ exp(—

(—

(
+ exp(—(z1 — 72)?/8) exp

1: Generate n from p1 N ((z1+22)/2,1/2)+paN((221+22)/3,2/3)+ps N ((x1+
229)/3,2/3) + paN((21 + 22)/2,1) where p; = gi/(q1 + -~ + qa), @1 =
exp(—(z1 — 22)*/4)/V2, @2 = ¢ = exp(—(x1 — 22)/6)/V3 and g4 =
exp(—(x1 — x2)?/8)/2.
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2: Accept 7 if it is in [0, 1]. Return to step 1 otherwise.

Computer Exercises

7.3.7 Below is the Minitab program (modifying the one in Appendix B for
Example 7.3.1) used to generate the sample of size N = 10* from the posterior
distribution of ¥ = p + 02p.25.

gmacro

normalpost

note - the base command sets the seed for the random number
generator (so you can repeat a simulation)

base 34256734

note - the parameters of the posterior

note - k1 = first parameter of the gamma distribution = (alpha_0 +
n/2)

let k1=9.5

note - k2 = 1 / beta

let k2=1/77.578

note - k3 = posterior mean

let k3=5.161

note - k4 = (n + 1/(tau_0 squared) )~ (-1)

let k4=1/15.5

note - z_.25 = -0.6745

note - main loop

note - c3 contains generated value of sigma**2
note - c4 contains generated value of mu

note - c5 contains generated value of first quartile
do k5=1:10000

random 1 ci;

gamma ki1 k2.

let c3(k5)=1/c1(1)

let k6=sqrt(k4/c1(1))

random 1 c2;

normal k3 k6.

let c4(k5)=c2(1)

let c5(k5)=c4(k5)-(0.6745)*sqrt(c3(k5))

enddo

endmacro

Below are the density histograms based on samples of N = 5 x 103 and
N = 104, respectively.
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Density

Density

For N =5 x 103 we obtained the following estimates.

MTIB > let kl=mean(ch)

MTB > let k2=stdev(c5)/sqrt(5000)

MTB let k3=k1-3%k2

MTB let k4=k1+3*k2

MTB print k1 k3 k4

Data Display

K1 3.17641

K3 3.14068

K4 3.21214

So the estimate of the posterior mean of the first quartile is 3.17641, and the

exact value lies in the interval (3.14068,3.21214) with virtual certainty.
For N = 10* we obtained the following estimates.

MTB > let kl=mean(ch)

MTB let k2=stdev(ch)/sqrt(10000)

MTB let k3=k1-3%k2

MTB let k4=k1+3*k2

MTB print k1 k3 k4

Data Display

K1 3.15800

K3 3.13253

K4 3.18346

So the estimate of the posterior mean of the first quartile is 3.15800 and the

exact value lies in the interval (3.13253,3.18346) with virtual certainty.

>
>
>
>

>
>
>
>
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7.3.8 Recall that from Example 7.1.1 we have that the posterior distribution of
0 is Beta(5.5,105) . Below is the Minitab code for doing this problem.

MTB > Random 1000 c1;

SUBC> Beta 5.5 105.

MTB let c2=cl < .1

MTB let kil=mean(c2)

MTB > let k2=sqrt(ki*(1-k1))/sqrt(1000)

MTB let k3=k1-3%k2

MTB let k4=k1+3%k2

MTB print k1 k3 k4

Data Display

K1 0.980000

K3 0.966718

K4 0.993282

The estimate of the posterior probability that § < 0.1 based on a sample of
1000 from the posterior is 0.980000, and the exact value lies in the interval
(0.966718, 0.993282) with virtual certainty.

7.3.9 Recall that from Exercise 7.2.10 we have that the posterior distribution
of A\, with n =7, Z = 5.9, is Gamma(17,43.3).

(a) The estimate of the posterior probability that 1/\ € [3, 6] based on a sample
of N = 1000 from the posterior of 1/) is obtained via the following Minitab
program.

MTB > let ki1=17

MTB > let k2=1/43.3

MTB > Random 1000 c1;

SUBC> Gamma k1 k2.

VVVYVYVYV

MTB > let c2=1/cl

MTB > let c3=c2 ge 3 and c2 le 6
MTB > let k3=mean(c3)

MTB > let k4=sqrt(k3*(1-k3)/1000)
MTIB > let kb5=k3-3xk4

MIB > let k6=k3+3xk4

MTIB > print k3 kb k6

Data Display

K3 0.296000

K5 0.252693

K6 0.339307

The estimate of the posterior probability that 1/\ € [3,6] is 0.296000, and the
exact value of the posterior probability lies in the interval (0.252693,0.339307)
with virtual certainty.

(b) The probability function of |1/A] is estimated as follows.
MTB > let c4=floor(c2)

MTB > Tally C4;

SUBC> Counts;

SUBC> Percents.
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Tally for Discrete Variables: C4

C4 Count Percent

1 130 13.00

2 572 57.20

3 247 24.70

4 42 4.20

57 0.70

6 10.10

710.10

N= 1000

So, for example, we estimate the posterior probability that [1/A] equals 0 by 0
and the posterior probability that |1/\| equals 1 by .13, etc.

(c) The estimate of the posterior expectation of |1/A] based on a Monte Carlo
sample of size N = 10? is given below.
MTIB > let kl=mean(c2)
MTB > let k2=stdev(c2)/sqrt(1000)
MTB let k3=k1-3%k2
MTB let k4=k1+3*k2
MTB print k1 k3 k4
Data Display

K1 2.72523

K3 2.65789

K4 2.79257

The estimate of the posterior mean of [1/A] is 2.725230 and the true value
of the posterior expectation lies in the interval (2.65789,2.79257) with virtual
certainty.

>
>
>
>

7.3.10 The inverse cdf of a Pareto(a) distribution is given by z = F~1(u) =
(1- u)fl/ ® — 1. Therefore, the following Minitab code generates a sample of
100 from the Pareto(2) distribution.
MTB > Random 10 c1;
SUBC> Uniform 0.0 1.0.
MIB > let c2=(1-cl)**x(-1/2) - 1
MTB > Random 100 c1;
SUBC> Uniform 0.0 1.0.
MIB > let c2=(1-cl)*x(-1/2) - 1

The likelihood function is given by L (a|z1,...,2,) = &[] (1 + =;
The prior distribution has density given by 7 (o) = ae™®. The posterior density
is proportional to o e ™[] (1 +z;)”* = a"Tle % exp (—aIn ([T (1 + ;)))
= o lexp[—a(In(J](1+ ;) +1)], and we recognize this as being propor-
tional to the Gamma(n + 1,In ([] (1 + z;)) + 1) density. The following Minitab
code estimates the posterior expectation of 1/ (o +1).
MTB > let c3=loge(1+c2)
MTB > let k1=101
MTIB > let k2=1/(sum(c3)+1)
MTB > print ki k2

)7&71'
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Data Display

K1 101.000

K2 0.0190936

MTB > Random 10000 c4;
SUBC> Gamma k1 k2.

MTB > let c4=1/(c4+1)

MTB > let kb5=mean(c4)

MTB > let k6=stdev(c4)/sqrt(10000)
MTB > let k7=kb5-3%*k6

MTB > let k8=kb5+3+*k6

MTB > print k5 k7 k8

Data Display

K5 0.343067

K7 0.342392

K8 0.343741

The estimate of the posterior mean of 1/ (o + 1) is 0.343067, and the exact value
of the posterior expectation lies in the interval (0.342392,0.343741) with virtual
certainty.

The true value of 1/ (a+ 1), however, is .33333, so note that it is not con-
tained in the above interval. Note that the above interval is in essence a confi-
dence interval for the exact value of the posterior expectation and not the true
value of 1/ (a+1).

Problems
7.3.11 . X X
(a) We have that < In (L (9 |z1,... ,xn) 71' (0)) =13 InL (6? | $2> +
ilnw (é) 2 Ey(InL (0] X)) = I(0) by the strong law of large numbers.
(b) Then from the results of part (a) we have that, denoting the true value of 0
by 6o,
0—0(X1,....Xn) as
=
6 (X1,...,Xn) /v/n

when 6 ~ II(-| Xy,...,X,). This implies that when the sample size is large
then inferences will be independent of the prior.

nI(Ho) (0 — 90)

7.3.12 As we increase the Monte Carlo sample size N, the interval that con-
tains the exact value of the posterior expectation with virtual certainty becomes
shorter and shorter. But for a given sample size n for the data, the posterior
expectation will not be equal to the true value of 1/ (4 1), so this interval will
inevitably exclude the true value.

7.3.13 From Problem 2.8.27 we have that Y given X = x is distributed

N(p2 + pos (z — 1) /o1, (1 — p?) 03) and similarly X given Y = y is distrib-
uted N(p1 + poy (y — p2) /o2, (1 — p?) 7). Therefore, a Gibbs sampling algo-
rithm for this problem is given by the following. Select zy, then generate
Y1 ~ N(p2 + poa (xo — 1) /o1, (1 - p2) 03) obtaining y;, then generate X; ~
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N(p1 + por (y — p2) /o2, (1 — p?) %) obtaining x1, then generate Ya ~ N(us +
poa (zo — p1) /o1, (1 — p*) 03) obtaining ys, etc. The sample is (z1,y1) , (22, y2) ,
.... Since this method is not exact, a better method for generating from the
bivariate normal is to use (2.7.1), which is exact.

7.3.14 The marginal density of X is given by fwl 8zydy = 4x (1 — x2) and the
marginal density of Y is given by foy 8xydr = 4y3. Therefore, Ixiy (z|y) =
8zy/4y® = 2x/y? for 0 < z < y and fy|x (y|z) = 8zy/ (4z (1 —2?)) =
2y/ (1—2?%) forz <y < 1.

The distribution function associated with fy | x is given by
Fyx(y) = y*/ (1 —2?%) for < y < 1. Therefore, the inverse cdf is given by

F;‘{X(u) = ((1—2?%) u)1/2 for 0 < u < 1. Therefore, we can generate Y given

X = by generating U ~ Uniform|0, 1] and putting ¥ = ((1 — 2?) U)l/2 .
The distribution function associated with fx|y is given by Fx |y (z) = 22 /y?

for 0 < z < y. Therefore the inverse cdf is given by F)Elly(u) = (y2u)1/2 = yu'/?

for 0 < u < 1. Therefore we can generate X given Y = y by generating U ~
Uniform|[0, 1] and putting X = yU'/2.

So we select x9. Then we generate Y ~ fy|x (-|zo), using the above al-
gorithm, obtaining y;. Next we generate X ~ fx|y (:|y1), using the above
algorithm, obtaining x;. Then we generate Y ~ fy|x (-|21), using the above
algorithm, obtaining y-, etc.

We can generate exactly from this distribution as follows. The marginal cdf
of Vis Fy (y) = y* for 0 < y < 1. Then the inverse cdf is given by Fy, " (u) = u!'/4
for 0 < u < 1. So we can generate Y ~ Fy by generating U ~ Uniform[0, 1] and
putting y = U'/%. Then we use the above algorithm to generate X ~ Ixiy (1Y)
Then we have that (X,Y) ~ Fx y by the theorem of total probability.

7.3.15 Suppose that the posterior expectation of 1) exists. Then by the theorem
of total expectation we have that

o
E(w|x1,...7xn):E(;|$1,...,xn)

(o
=E (; (I(=00,0) (1) + T(0,00) (1)) 1, mn)

g

(o
=F <;I(—oo,0) (,u) ‘131,-- .,ZEn) +E <;I(0,oo) (,u) |1'1,...,$n)

o
=F <E <;I(oo,0) (1) |U,x1,...,$n> |x1,...,xn>
o
+ FE <E (;I(Om) (1) |O’,.’E1,...7.'L‘n> |x17...,xn)

and reasoning as in Problem 7.2.24, we have that F (%I(foo,()) (1) |o,xq,. .. 736”)

= oo and B (1) (1) [ 0.1, = 00,50 B (1 | 21,.....3,) = 000
which is undefined.
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7.3.16
(a) Suppose the posterior expectation of g(6) is

9(0) fo(s)m(0)dO _ En {g(@)fg(s)}
JFo)m @8 [ g(0) 1o(s5)|

Buyo)lg(6)] = L

Hence, generate 61, ...,0,, from II and estimate the posterior expectation of

9(0) by -
% > iz190i) fo.(s)
% Z?il f9i (S)
(b) Whenever the posterior density is quite different then the prior density then

we can expect that this estimator will perform very badly, even though the
estimator in (a) will converge with probability 1 to the correct answer.

Computer Problems

7.3.17 We use the program in Appendix B for Example 7.3.2 to generate a
sample of 10* from the joint posterior distribution of (u, 02) .
The values of p are stored in C21 and the values of o2 are stored in C20.
The values of 4+ 0z.95 are stored in C22.
MTB > invcdf .25;
SUBC> normal O 1.
Inverse Cumulative Distribution Function
Normal with mean = 0 and standard deviation = 1.00000
P(X <=x) x
0.2500 -0.6745
MTB > let c22= c21 - (sqrt(c20))=*(0.6745)
MTB > let kl=mean(c22)
MIB > print ki
Data Display
K1 3.30113
The estimate of the posterior mean of p + 0z 95 is then 3.30113.

To estimate the error in this approximation we use the batching method
and for this we used the Minitab code given in Appendix B. For a batch size of
m = 10, we obtained the following standard error.

MTB > let kil=stdev(c2)/sqrt(1000)

MTB > print ki

Data Display

K1 0.0147612

For a batch size of m = 20 we obtained the following standard error.
MTB > let kl=stdev(c2)/sqrt(500)

MTB > print ki

Data Display

K1 0.0150728

For a batch size of m = 40 we obtained the following standard error.
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MTB > let kl=stdev(c2)/sqrt(250)

MTB > print kil

Data Display

K1 0.0151834

This leads to the interval 3.30113 4 3 (0.0151834) = (3.2556, 3.3467) that con-
tains the true value of the posterior mean with virtual certainty.

7.4 Choosing Priors

Exercises

7.4.1 The likelihood function is given by L (A|zy, ..., zn) = A*[] (1 +2;) .
The prior distribution has density given by 7 (\) = 8*X*~le=#* /' (a). The
posterior density is then proportional to A»t*~1] (1 + xi)_/\ e PN =
Ate=lexp (= AIn ([T (1 +2;))) e P = Atolexp [-A (In(JT (1 + ) + B)],
and so the posterior is a Gamma(n + a, In ([] (1 + ;)) + ) distribution. Hence,
this is a conjugate family.

7.4.2 The likelihood function is given by L (0[z1,....,x5) = 07"z, o) (0).
The prior distribution has density given by 7 (0) = 0~*Ij5.50) (0) / (a — 1) B~ 1,
where « > 1 and 8 > 0. The posterior density is then proportional to

L [P (0) 11,00) (0) = 9_"_af[max{m(n>7ﬁ}7oo), which is of the same form

as the family of priors and so this is a conjugate family for this problem.

7.4.3
(a) First, we compute the prior predictive for the data as follows.

2 2
S (1,1,3) = S 7(0)fo(1,1,3) = { %(%) +§(%)2%:1§§8 =1
0=1 3(3) +3(§) 8 T 1296

The maximum value of the prior predictive is obtained when 7 = 1, therefore
we choose the first prior.
(b) The posterior of 6 given 7 =1 is

1(1)3 .

Q) 2z g
m@|11,3)=q 0, "

S =5 0=

7.4.4 The posterior of 0 given 7 = 2 is

1(1)3
3ﬁ =1 0=a
mOILLD=1 300y,
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Therefore, by the theorem of total probability the unconditional posterior of 6
is given by

1 1
7(0]1,1,3) = 571 (0]1,1,3) + 57 (0]1,1,3)

132 | 116 160
55 + 558 = o2 0=a
=94 132 13 _ 13
{§E+§ = 2537 0 =0
7.4.5 The prior predictive for the model described in Example 7.1.1 is given by

1 —
Ma,p (1'1, ,:L'n) = ‘/0 I];((a——’_ﬁ)ganral (1 o 9)"(1*I)+571 do

a)T(B)
_Pla+p) I'(a+n) I (B+n(l—2))
()T (B) I'(a+ B +n) '

When n =10,n =7, = 1,3 =1 then

T@©@ T@®r@ 71
M @ T) = TR T () T 1820

When o = 5,5 = 5 then

( j_ _L00) raare)  ooam 1
M55 L T T T (5Y D (22) 44l 210 403104°

Therefore, using the prior predictive we would select the prior given by a =
1,8 =1 for further inferences about 6.

7.4.6 First, for ¢ > 0, [ fo(s)m(0) df < oo if and only if [ fp (s)cm (0) df <
oo Then assuming this the posterior density under 7r is given by 7 (|s) =

0)/ [ fo(s ) df = fo (s 0)/ [ fo(s)cm(0) df, and the result is
estabhbhed

7.4.7 The likelihood function is given by L (0|z1,...x,) = 0™ (1 — 9)"(1_@.
By Example 6.5.4, the Fisher information function for this model is given by
n/ {0 (1 —0)}. Therefore, Jeffreys’ prior for this model is /nf=*/2 (1 — 9)71/2 .
The posterior density of # is then proportional to #7*~1/2 (1 — 0)"(1_@_1/2
the posterior is a Beta(nZ + 1/2,n (1 — Z) + 1/2) distribution.

7.4.8
a) The likelihood function is given by 0~ "I, . .y (0). The posterior exists
[ (n),00)

. 0o _ . 9—n+1 o) _ x(::;+1
(9) df = fxm 07" d0 = —5H— vy = < 00,
and this is the case whenever n > 1. Therefore, the posterior exists except when
n=1.
(b) From Example 6.5.1 we have that the Fisher information does not exist and

so Jeffrey’s prior cannot exist.

SO

whenever [ 07" I1z(,),00)

7.4.9 Suppose the prior distribution is § ~ N(66,02). We choose a o2 for
the prior to satisfy P(0 € (40,92)) > 0.99. Since P(6 € (40,92)) = ®(26/0) —
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D(—26/0) =2P(26/0)—1 > 0.99, the standard deviation o must satisfy 26/c >
20.995 = 2.576. Hence we get o < 26/2.576 = 10.09. Equivalently, 02 < 101.86.

7.4.10 According to the description, we will find a prior § ~ N(u,0?) satisfying
P(@ < 5.3) = 0.5 and P(§ < 7.3) = 0.95. From P(0 < z) = ®((x — u)/0),
(5.3 —p)/o =zp5 =0 and (7.3 — pu)/o = zp.95 = 1.645. Hence, u = 5.3 and
0 = zp.95/2 = 1.216 is good if it also satisfies P(f > 0) > 0.999. Note that when
pw=>53and o =1.216, P( >0)=1—P(0 <0) =1—P(—p/o) = 0.9999935 so
this prior places little mass on negative values which we know are impossible.
7.4.11 Let the prior be § ~ Exponential(A). The prior also satisfies P(6 >
50) = 0.01. The probability P(6 > 50) = [ov Ae Mdf = — 2|02 = =50,
From e =% ~ 0.01, we have A = 0.092103.

7.4.12 The values g and «q are fixed after an elicitation. Then, the prior can
be specified as follows.

pleg ~ N(po, 0f)
1/02 ~ Gamma(ayg, 1).

Hence, the prior density of p can be obtained by marginalizing the joint density.
o0 1 (,u—uo)2> 1 (1)@0—1 ( 1) 1

= - _ . - — —Vd=

0= [ G (-5 ma () e (- )i

L Ay L o)y L
_(27r)1/2f(a0)/0 (ag> e ( 20+ )>da§

oo +1/2) (; , (=)t

T 22T (o) (1 T

Hence, (u — po)y/ao has a general ¢ distribution with parameter 2a which is
discussed in Problem 4.6.17.

Computer Exercises

7.4.13

(a) The prior predictive, as a function of « is given by mg, (21, ..., 2,) =

(ggio;))z F(?(+27;5_(106)+3) .ThenInmgy, (z1,...,2zn) = InT (2a)—2InT (a)+InT (o + 7)+
InT (e +3) —InT (2a + 10) . The plot of this function is given below.

log prior predictive

10
alpha
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Note that this graph does not discriminate amongst large values of a. Ac-
tually from the numbers used to compute the plot the maximum occurs around
7.4, but it is difficult to detect this on the graph.

(b) When nz = 9 the log prior predictive is plotted below. This is much more
discriminating.

log prior predictive

7.4.14 Using the equation in Example 7.4.3, a graph of the prior predictive
distribution is drawn below. The maximum is 0.0000035 at A = 2.32.

0.000004

0.000003

(0.000002

prior predictive

0.000001

(0.000000

T T T T T
u] 5 10 15 20
lambda

The Minitab code for the computation is given below.

# set the constants
let k1=20
let k2=5
name k1 "N" k2 "NXBAR"
# computation
set cl
1:2001
end
let c1=(c1-1)/2000%20
# to prevent the computation of gamma(0)
let c1(1)=c1(2)
# let c2=exponentiate(lngamma(2*cl)-2*1ngamma(cl)+1lngamma(NXBAR+c1)+
1ngamma (N-NXBAR+c1) -1ngamma (N+2*c1)
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let c2=1ngamma(2+*cl)-2*1lngamma(cl)+1ngamma (NXBAR+c1)
let c2=exponentiate(c2+1lngamma(N-NXBAR+c1)-1ngamma (N+2+*c1))
let c2(1)=0
let c1(1)=0
name cl "lambda" c¢2 "prior predictive"
plot c2x*ci;
connected;
nodtitle;
graph;
color 23.
%findmax cl c2
# the related macro "findmax"
macro
findmax X Y
mcolumn X Y c1 c2
mconstant k1 k2 k3 k4
# find maximum in Y and print the maximum Y at X
let kd4=count(Y)
sort Y X cl c2
let ki1=c2(k4)
let k2=c1(k4)
name k1 "at" k2 "maximum"
print k2 ki1
endmacro

Problems

7.4.15 First, if X ~ N (po, 73) , then the p quantile of this distribution satisfies
Ty = flo +Tozp , where z, is the pth quantile of the N (0, 1) distribution. There-
fore, once we specify two quantiles of the distribution, say x,, and z,,, we can
solve Ty, = po+T0%p,s  Tpy = Ho+T0%p, t0 Obtain 79 = (xp, — Tp,) / (2p, — 2ps)
and Ho = Tp, — (('7:171 - xpz) / (Zpl - sz)) Zp; -

7.4.16 From Exercise 6.5.1 the Fisher information is n/20*. Therefore, Jeffreys’
prior is given by 1/02.

7.4.17 We use the prior 1/02. The posterior distribution is proportional to
1\? ( n (@ )2) (n—1)s%\ 1
— | exp(—=— (T — exp| ——— | =
o2 P\7952 K P 202 o2

() o ey (252) (1)

So the posterior distribution of (y, o) is given by p|o?, 21, ..., , ~ N(Z,02/n)
nis n—1.2)

and 1/0% | z1, ...z, ~Gamma(2$3, 25
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7.4.18
(a) The joint density of (u, X1,...,X,) is given by

- 1
2 2 1/2 o _ 2
(2773) exp 272 (1 —po)” | x

—n/2 n—1 n o, _ 2
(2mog) exp (— 207 82) exp <_TC(Q) (T —p) ) .

To calculate m(z1, ..., x,) we need to integrate out p. Using (7.1.2) we see that
this integral equals

2\—1/2 on—n/2 (1 n\ n—1,
(27r70) (27r00) (—2 + —2> exp < 502 S ) X

70 9% 0

-1 2 2 =2
1/1 n Lo n _ 1 fpg nx
ex"<2 <To2+aa) (73%3"”) >p< 2(%* 73

(b) We have that (Xi,...,X,) given p is a sample from the N (u,03) and
w~N (u, Tg) . So we can generate a value (Xi,...,X,) from m by generating
w~N (ﬂo; Tg) and then generating Xq,...,X, i.i.d. N (u, 0(2)) .

(¢) No, they are not mutually independent, for we can write X; = u + 00Z;,
where Z1,...,2Z, are iid. N(0,1) and p = po + 70Z where Z ~ N(0,1)
independent of Z1,...,7Z,. Therefore, F(X;) = E (o + 702 + 00Z;) = po +
70E (Z) + 0oE (Z;) = po, and when i # j,

Cov (X, X;) = E((po + 102 + 00Z; — o) (o + 102 + 00Z; — 10o))
=F ((T()Z + UQZ') (TQZ + U()Zj)) =F (TgZQ + UOTQZZj + 09104 Z; + O'(Q)ZlZJ)
=T10E (Z2%) + 0010E (Z) E(Z;) + 0010 E (Z) E(Z;) + 00 E (Z;) E(Z;) =75 # 0

and so they are not independent.

7.4.19 The joint posterior distribution of (Xl, vy X, 1/02) is proportional

_ At
2

to (F)n/QH [1 + = (—&)2] 0—12 Following Example 7.3.2, we intro-

duce the n latent or hidden variables (Vi,...,V,,), which are i.i.d. x?()\) and

suppose X;|v; ~ N (u,0%)\/v;) . With the same prior structure as before, we

have that the joint density of (X1,V1),...,(Xn,Vs),u,1/0? is proportional
n A,l

to (Z)2 [1i exp (7271;’27 (z; — ,u)2) v? Zexp (—%) (i) From this we have

that the conditional density of y is proportlonal to exp{ - S )y 5 (w4 M)Q},

which is proportional to exp {—5tz (31, ) p? + 522 (ZZ L5 } From
this we immediately deduce that

-1, ., " ~1
A s s
2 i i 2
wlx1, . Ty U1, Uy, 00 ~ N ( > ( X:EZ)’(E X) o
i=1 i=1 i=1

M-
S
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The conditional density of 1/0? is proportional to

(%)EH exp{—3 (Z?:l S (i — ,u)Q) 24} and we immediately deduce that

1/02|@1,..., @y, U1,...,Up, pp ~ Gamma(Z +2, $ 37 | % (z; — 1)%). The con-
A

ditional density of V; is proportional to v;? zexp{—rBziAfu)2/202A4#1/2 v },

50 V; ‘xlv ceey Ty Uy e ooy Vi1, Vig1,y -+ - Un,y Wy 02 ~ Gamma(%"_%a %((ml - /1’)2 /02)‘
+1)).

Computer Problems

7.4.20 First, note that the posterior distribution of (,u, 02) S| 02,21, .y ~

N (3.825, g—o) plo? @, an~N (3.825, %) and 1/02 | 21, ...an ~

Gamma(11.5,10.75) . We modified the Minitab program in Appendix B for Ex-

ample 7.3.1 as follows.

gmacro

normalpost

note - the base command sets the seed for the random number
generator (so you can repeat a simulation)

base 34256734

note - the parameters of the posterior

note - k1 = first parameter of the gamma distribution = (n+3)/2
let k1=11.5
note - k2 = 2/(n-1)s**2

let k2=1/10.75

note - k3 = posterior mean of mu

let k3=3.825

note - k4 = 1/n

let k4=1/20

note - main loop

note - c3 contains generated value of sigma**2
note - c4 contains generated value of mu

note - cb contains generated value of coefficient of variation
do k5=1:10000

random 1 ci;

gamma k1 k2.

let c3(k5)=1/c1(1)

let k6=sqrt(k4/c1(1))

random 1 c2;

normal k3 k6.

let c4(k5)=c2(1)

let c5(k5)=sqrt(c3(k5))/c4(k5)

enddo

endmacro

A density histogram of the sample of 10* from the posterior distribution of
¥ = o/u is given below.
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Challenges
7.4.21 The likelihood function is given by

L(p, 0% | x1,...p) = (2%02)_n/

The log-likelihood function is then given by
2 n n 2 n(Z— N)2 n—1,
W, 0% |21, .ctn) = —5 In (27) — 3 Ino® — 557 9p7 S -

Using the methods discussed in Section 6.2.1 we obtain the score function as

25 (T —p) )

follows
S(u,0?|x) = n 7 n
(. ") (—w+m(x—u)2+#82

The Fisher information matrix is then given by

n -2 —or (@ —p)
I(Nao—)__E(MaU2)(_%(j_ﬂ) #—U—%(.’E—MQ—%S2 )

(= 0 _( 0
0 mrdat ) 7LD )
Jeffreys’ prior is then given by
1/2 n
det I(n, )" = (G5) = .
(det 1(u.0%) " = (S o) = 2

Note that this is different then the prior used in 7.4.12.






Chapter 8

Optimal Inferences

8.1 Optimal Unbiased Estimation

Exercises

8.1.1 We have that L(1]|-) = (3/2) L(2] -) and so by Section 6.1.1 T is a sufficient
statistic. Given T' = 1, then the conditional distributions of s are given by the
following table.

s=1 s=2 s=3 s=4
— /3 _ 2 /6 _ 1
fa(s|T =1) 1/371/6 —3 1/3J/ri/6 3 0 0
. /2 2 1 1
fo(s|T=1) 1/2+1/4 — 3  1/241/4 — 3 0

We see that these are the same (i.e., independent of ). When T = 3 the

conditional distributions of s are given by

s=1 s=2 s=3 s=4
fa(s|T =3) 0 0 1 0
fr(s|T =3) 0 0 1 0
and when 7' = 4 the conditional distributions are given by
s=1 s=2 s=3 s=4
fa(s|T =4) 0 0 0 1
fo(s|T =4) 0 0 0 1

and these are also independent of 6.

8.1.2 Using Var(z) = E (2?) — (E(z))?, Var(z)

>:E(z— =3 B () )

i=1

(x)/n we have that

n

E (Z (zi — )

i=1

=nFE (x%) - (n—1)o?
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and the result follows. This estimator will be UMVU whenever (a‘:,sz) is a
complete sufficient statistic for the class of possible distributions that we are
sampling from.

8.1.3 From Example 8.1.3 we know that Z is a complete sufficient statistic.

Therefore, any function of is a UMVU estimator of its mean. We have that

E(z?) = p? + 03/n and so 7% — 03 /n + 02 = 2% + (1 — 1/n) 63 is UMVU for
2 2

w4 og.

8.1.4 We have that E (T 4 09z.25) = E(Z) + 0oz.25 = it + 0¢z.25. Since T is

complete this implies that  + 0gz.25 is UMVU.

8.1.5 This is a UMVU estimator of 5 + 2.
8.1.6 We have that E (Z) = 0 and since Z is complete it is UMVU for 6.

8.1. 7 We have that the mean of a Gamma(ozo7 B) random variable is given by

(XU (o] ) _
fo Bz)ro?, —Brpdy = IR ao) fo (Bx)* e P*Bdr = BF(‘E;) = 3.
Therefore z/ ao 1S an unbiased estimator of 57!, and since Z is complete, this

implies that Z/ag is UMVU.

8.1.8 The likelihood function is given by L (z1,...,z,|0?%) =
072" exp {_TiZ S (wi— MO)Q} . By factorization (Theorem 6.1.1),

S (@ — p10)? is sufficient. Further, E,» (ZZ 1 (@i — o) ) =no?, so
ntY L (- pi0)? is unbiased for o2. Since this sufficient statistic is complete,
we have that n=* Y1 | (2; — p10)? is UMVU for o2.

8.1.9 The parameter of the interest is ¢ = P((—1,1)). The statistic I(_q,1)(X1)
is unbiased because E[/(_11)(X1)] = P(X; € (—1,1)) = 1. Example 8.1.5 says

U = (Xa),--.,X(n)) is a complete minimal sufficient for the model. Hence,
T = E[l(—1,1)(X1)|U] is the UMVU estimator by Theorem 8.1.5. By sym-
metry B[l 1)(X1)|U] = -+ = E[I(_11)(Xn)|U]. Since 370, I—1,1)(X¢ ))

By Iy (X@)IU] = B[RS I—1,0)(Xi)|U] = nE[I—1,1)(X1)|U] =
the UMVU estimator T is n™ 1 Y"1 | Ii_y 1)(X5).

8.1.10 Let X4,...,X, be a random sample. The parameter of the interest is
Y = p? and E[X1X5] = E[X1]E[X32] = p?. Hence, X; X5 is an unbiased esti-
mator of ¢ = p?. As in Example 8.1.5, the order statistic U = (Xays - X))
is complete and sufficient. By the Lehman—Scheffé theorem, T' = E[X; X5|U] is
UMVU. Then via symmetry

is the UMVU estimator.
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8.1.11 Yes, T will still be UMVU because it is the only unbiased estimator, due
to completeness of the order statistic in the family of all continuous distributions
with first moment.

Problems
8.1.12 The likelihood function is given by L (x1,...,2,|0) = 0~™ whenever

0 > x(,) and 0 otherwise. Therefore, when we know z(,,) we know the likelihood
function and so w(,) is sufficient. Then x(,) has density given by 0 "nx" ! for

0O<zx<bBand E (:E(n)) = foe 0~ "nx"™ dx = % :r"+1|g = nLHG. So ":1$(n) is
UMVU for 6.

8.1.13 We have that the joint conditional probability function of (x1,...,z,)
given nx is

f[laf (1—0)" { <n’l> o (1 — 9)”‘”} =1/ <n’l>

This is the uniform distribution on the set of all sequences of 0’s and 1’s of
length n that have nz 1’s.

8.1.14 We have that

(0 — aar — (1 — @) az)® = 6% — 20 (cay + (1 — @) az) + (as + (1 — @) az)’

—a@—a)’+1—a)@—a)’ —ad?—(1—a)d + (ea + (1 —a)as)?
—al@—-a)’+1-a)l—a)’—a(l—a)d® —a(l—a)a?+a(l—a)2aa
—a@—a)’+(1-a)(0—a)’—a(l—a)a —a)’
<a@—a)’+(1—a)—a)’.

Then by Jensen’s inequality we have that MSEy (T) = E¢((T — 1 (0))?) =

Eo(Ep( 0y (T =9 (0))*) = Eo((Ep(. 0y (T) — ¢(0))") = MSE; (Tyy).
8.1.15 We have that
_ r+y r+y=>0
sril={ {52, STYZ0 <kl

for any x,y. Therefore,
0 —aa; — (1 —a)as| = |a(0 —ar1) + (1 — ) (0 — a2)|
<la(0—a)|+[(1—-a)(0—az)| = al0 —ar[+ (1 —a) [0 —as].
Then by Jensen’s inequality Ey (|7 — 1 (0)]) = Eo (Ep. vy (T —v (0)])) >

Ey (|Ep. 0 (T) — 1 (0)]) = By ([Ty — 1 (0)]). B
8.1.16 We have that

2
MSE(,,02) (¢5%) = Eu.0) ((082 - 02)2) = 0" By,02) (((—C)X - 1> >




232 CHAPTER 8. OPTIMAL INFERENCES

where X = (n — 1) s%/0? ~ x*(n—1). So E(,, »2) (X) = n—1 and Var, ,2) (X) =
2(n — 1), which implies B, 52) (X?) =2(n — 1) + (n — 1)*. Differentiating the
above expression with respect to ¢, and setting the derivative equal to 0, gives
that the optimal value satisfies

1
n—1

E(02)(X)=0

or
(n—1) - n—1

2n—1)+(n—1)> n+1l

=(n-1)

We have that the bias equals

2
E(uo2) (cs?) —0? = (c—1)0® = (Z+ 1 - 1> o? = ;3_0102.
8.1.17 Suppose that ¢ is a function such that Ey (c(U)) = 0 for every 6.
Then Ey (¢ (h(T))) = 0 for every 6, and the completeness of T implies that
Py ({s:c(h(T(s))) =0}) =1 for every 8. Now suppose u is such that ¢ (u) # 0.
Then Py (U =u) =Py (h(T) =u) =Py (T =h""(u)) =
Py({s:T(s) =h™"(u)}) = 0 since c(h(T(s)) = c(u) for s in
{s:T(s)=h""(u)}. This implies that U is complete.

8.1.18 We have that X = (n — 1) s? /0% ~ x?(n—1) = Gamma((n — 1) /2,1/2)
and so

2

212 png-l 1 2121 (%
-~ @) e T

o (07) = [ ()7 e
)

Therefore, (n — 1)1/2 I (251) s/2/2T (2) is an unbiased estimator of o. Since
it is a function of the complete sufficient statistic, it is UMV U.

8.1.19 From Problem 8.1.18 we have that Z+(n — 1)/ T (251) 5 2.05/21/2T (2)
is an unbiased estimator of the first quartile. Since it is a function of a complete
sufficient statistic, it is UMVU.

8.1.20 The likelihood function is given by L (x1,..., 2, |p) =
exp {—n (Z — p)° /208} for o € {1, po} . Clearly, given T we can determine the

likelihood function so Z is sufficient. Now the log-likelihood function takes the
values —n (Z — p1)* /202 and —n (T — p2)? /202, which give

—n(z =) n(@—pe)® oz (- p) 0 (] - p)

2 2 2 2 ’
20§ 20¢ og 20§

so we can determine Z from the likelihood, and Z is a minimal sufficient statistic.
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Now supposing p; < pe, we have that

ot <2 <o) =5 (G < S < )
:@(“2_“)_¢(M1—M): @(%)—@(0) = p

oo/v/n o0/V/n 2(0)-®(L2) =y

and, since ® (%) =1-® (g;;\’;%) , we see that this probability is inde-

pendent of p € {p1, 2} . Now I, ) (T) is unbiased for P, (1 < T < p2) and
therefore I(,,, ,.,) () — P, (p1 < Z < p2) is an unbiased estimator of 0 that is
not 0 with probability 1. Therefore, Z is not complete.

8.1.21 The log-likelihood function is given by —n (z — ) /202, so

S(p|x1,...,xn) =n(Z —p)/os. Then S’ (p|z1,...,2,) = —n/o, so I (n) =
n/od. Since ¥ (1) = p? + oF, then ¢’ (1) = 2 and the information lower bound
for an unbiased estimator is given by 4u202/n. The estimator that obtains this

2 _
lower bound is given by p? + o2 — QN%Q% = —2uZ + 3u? + o, which is
0

not equal to the UMVU estimator obtained in Exercise 8.1.3. Therefore, the
UMVU estimator cannot obtain the lower bound.

8.1.22 The log-likelihood function is given by I (8| z1, ..., 2,) = nagln f—GnZ,
so S (B|x1,...,2n) =nag/B—nz,S" (B|z1,...,7,) = —nag/B?, which implies
I(B) =nag/B?. Since ¥ (B) = 71,9 (8) = —B~2 the information lower bound
for unbiased estimators is given by (1/38*) (8?/nag) = 1/nagB?. Note that
by Exercise 8.1.7 /g is UMVU for 371 and this has variance ag/na3s? =
1/nap3?, which is the Cramer-Rao lower bound.

8.1.23 The log-likelihood function is given by I (0| z1,...,z,) =

nln@+ (0 —1)>" Inz;, s0 S (0]z1,...,2,) =

n/0+> " Inz;, S (B|z1,...,2,) = —n/6? which implies I (8) = n/6?. Since
¥ () = 0,9 (8) = 1 the information lower bound for unbiased estimators is
given by 62 /n. This is attained by the estimator 6 + % (2 +>0  Inz;) =20+

& Z?:l In x;. Since this depends on 6, this implies that any UMVU estimator,

n
if it exists, cannot have variance at the lower bound.

8.1.24 The definition of completeness is Fy[g(T)] = 0 for all § € Q implies
Py(g(T) = 0) = 1 for all # € Q. To be a complete statistic for a submodel
Qo C Q, T must satisfy that Ep[g(T)] = 0 for all § € Qg implies Py(g(T) =
0) = 1 for all 8 € Q. Hence, the restriction is shrunken from 2 to Q. This
smaller restriction may cause incompleteness of 7. For example T = (X, S?)
is complete for N(u,0?) model as in Example 8.1.4. If we consider the model
Qo = {N(6,6%) : 6 > 0} C Q, the statistic T is not complete because Eg[nX? —
(n+1)S?] = 0 even though Py(nX? — (n+1)5% =0) = 0.

8.1.25 Let Q2 be a submodel of Q. Assume that for a Borel set B, Py(B) =0
for 6 € Q if Py(B) = 0 for § € Qy. Suppose T is a complete statistic for the
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submodel Q. Suppose there is a function g such that Ep[g(T")] = 0 for all § € Q.
Since Qg C Q, Ep[g(T)] = 0 for all § € Q. The completeness of T' in ) implies
Py(g(T) =0) =1 for all 0 € Qy. Let B = {g(T) # 0}. Then Py(B) = 0 for
all @ € Qg. Thus, Py(B) = 0 for all § € Q by the assumption. Therefore T is
complete for the model Q as well.

Challenges

8.1.26 We can assume that ¢ = 0 (or else replace X by Y = X —c¢). We have that
X(5) = X(5)—oo—1) (X(8)) + X(8)Tj1. (X(8)) + X(5)](1.09 (X(s)) . Then
B(X) = B (X (X)) + B (XI_11 (X)) + B (XI1 ) (X)) and —1 <
E (Xl[fl,l] (X)) < 1. AAISO7 E (XQ) =F (XQI(,OO,,U (X))+E (XQI[,LU (X))+
E (X?I(1,50) (X)) , and each term in this sum is nonnegative (possibly infinite).
Now suppose E (XI(LOO) (X)) = 00. Then, when X > 1, we have X? > X
and so F/ (XQI(I)OO) (X)) > E (XI(l,OO) (X)) =o00.If F (XI(—oo,—l) (X)) = —00
then, when X < —1, we have —X? < X, s0 E (—X%I(1 o) (X)) <
E (XI(LOO) (X)) = —oo, which implies F (X2I(17oo) (X)) = oo. In both cases,
we have that F(X?) = oo.

8.1.27 The log-likelihood function is given by I (8| z1, ..., 2,) = nagln f—FnZ,
so Z determines the likelihood and as such is sufficient. Now S (8] x1,..., %)
= nay/B — nZ, and, setting the score function equal to 0, we obtain the MLE
of B as ap/Z, so we can also obtain Z from the likelihood. This implies that &
is minimal sufficient.

We know that Z ~ Gamma(nag,nS). We will present the argument when
n = 1 and the proof is the same for n > 1.

Now suppose h is such that Eg (h (X)) = 0 for every 8 > 0.

Suppose that A > 0. Then this implies that fooo h(z)z* te 5% dx = 0 for any
B, but since the integrand is nonnegative, this can only happen when h(z) = 0.
Similarly if A < 0.

Now write h = hT—h~ where A () = max{0, h(x)}, h~ () = max{0, —h(z)},
and we must have [ ht(z)z* te " dx = [ h™(x)a* e P* dx. This im-
plies [ ht(z)z"te ™ dz = [;° h~(z)z* 'e~* dz. Now suppose h™ > 0 and
h~ > 0 on subintervals of (0,00). Note they cannot both be nonzero on the
same subinterval. Then we have that

Jo e et (@)a e de [0 e PTITRT (2)a e da

JoS bt (z)ze—te " du - IS b (z)ze e da

ormy (8—1)=m_ (8 —1) for every 8 > 1, where m, is the mgf of the distri-
bution on (0,00) with density given by h*(z)a* te=*/ [[¥ T (z)z* te " dx,
and m_ is the mgf of the distribution on (0, c0) with density given by
h=(z)z® e/ [0 h™(x)z* e~ dx. But the equality of the mgf’s implies the
equality of the distributions (Theorem 3.4.6), and these distributions are con-
centrated on disjoint subsets, so we have a contradiction to the supposition that
h* > 0 and h~ > 0 on subintervals of (0,00). This implies that At = h~ =0
and so h = 0.
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8.2 Optimal Hypothesis Testing

Exercises

8.2.1 The ratio f,(s)/fa(s) has the following distribution when 6 = a :

Po (fo(s)/fa(s) =3/2) = Po({1,2}) = 1/2, Po (fo(s)/ fa(s) =2) = Po ({3}) =

1/12, and P, (fo(s)/fa(s) =1/5) = P, ({4}) = 5/12.When « = .1, using (8.2.4)

and (8.2.5), we have that ¢o = 3/2 and v = ((1/10) — (1/12)) / (1/2) = 1/30.

The power of the test is P, ({3}) + P, ({1,2}) /30 =1/6 + (3/4)/30 = 23/120.
When o = .05 we have that ¢g = 2 and v = ((1/20) — 0) / (1/12) = 3/5.The

power of the test is P, ({3}) (3/5) = (1/6) (3/5) = 1/10.

8.2.2 Such a test completely ignores the data and so makes no use of any
information that this provides about the true value of 6. The power of such a
test is clearly 1/20, and this is smaller than the power 1/10 of the optimal size
.05 test derived in Exercise 8.2.1.

8.2.3 By (8.2.6) the optimal .01 test is of the form (using z.g9 = 2.3263)

1 > 1+ ¥22.3263 1 7> 2.0404
po (T) = . =
— 2 —
0 T < 14 4223263 0 Z < 2.0404.
8.2.4

(a) Let C' be the 0.975-confidence interval for p. Then, P,(C) = 0.975. The
size of the test is the rejecting probability of Hy. Hence, the size is a = Py(0 ¢
C)=1— Py(C) =1 - 0.975 = 0.025.

(b) The confidence interval C'is [Z — zg.0875/v/20, & + 20.0875/V/20]. Since & ~
N(6,1/20) if € is true, the power function is given by

B(0) = Py(0 & C) = Py(T < —20.0875/V20 or T > 20.9875//20)
= O(—(20.9875 + 0)/V20) + 1 — ®((20.9875 — 0)/v/20).
8.2.5
(a) Since Pp(X > 1) =0 for all § < 1, the size o = supgepr, Po(X > 1) = 0.
(b) Suppose 6 > 1. The power function is 3(f) = Pp(X > 1) = ff(l/@)dw =
1-1/0.
8.2.6 The power is too low to confidently say that Hy is true. A small power

indicates that we have a low probability of detecting practically significant de-
viations from 0 with this test.

8.2.7 The test is Hy : 4 = 0 versus H, : u = 2. Hence, the UMP size « test has
the rejection region ¢y /y, (% — 2)/¢1/n (%) = exp(2n(T — 1)) > k,. The rejection
region is equivalent to & > k., for some k/, > 0. Since a = Py(z > k) =
1—®(\/nk!) =1 — ®(21_,), the critical point is k), = 21_o/v/n. The power
function is given by
B(2) = P(T > k) = Po(T > 21-0/vVn) =1 — ®(21_4 — 2¢/n) > 0.99
= 1 — @(2’0,01).
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The solution is
n > (21— — 2001)%/4 = (2005 — 20.01)%/4 = (1.6449 — (—2.3263))? /4 = 3.9426.

Hence, we need at least n = 4 samples.

8.2.8 What we care in optimal hypothesis testing theory is type I and II errors,
i.e., significance level and power function. Hence, we must ignore the difference
of two test procedures whenever two tests have the same significance level and
the same power function.

8.2.9 Suppose we have two size « test functions ¢ and ¢’ for this testing prob-
lem, with corresponding power functions 3, and §,/. Since ¢ is UMP we must
have that 5,(0) > S, for all @ > 0. This implies that the graph of 3, lies above
the graph of £,.

Computer Exercises
8.2.10 The power 3(0) is given by

B(6) = BolIn(X) = Po(X € R) = 3 (“) 671~ o)

The result is given by the following table.

9] 0 1/8 2/8 3/8 4/8 5/8 6/8 7/8 8/8
5] 1.000 0639 0248 0.101 0.172 0.384 0.532 0334 0.000

The Minitab macro for the computation is given below.

macro
solution
mcolumn c7 c8 c9 c10
mconstant ki1 k2
set c7
01738
end
set c8
1:9
end
let c8=(c8-1)/8
do k1=2:8
let k2=c8(k1)
pdf c7 c10;
binomial 10 k2.
let c9(k1) = sum(c10)

enddo
let c9(1) =1
let c9(9) =0
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name c8 "theta" c9 "power"
print c8 c9
endmacro

8.2.11 We use notations in Example 8.2.1 with 02 = 1. The choice of o2 does
not make any difference except the scale of p, ie., B,2(n) = Bi(oop). The

rejection region is given by R = {(z1,...,%,) : |Z — po| > 21_qa/2/y/n} where

o = 0. The power function is

5(:“’) = E#IR((XD cee aXn)) = P#(R)

= PH(‘)_( > Zlfa/g/\/ﬁ or X < —Zlfa/g/\/’ﬁ)
=1—®(z1_q/2 — pv/n) + B(—21_a/2 — pV/n)
= ®(—21_qa/2 + V1) + ®(=21_a/2 — p/n).

The graph of the power functions is drawn below.

1.0

0.8+

0.6

power

044

0.24

Wariable
n=1

— — n=d
n=10
— - =20
n=100

004,

The Minitab code for this graph is as below.

%solution 0.05
# the corresponding macro "solution.mac"
macro

solution ALPHA
mcolumn cl c2 ¢c3 c4 cb c6 ¢c7 c8 c9
mconstant ALPHA k1 k2 k3 k4 k5 k6 k7 k8
# ALPHA is the significance level alpha
set cl

1:2001
end
let c1=(c1-1001)/1000%7
let k2=1-ALPHA/2

invcdf k2 ki1;
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normal 0 1.

# n=1

name k2 "N"

let N=1

let c7=-kl+cl*sqrt(N)
cdf c7 c8;

normal O 1.

let c7=-kl-cl*sqrt(N)
cdf c7 c9;

normal 0 1.

let c2=c8+c9

# n=4

name k2 "N"

let N=4

let c7=-kl+cl*sqrt(N)
cdf c7 c8;

normal 0 1.

let c7=-kl-clx*sqrt(N)
cdf c7 c9;

normal 0 1.

let c3=c8+c9

# n=10

name k2 "N"

let N=10

let c7=-kl+cl*sqrt(N)
cdf c7 c8;

normal 0 1.

let c7=-kl-cl*sqrt(N)
cdf c7 c9;

normal O 1.

let c4=c8+c9

# n=20
name k2 "N"

let N=20

let c7=-kl+cl*sqrt(N)
cdf c7 c8;

normal O 1.

let c7=-kl-clx*sqrt(N)
cdf c7 c9;

normal O 1.

let cb=c8+c9

# n=100
name k2 "N"

let N=100

let c7=-kl+cl*sqrt(N)
cdf c7 c8;

CHAPTER 8. OPTIMAL INFERENCES
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normal O 1.

let c7=-kl-cl*sqrt(N)
cdf c7 c9;

normal O 1.

let c6=c8+c9
name cl "mu" c2 "n=1" c3 "n=4" c4 "n=10" c5 "n=20" c6 "n=100"
plot (c2-c6) * ci;
nodtitle;

connect;

graph;

color 23;
overlay.
endmacro

(a) The power is increasing at any fixed parameter p as the sample size n is
increasing.

(b) A test ¢ is unbiased if 8(0) > « for all § € H,. Since all power functions
are above 0.05, all tests are unbiased.

Problems

8.2.12 From the argument in the text we have that (8.2.7) is UMP size « for
Hy : p = po versus H, : p = py for some p3 < pp. Since the test does not
depend on py, this says that (8.2.7) is UMP size « for Hy : p = pg versus Hy, :

p < po. Now the power function is given by S, (1) = P, (f < po + %za) =

P, (% < % + za) =® (7‘0’“’71/% + za) . Note that this is decreasing in p.
This implies that g is a size « test function for Hy : p > pg versus Hy @ i < pg.
Observe that, if ¢ is a size « test function for Hy : p > po versus H, : p < o,
then it is also a size « test for Hy : p = po versus H, @ p < po. From this we
conclude that g is UMP size o for Hy : p < po versus Hy @y > po.

8.2.13 We have that Ey (¢) = « for every 6, so it is of exact size . For this
test, no matter what data is obtained, we randomly decide to reject Hy with
probability a.

8.2.14 Suppose that ¢q is a size @« UMP test for a specific problem and let ¢
be the test function of Problem 8.2.13. Then for § such that the alternative is
true we have that Fy (¢9) > Ep (@) = a, 80 ¢g is unbiased.

8.2.15 The likelihood function is given by L (8 | 21, . .., x,) = 8" exp {—fnZ} .
Therefore, we reject Hy : 8 = By versus H, : § = 31 whenever

T4 exp{—pinz} /By exp {—HonT} > co or, equivalently, whenever
(Bo — 1) nZT > nag (Bo — P1) + Ineg or, since Gy < 1, whenever nZ <
(noo (Bo — B1) +1ncg) / (Bo — B1) . When Hj is true we have that nX ~
Gamma(nayg, 8o), so with z1_4 (8o) denoting the (1 — a)th quantile of this dis-
tribution, the UMP size « test is to reject whenever nZ < x,, (fp) -

Since this test does not depend on fi, it is also UMP size « for Hy : 8 =

Bo versus H, : 8 > By. Now observe that when X ~ Gamma(a, ), Z =
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BX ~ Gamma(a, 1). Therefore, Pz (nZ < z1-4 (80)) = Ps (nT < Bzo (Bo)) =
Py (Z < Bz (Bo)) , where Z ~ Gamma(a, 1) . The above implies that the power
function is increasing in 5. Therefore, the above test is size a for Hy : 8 < By
versus H, : B > [y. Now suppose ¢ is also size « for Hy : § < [y versus
H, : 8> Po. Then ¢ is also size a for Hy : § = By versus H, : B > [y and so
must have its power function uniformly less than or equal to the power function
for the above test when 8 > fy. This implies that the above test is UMP size «
for Hy : B < By versus H, : 5 > [g.

8.2.16 Without loss of generality, assume jg = 0. Then for Hy : 0% = o2 versus
H, : 0? = 02, the UMP size « test rejects Hy whenever

—2
L(O’%|,’I}1,...,$n) 01 neXP{*ﬁZ?:1$z2}
L(of|x Tn)  o-2n L~ o
5lT, .., Ty o exp{—mzizlxi}

or, equivalently, whenever n (0§ — 0?) + 3 (L - %) > a? >1Inc or, using

08 < o, whenever
1 2 /1 1\!

2 2 2
—gx->— — - — Incg —n (o5 —o7)).

Under Hy we have that 2 > 27 ~ x?(n), so the test is to reject when-
0

ever Ui% S x? > x1_q, where x1_, is the (1 — a)th quantile of the x? (n)

distribution. Since the test does not involve o7, it is UMP size o for Hy :

02 = o versus H, : 0® > 03. The power function of this test is given by

2 2
P> (Ul8 S a? > xl_a) = P (% S a? > %ml_a) =P (Z > %xl_a)

where Z = (3, 2?) /o ~ x*(n), so the power function is increasing in o2.

This implies that the above test is of size a for Hy : 0% < 02 versus H, : 02 > 03.
Now suppose ¢ is also size o for Hy : 0 < 03 versus H, : 02 > 03. Then ¢ is
also size a for Hy : 02 = 08 versus H, : 02 > 03 and so must have its power
function uniformly less than or equal to the power function for the above test
when o2 > ¢2. This implies that the above test is UMP size a for Hy : 02 < 02

versus H, : 0% > 03.

8.2.17 For Hy : 0 = 6, versus H, : 0 = 0, the UMP size « test rejects Hy when-
ever L (01|, ..., 2n) /L (00|21, .. 20) = 07" L0,0,) () /05 " L(0,00) (2(n)) >
co or, equivalently, whenever I g,) (a?(n)) /1(0,60) (x(n)) > 0y "co/07". So we
reject categorically whenever x(,) > 6y because the likelihood ratio equals oo.
When 0 < z(,) <1 the likelihood ratio equals 6, " /6y ™. This implies that the
UMP size « rejects whenever the likelihood ratio is greater than ;" /6™ (i.e.,
equals 0o) and otherwise we randomly reject with probability « (i.e., when the

likelihood ratio does not equal o).
Note that the above test does not depend on 6, and so is UMP size « for Hy :

0 = 0y versus H, : 0 > 0y. Further, if § < 0y we have that Py (% < oo)
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= 1, so the above test has size « for Hy : 8 < 6y versus H, : 8 > 6y. Now sup-
pose ¢ is size « for Hy : 0 < 6y versus H, : 6 > 6y. Then ¢ is also size a for
Hy : 0 =0y versus H, : 0 > 6y and so must have its power function uniformly
less than or equal to the power function for the above test when 6 > 6y. This
implies that the above test is UMP size « for Hy : 6 < 0y versus H, : 6 > 6.

8.2.18 Suppose X ~ Binomial(n, ) and put

. F (Tl =+ 1) 1 T n—xr—1
F(z)_F(:c—&-l)F(n—x)/g y (1=y) dy-
So F(0) = roritts [y v* (A —9)" iy =n [ (1 —y)" dy=(1-0)"

=PX = ) Using 1ntegrat10n by parts we put u = y®, giving du = zy* ! and
dv=(1—y)""""" givingv=—(1-9)"""/(n—x), so that

— F(n+1) ! x o n—xr—1
F(x)_F(a:—&-l)l"(n—x)/g y (=) dy
B F'(n+1) L=y " ' x ! S
S T(z+1)T(n—2) - n—ax n—x/g v (1-vy) dy

- (D SRS (x)rr<(7;z+_1£ ey /9 y =y dy
=P(X =z)+ F(z - 1).

Continuing this recursively establishes the result.

8.2.19 Let X ~ Poisson()\) and put F(z) = & [“y"e ¥ dy. Then F(0) =

=l I
é f;o e Ydy = eV = P(X = 0). Using integration by parts with u = 3*,
giving du = zy® !, dv = e Y, giving v = —e ™Y, we have that

1 z  —y | Oom’lfy /\zi)\
F(z):; —y%e ’)\ +x A Y dy = +F(z-1)

=PX=x)+F(z—-1).
Continuing this recursively establishes the result.

8.2.20 The UMP size « test for Hg : A = A\g versus Hy : A = A1 is of the form

L(/\1 |£C1,...,.’En) _ ()\1)7”:6 e~ M
L()\0|ZL'1,...,.T") ()\O)nz e_AO

> Co

or, equivalently, whenever nZ (In Ay —InXg) > (A1 — Ag) Incp, and since A; >
Ao, this is equivalent to rejecting whenever nz > (A1 — Ag) Incg/ (In Ay — In Xp) .
Now recall that nZ ~ Poisson(n\g) under Hy so we must determine the smallest
k such that Py, (nZ > k) < a and then put v = (o — P, (n% > k)) /Py, (nZ = k).
Since this test does not involve A1, it is UMP size « for Hy : A = /\0 versus Hy :
A > Xg. From Problem 8.2.19 we have that P (nz > k) <1 — & [ y"e ¥ dy,
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and we see that this is increasing in A. Therefore, this test is UMP size « for
Hy : X< )Xy versus Hyg : A > \g.

8.2.21 When Hy : i = pp holds, the log-likelihood and score functions are given
by I (z1,...,2n]0%) = —nlno? — s >0 (x —MO)Q,S(ml,...,xn|02) =
—Z + 5L 3" (@ — ). Then S (21,...,2,]0%) = 0 leads to the MLE
L, = Mo, 6%0 =15 (v M0)27 and the maximized log-likelihood equals
I(z1,...,2,|06%,) =nlnn—nln} " (2 — o) — 1.

When H, : i1 # po holds, the log-likelihood function is given by
U(zy,... a0 | p0%) = —nlno? — 55 30 | (x — ).

By Example 6.2.6 the MLE is given by i = 2,62 =1 Y"" | (v — :E)2 and the
maximized log-likelihood is given by [ (wh ey X | [y &23 =

nlnn—nlnd " | (z— z)? - %. Then the likelihood ratio test rejects whenever
2( (21, o 20 |3, 6%) =121, .. 20 | 6F,))

=2 (nan($f)2+nan(:ﬁuo)2> = 2nln% > Z1_q

where 21_,, is the (1 — a)th quantile of the x? (2 — 1) = x? (1) distribution.

8.2.22
(a) We have that

Py((0)eC(s)=Po({s:v(0) e C(s)}) = Py ({s Loy (8) = 0})
=1=Py ({s:0p00) (s) =1}) = 1= Eg (py(0) 21—«

since Ejy (g0¢(9)) <a.

(b) We have that Ep (7)) = Pa (4 (0) ¢ C*(s) = 1= Py (1 (0) € C*(5)) <
1—(1—a)=asince Py(¢ () € C*(s)) >1—a.

(c) Suppose now that, for each value of vy, the test function ¢y, is UMP size

a for Hy : ¢ (0) = 1 versus H, : ¥ (0) # 1. Then, if C is the confidence
set corresponding to this family of tests, we have that Py (¢ (6*) € C(s)) =
Py({s:9(0*) € C(s)}) =1— Py (¥ (0) ¢ C*(s)) = 1 — Ey (¢y(e+)) , and since
Ey (¢y(6+)) is maximized when 1 () # ¢ (6*), part (b) implies that the prob-
ability of covering a false value is uniformly minimized by C.

Challenges

8.2.23 Suppose that a test ¢ is size @« and UMP for Hy : 6 = 6, versus H, :
0 = 6. Let g be as in Theorem 8.2.1. Following the proof of Theorem 8.2.1,
let 5™ = {s: o (s) # ¢ (s)}N{s: fo, (s) # cofo, (s)} . Then Ey, (p) = Eo, (o)
and, since ¢ is size a, we have that 0 > Ejp, (o) — Eg, (p) —co (o — Ep, (9)) =
> ses (w0 (s) =@ () (fo, (8) — cofo, (3)) =D es- (0 (s) — ¢ (s))

X (fo, () — cofo, (8)) = 0 since (¢o (s) — ¢ (s)) (fo, (8) — cofa, (s)) > 0 on S*.
But this implies that S* = ¢ and we have that ¢g(s) = ¢ (s) whenever fy, (s) #
cofo, (8) . The values ¢y and ¢ may differ on B = {s: fy, (s) = cofo, (5)} -
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Since Ep, (v0) — Eg, (¢) = 0 the inequalities above establish that
co (v — Ep, () = 0. If ¢g = 0, then @o(s) = 1 whenever fp, (s) > 0, so the
power of the UMP test is 1. If ¢y # 1, then Ey, (¢) = a and ¢ has exact size a.

8.3 Optimal Bayesian Inferences

Exercises
8.3.1 The posterior distribution of 6 is given by
T B
HO=112) =137 =5 DO=2[2)=37 177
35 tas O 35 tar O

soll (0 =2|2) >1II(6 =1|2) and we accept Hy : 6 = 2.

8.3.2 The Bayes rule is given by the posterior mean and this is given by %—&— %2 =
8

=
8.3.3 In Example 7.1.2 we determined that the posterior distribution of pu is

given by the
-1 -1
1 n n 1 n
N<<—2+—2> (u—g+—zf)a<—z+—z> )
To 0o To 90 To %o

distribution. Then the Bayes rule is given by the posterior mean
1 n\ ! I n n\ '/ n
o) ()~ (6) ()
To %o To 90 99 90

8.3.4 From Example 7.1.1 we have that the posterior distribution of 6 is
Beta(nz + a,n (1 — Z) + ) . The Bayes rule is given by the posterior mean and
this is evaluated in Example 7.2.2 to be (nZ + @)/ (n+ a+ 5).

8.3.5 The likelihood is given by L (8| x1,...,2,) = " exp {—pnZ} and the
prior density is 7 (8) o< B0~ te~vo8. Therefore, the posterior density is pro-
portional to gm0 +70~lexp{— (nZ + vy) B}, and from this we deduce that the
posterior distribution of 3 is Gamma(nag + 79, nZ + vp) . The Bayes rule is given
by the posterior mean and this equals (nag + 79) / (nZ + vg). By the weak
law of large numbers this converges in probability to (since Eg(Z) = ao/f)
ao/ (ap/B) = B as n — oc.

8.3.6 The Bayes rule is given by the posterior mean of 1/8 and this equals
= nao+T7o [’}
1
M/ (_) /Bnao—&-m—lexp{_ (nj: +UO) ﬁ} dﬁ
0

as Tp — 00.

I' (nao + 10) g
(n@ + UO)naO+TO /Oo nog+70—2 7
- — i — + d
I' (nag +710)  Jo p exp{=(nZ +vo) B} df
(nz+v9)" "™ T(nag+m—1) ni+uv

I'(nao+10) (nZ+v)" "1 nag+7—1
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and this converges to (ag/B) /ap = 1 as n — oo.

8.3.7 By Theorem 8.3.2 the Bayes rule is given by ¢(Z) = 1 whenever the
posterior probability of Hy is less than or equal to the posterior probability of
H§. Equivalently, ¢(Z) = 1 whenever the posterior probability of Hy is less than
or equal to 1/2. By (7.2.9) and Theorem 7.2.1 the posterior probability of Hy
is given by

’I“BFH
(v (0) = =—20
(6 (6) = o 5) = T g
where r = pg/(1 — po), BFr, = m1(s)/ma2(s) and m;(s) is the prior predictive
density of s = (x1,...,%,) under the prior II;, where II; is the prior degenerate

at po, and Iy is the N (ug,03) prior. Note that IT (¢ (0) = vg | s) < 1/2 if and
only if BFy, < r~1. Then following Example 7.2.13 we have that

mg(.’El,...,ZL‘n)

-1 2
—n/2 n—1 2 1 1 1 n Ho n _
= (2102 — =4+ = [l
( 7100) exp( 20(2) ] )7’0 exp (2 <7’3 + 03 7_3 + Jgac
_ —1/2
cexp (L (B P\ (2 1)
2\72 o3 o T8 '

Because II; is degenerate at pg, it is immediate that the prior predictive
under II; is given by

o\ —n/2 n—1 2 no_ 2
mi(z1,...,2,) = (2707) exp <— 5725 )exp <_27c(2) (T — po) ) .

Therefore, BFy, equals

BFy, =

1 1\ 2 11 -1 Lo 2 (3 52
- n L E n 0 n _ 1 (£ nx=
To (o'g + ‘rg) eXp {3 (702 + a'%) (‘rg + O'Sx) 2 (‘1’02 + o3 )

and we reject whenever this is less than (1—pg)/po. As 78 — oo the denominator
converges to 0 and so in the limit we never reject Hy.

8.3.8 Since the posterior distribution given data is the same as the posterior
distribution given a minimal sufficient statistic, we base our calculations on
T=X;+- -+ X, ~ Binomial(n,8). Let II; be the prior degenerate at 6y and
II; be the UJ0, 1] prior. By (7.2.9) and Theorem 7.2.1 the posterior probability
of Hy is given by

- TBFHO

~ 1+rBFpy,

where r = po/(1 — po), BFu, = m1(t)/ma(t) and m;(t) is the prior predictive
density of T" when the prior II; is being used. By Theorem 8.3.2 the Bayes rule is
given by ¢(Z) = 1 whenever II (¢p (0) = g | s) < 1/2, or, equivalently, BFy, <

r

(¥ (0) =ols)
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We have that m(t) = (7)65(1 — 6o)" " and

ma(t) = /01 (?) 0'(1 — 0)"tdo — (?) I(t +;)(£(Z ;)t +1)

Therefore,

I'(n+2)
Ft+1)I'(n—t+1)

and we reject whenever this is less than (1 — pg)/po.

Problems

BFy, = 05 (1 — 0g)" "

8.3.9 Suppose T'(s) € {01,602} for each s. The Bayes rule will minimize

B (Py (T(s) #0)) = Eu (Ep (1 — Ity (T(5))))
= 1= En (Eo (Itoy (T(9))) = 1 = Enr (Enc.1) (T0y (T(5)))) -

Therefore, the Bayes rule at s is given by T'(s) which maximizes

Ens) (Itoy (T(s))) =L ({01} | s) I{g,y (T(s)) + I ({02} | 5) I{g,y (T'(s))

and this is clearly given by

(6 ({6} ]s) >T({0} |s)
T(s) = { 0, IT({62} |s) > 11 ({01} |s)

and when IT({6:} | s) = 1 ({62} | s) we can take T(s) to be either 6; or #5. So
the Bayes rule is given by the posterior mode.

8.3.10 Since IT (§ = 2|2) > II (¢ = 1|2), we have that the Bayes rule takes the
value T'(s) = 2 for this data. An advantage for this estimator over the posterior
mean is that the posterior mode is always an element of the parameter space,
while the posterior mean may not be, as in Exercise 8.3.1. So if we use the
posterior mean, we may estimate the parameter by a value that it could never
possibly take.

8.3.11 In Example 7.1.4 we derived the posterior distribution of (,u, 1/02) , and
in Example 7.2.1 we derived the marginal posterior distribution of x4 to be

28
Ha F \/(2a0 )t

where Z ~ t (n+ 2ap) where p, = (n + 1/7’3)71 (po/73 4+ nx) and

—1 2
b=+ Dot A0 2L L0 Y (B )
2 272 12 2 8 i

We know the Bayes rule is given by the posterior mean of 1 and this equals

28,
pa \/(2a0+n) (n_|_1/7—3) TI(- |@1,eees@n) ( ) 1%
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since the mean of a Student()A) random variable is 0 (provided A > 1). So the
Bayes rule is given by p,.

8.3.12 Suppose T'(s) € {01,...,0;} for each s. The Bayes rule will minimize
En (P (T(s) #0)) = En (Ep (1 — Loy (T(s))))
=1 = En (Ey (10 (T(5)))) = 1 = Bas (Encps) (T (T(5)))) -
Therefore, the Bayes rule at s is given by T'(s), which maximizes

k

Eng.js) (Ioy (T()) = D {0} |8) Lay (T(s))

i=1

and this is clearly given by T'(s) = 6; whenever II({6;} |s) > II({0;} |s) for
every j # 4. When more than one value of § maximizes II ({6} |s) we can take
T(s) to be any of these values.

Challenges
8.3.13 We have that

() 0%) = (£ (a1 (701 -1)')))
= Ey <EP9<-|s) <EQ9<"S) ((7:(8) _t)2>>)
— By ((Ecxs) ((T(S) ~1) )))

where @ (- | s) is the posterior predictive measure for ¢ given s (has density or
probability function ¢ (¢|s) as specified in Section 7.2.4). This is minimized if

. . 2
we can find T'(s) that minimizes Eq. | ((T(s) - t) ) for each s. By Theorem

8.1.1 this is minimized by taking T (s) = Eg(.1s) (1), the posterior predictive
mean of t.

8.4 Decision Theory

Exercises
8.4.1 The model is given by the collection of probability functions
{0"® (1 —0)"""" : 0 € [0,1]} on the set of all sequences (x1,...,2,) of 0’s and
1’s. The action space is A = [0, 1], the correct action function is A () = 6, and
the loss function is L (6,a) = (0 — a)*.

The risk function for T is given by Ry (0) = Ejy ((9 — :f)2> = Vary (Z) =
0 (1 — 6) /n. This is plotted below.
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8.4.2 The model is given by the collection of probability functions
{AEe AT ) 2 A > 0}

on the set of all sequences (1, ..., x,) of nonnegative integers. The action space

is A = [0, 00), the correct action function is A (A\) = A, and the loss function is
2

L(M\a)=(\—-a).

The risk function for T'is given by Ry (A) = Ex((A — z)?) = Vary (Z) = A\/n.
This is plotted below for n = 25.

8.4.3 The model is given by the collection of density functions

1 1 & 2 1
= - ‘peER

on the set of all sequences (x1,...,x,) of real numbers. The action space is
A = R!, the correct action function is A (u) = p, and the loss function is

L(sa) = (i —a)”.
The risk function for T"is given by Ry (1) = E, ((M — j)2) =Var, (z) = "{i
This is plotted below for n = 25 and 62 = 2 (note 2/25 = 0.08).
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8.4.4 The model is given by the collection of probability functions
{9"5 (1-0)"""":0¢|o, 1]} on the set of all sequences (z1,...,,) of 0’s and

1’s. The action space is A = {Hy, H,}, where Hy : § = 1/2, the correct action
function is ) /

[ Hy —1/2
A(G)—{Ha 6+1/2

and the loss function is

L(0,a) = 0 0=1/2,a=Hyor 0 #1/2,a=H,
YTV 1L 0=1/2,a=H, or 0 #1/2,a = H,.

The test function ¢ is given by

_ 0 nz ¢ {0,1,n—1,n}
1 nZ € {0,1,n—1,n}.

The risk function for ¢ is given by

Ry (0) = By (¢ (nz) = 1) = By ({0,1,n — 1,n})

- <g> (1-6)"+ G)e 1-0)""+ (nﬁ 1>9"‘1 (1-0)+ <Z)9"

A plot of R, when n = 10 (the power equals 2.1484 x 1072 at § = 1/2) follows.
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8.4.5
(a) The risk function is given by
Rq(a) = Eq (L (a,d(s)))

_ iL (a,d (1) + iL (0,d(2)) + 0L (a,d (3)) + %L(a,d(4))
1 1 1 1 1
= ZL(a,a) + ZL(a,a) + §L (a,b) = §L(a,b) =3
Ry (b) = Ep (L (b,d(s)))

- %L (b,d (1)) + 0L (b,d (2)) + iL (b,d(3)) + iL (b,d (4)

3

1 1 1 1 1
= —L(b,a) + ZL(b,a) + ZL(b,b) = EL([L(I)'F ZL([L(J,) = Z

2

(b) Consider the risk function of the decision function d* given by
d* (1) =b,d* (2) = a,d* (3) = b,d* (4) = a. The risk function is given by

R+ (a) = Eq (L (a,d" (s)))
. iL (a,d* (1)) + iL (a,d" (2)) +OL (a,d* (3)) + %L (a,d* (4))

1 1 1 1 1
- ZL(avb)—'_ ZL(G,(L) + §L(a’aa) - ZL(a’ab) - Z,

R+ (b) = Ey (L (b,d" (s)))

= SL(b.d* (1)) 0L (b, d" () + 1L (b, " (3)) + L (b, " (4)

1 1 1 1 1
= §L(bvb) + ZL(bvb) + ZL(bva) = ZL(bva') vk

so Ry« (a) < Rq(a), Ry~ (b) < R4 (b) and d is not optimal.
8.4.6 The model is given by the collection of probability functions

n
{(Ha?i!)_l)\"ie_"’\ : A >0}
i=1
on the set of all sequences (1, ..., z,) of nonnegative integers. The action space

is A ={Hy, H,}, where Hy : A < \g. The correct action function is

| Hp A< )Xo
AN = { Ho A> X
and the loss function is

- 0 A< )Ag,a=Hgyor A>XN,a=H,
L()\’a)_{ 1 )\S)\O,a:Haor/\>)\0,a:H0.
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The test function ¢ is given by
0 nr < Ln)\o + 2\/n)\0J

o(xy,...,xn) =1 1/2 nE = |nXo +2v/nXg |
1 nx > |nXo+2vnXo| .

The power function for ¢ is given by (using nZ ~ Poisson()\))
BSO(/\) :PA(()Q(‘Tla"'azn) = 1)
1
= §P,\ (na’v = {n)\o + 2\/71/\0J) + Py (na’v > {n)\o + 2\/n/\0J)
I_’ﬂ)\o-l-ZMJ 0 k
_1 (n) exp{—nA} + Z (nA)
2 ([nXo +2v/nXo])! k!

k= I_n)\o +2v/nho |+1

exp {—nA}.

When Ao = 1 and n = 5 then [nXo +2v/nXg| = 9, so the power function is
given by

100y’ o (50"
R,(\) = 3 () exp {—bHA} + kzzlo 7l exp{—5A}
9 9 k
— %(?3))! exp{—BA}+1-> (52!) exp {—HA}.
k=0

This is plotted below.

8.4.7 The model is given by the collection of density functions

1 1 «— 5 L
———exXpl ——5 T; — tuER
{ o p{ 207 ;( 1) } p }
on the set of all sequences (z1,...,z,) of real numbers. The action space is

A={Hy, H,}, where Hy : . = p19. The correct action function is

[ Hy A<
am={ 1 J5x
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and the loss function is

Lvay={ 0 #w=poa=Hoor n#po,a=H
| I = po.a=H, or p# poa = Ho.

The test function ¢ is given by

@ N ):{ 0 T € [uo — 200/+/1, po + 200//n
PT1,---5Tn 1 T ¢ (o — 200//n, po + 200//n) .

The power function for ¢ is given by (using Z ~ N (u, 08 /n))

Bo (1) = Py (@ (21,...,2n) =1) = 1= B, (T € [po — 200/v/n, po + 200//n])

Ho — 14 T—W  po—p
=1—-P, | —— —2< < 2
g <ao/ﬁ ol oolvm | >

1 o — 1 _ Ho —H
(o) (e )
When pp = 0,009 = 3,n = 10 the power function is
1. __ K e _—F
=1 (o (5 2) ¢ (50w 2))

This is plotted below (power equals 0.0455 at p = 0).

10 —
09 —f
08 —|
07 —f
06 —f
05 —f

beta

04 —|
03 —|
02 —|
01 —|

00 —i
T

Problems

8.4.8 Suppose we have that § (s, -) is degenerate at d(s) for each s. Then clearly
d:S— A

Now suppose we have d : S — A and define

! d(s) e B
§(s,B) = { 0 otherwise

for B C A. Then ¢ (s, A) = 1 and, if By, Bs,... are mutually disjoint subsets
of A, then d(s) € B; for one i (and only one) if and only if d(s) € U2, Bj, so
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6 (s,U2,B;j) = > 5=10 (s, Bj) . Therefore, 4 (s,-) is a probability measure for
each s and 4 is a decision function.

Now, using the fact that ¢ (s,-) is a discrete probability measure degenerate
at d(s), we have that Rs (0) = Ey (Es(s,.) (L (0,a))) =

E(0(s,{d(5)}) (L (0,d(s))) = Eg (L (0,d(s))) since 6 (s,{d (s)}) = 1.

8.4.9

(a) Consider the decision function dg, (s) = A(fp). Then note that R, (fo) = 0.
Then, if 0 is optimal, we must have that Rs(0y) < Ra,, (6o) for every 6o,
so R;(¢) = 0. But this implies that Fj(.) (L (6,a)) = 0 at every s, where
Py ({s}) > 0. Since L (,a) > 0, then Challenge 3.3.29 implies that
0(s,{L(#,a) =0}) = 1 and, since L(A,a) = 0 if and only if a = A(f), this
implies that ¢ (s, ) is degenerate at A (0) for each s for which Py ({s}) > 0.

(b) Part (a) proved that, for an optimal 4, 0 (s, -) is degenerate at A () for each
s for which Py ({s}) > 0. But if there exists s such that Py, ({s}) > 0 and
Py, ({s}) >0 and A(0;) # A(62), then this cannot happen and so no optimal
0 can exist.

8.4.10 Suppose ¢ is not minimax. Then there exists decision function §* such
that supy Rs~ (0) < supy Rs (0) . But since Rs () is constant in 6 this implies
that Rs« (6) < Rs(0) for every 6 and so ¢ is not admissible, contradicting the
hypothesis. Therefore, § must be minimax.

Challenges

8.4.11 We have that Ry (60) = FEy, (L (6o,d(s))) = 0. Now suppose that d is
not admissible. Then there exists decision function ¢ such that Rs (6) < R4 (6)
for every 6 and Rs () < Rg () for some 6. But this implies that 0 = R (6p) =
Ey, (E(;(s,,) (L (6o, a))) = 0 and then Challenge 3.3.29 implies that the set C' =
{s: Es(s,.) (L (09,a)) > 0} satisfies Py, (C) = 0. But by hypothesis this implies
that Py (C) = 0 for every 6. This in turn implies that Rs (6) = 0 for every
0. This says ¢ is optimal and contradicts the hypothesis that no such decision
function exists.

In most practical problems, there does not exist an optimal decision function.
So this result says that, in the typical decision problem, constants are admissible,
i.e., decision functions that completely ignore the data are admissible. So the
property of admissibility for a decision function is not a very strong one.



Chapter 9

Model Checking

9.1 Checking the Sampling Model

Exercises

9.1.1 The observed discrepancy statistic is given by D (r) = 25 Y27 | (#; — z)?
0

= 19479187 = 22.761. Now D(R) ~ x? (19) distribution, so the P-value is then

given by P (D(R) > 22.761) = .248, which does not suggest evidence against
the model.

9.1.2 (a) The plot of the standardized residuals is given below.

Standardize Residuals

(b) The normal probability plot of the standardized residuals is given below.

Normal scores

T T T
-1 0 1
Standardize Residuals

253



254 CHAPTER 9. MODEL CHECKING

(c) The preceding plots suggest that the sample is probably not from a normal
distribution.

9.1.3 (a) The plot of the standardized residuals is given below.

Standardized Residuals

o
~ 4
w4
|
ade
|
~-
P
©
a4

(b) The normal probability plot of the standardized residuals is given below.

Normal scores

T T T
A 0 1
Standardized Residuals

(c) The preceding plots suggest that the normal assumption seems reasonable.

9.1.4 We have f1 = 5 conservative, fi. = 3 males, and f;; = 2 conserva-
tive males. The Hypergeometric(10, 5, 3) probability function is given by the
following table.

7 0 1 2 3
p() | 0.083 0.417 0.417 0.083

The P-value is then equal to 1. Hence, we have no evidence against the model
of independence between gender and political orientation.

9.1.5 By grouping the data into five equal intervals each having length 0.2, the
expected counts for each interval are np; = 4, and the observed counts are given
in the following table.

Interval | Count
(0.0,0.2] 4
(0.2,0.4] 7
(0.4,0.6) 3
(0.6,0.8] 4
(0.8,1] 2
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The Chi-squared statistic is equal to 3.50 and the P-value is given by (X2 ~
x?(4)) P (X? > 3.5) = 0.4779 Therefore, we have no evidence against the Uni-
form model being correct.

9.1.6 First note that if the die is fair, the expected number of counts for each
possible outcome is 166.667. The Chi-squared statistic is equal to 9.5720 and
the P-value is given by (X2 ~ x?(5)) P (X? > 9.5720) = .08831. Therefore, we
have some evidence that the die might not be fair. The standardized residuals
are given in the following table.

7 1 2 3 4 5 6
r; | —0.069541 0.214944 —0.467818 —0.316093 0.309772 0.328737

None of these look unusual.

9.1.7

(a) The probability of the event s = 3 is 0 based on the probability measure P
having S as its support. Also the event s = 3 is surely surprising. Hence, the
most appropriate P-value is 0.

(b) Since P is Geometric(0.1), the probability P(s = k) = 6(1 — ) for
k =0,1,... where § = 0.1. Since P(s = k) is decreasing as k increases, the
probability of the set of k such that s = k is at least surprising as much as
(s=3)is P(s>3)=>7,0(1—0)" = (1-6)> =0.9%=0.729. Hence, 0.729 is
an appropriate P-value for checking whether (s = 3) comes from Geometric(0.1)
or not.

9.1.8 We measure the probability of the set having the same or less degree of
surprise than s = 3. The values k having P(s = k) < P(s = 3) are at least as
surprising as s = 3 and this set is given by {s : s < 3 or s > 7}. Therefore a
P-value representing the surprise of (s = 3) is

P{s:s<3o0rs>7}))=1—2P(s=4)—P(s=5)
=1-420(1/2)' —252(1/2)'° = 11/32 = 0.34375.

Hence, it is not that surprising.

9.1.9 A discrepancy statistic looks for a particular kind of deviation from model
correctness. Hence, the model might be incorrect even though no evidence
against the model is found using a particular discrepancy statistic. Also there
might not be enough data to detect a deviation from model correctness even
when one exists.

9.1.10 The probability of the scores that is at least as surprising as —4 is
considered. The set of scores at least as surprising as —4 is {|s| > 4}. Hence,
the P-value is P({|s| > 4}) = ®(—4) + 1 — ®(4) = 2®(—4) = 0.00006334. Thus,
the value —4 is very surprising and this is strong evidence that the statement is
incorrect.
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9.1.11

(a) Under the assumption that the coin is unbiased and it is tossed indepen-
dently, the probability of observing (1, ..., x,) is 67%(1 — 0)*1=%), The distri-
bution of nZz is Binomial(n, §). Therefore, the conditional probability function
of (z1,...,2y) is "%(1 — O)"1=2) /(" )on#(1 — 0)"(1=%) = 1/(). This is the
probability function of a uniform distribution on the set of all sequences of zeros
and ones of length n containing nZ ones.

(b) The probability distribution of & = the number of ones in the first [n/2] ob-
servations, given that there are nZ ones overall, is a Hypergeometric(n, |n/2], nZo)
distribution. (Think of taking a sample of size nZy without replacement from a
population of n sequence positions and counting the number of sequence posi-
tions in the sample less than or equal to [n/2].)

(c) Let y be the number of 1’s in the first [n/2| observations. The probability
P(y = klnZ = 6) is (2) (GEk)/(lf?) for k=1,...,5. Hence, P(y = 1|nZ = 6) =
P(y = 5|nz = 6) = 1/42, P(y = 2|nT = 6) = P(y = 4|nT = 6) = 10/42 and
P(y = 3|nZ = 6) = 20/42. Thus, the P-value is P(y € {1,5}|nZ =6) =1/21 =
0.0476. Therefore, the observation (1,1,1,1,1,0,0,0,0,1) is surprising at level
5%.

Computer Exercises

9.1.12 The plot is given below.

Normal scores

Standardized residuals

From this we have no evidence against the normality assumption.

9.1.13 Not all the graphs look like straight lines. With a small sample size like
n = 10, we should expect a fairly wide variety of shapes.

9.1.14 We have X.; = 56 conservative, X;. = 35 males and X;; = 20 con-
servative males. Using the Hypergeometric(100, 56, 35) probability function to
calculate the probability of observing a value with probability less than or equal
to P (X711 =20||X3.,X.1) = 0.164941, we obtain that the P-value is 1. There-
fore, we have no evidence against the model of independence between gender
and political orientation.

9.1.15 The Binomial(10, 0.2) distribution gives rise to the following cell proba-
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bilities and cell expected numbers.

P(X =z) expected numbers

0.107374
0.268435
0.301990
0.201327
0.088080
0.026424
0.005505
0.000786
0.000074
0.000004
0.000000

S ©ooNoote W OR

1.07347
2.68435
3.01990
2.01327
0.88080
0.26424
0.05505
0.00786
0.00074
0.00004
0.00000
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So we grouped from the elements having the smallest probability, i.e, x = 10,
until the expected number of the group is greater than or equal to 1. It turns
out the last 7 cells are grouped , say G5, to ensure E(Ig, (X)) = nP(G5) > 1.
Let G; = {i—1} for i = 1,...,4. Then, the expected numbers of all groups are
at least 1. The next table summarizes this result.

i | G; P(X =z) expected numbers
1140 0.107374 1.07347
2 | {1} 0.268435 2.68435
3| {2} 0.301990 3.01990
4 {3} 0.201327 2.01327
5| {4,5,6,7,8,9.10)  0.120874 1.20874

The Chi-squared statistic obtained from the simulated sample of 1000 was equal
to 2.09987 with P-value 0.71740. Hence, there is no evidence that the sample is
not from this distribution. If a P-value close to 0 is obtained, we would conclude
the data may not come from Binomial(10,0.20) distribution. However, it didn’t
happen in the simulation study. The Minitab code for the simulation is given

below.

%solution 1000

# the corresponding macro file "solution.mac"

macro
solution M
# solution 9.1.15
mcolumn cl1 c2 c3 c4 c5 c6
mconstant M k1 k2

# M is the length of sample
set cl

0:10

end
pdf cl c2;
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binomial 10 0.2.
let c3=10%c2
print cl c2 c3
copy c2 c3;

include;

rows 5:11.
let c2(5) = sum(c3)
delete 6:11 c2
let c3=10%*c2
print c2 c3
let c3 = M*c2
random M c5;

binomial 10 0.2.
copy cb c6;

include;

where "cb = 0".
let c4(1) = count(c6)
copy cb c6;

include;

where "cb = 1".
let c4(2) = count(c6)
copy cb c6;

include;

where "cb = 2".
let c4(3) = count(c6)
copy cb c6;

include;

where "cb = 3".
let c4(4) = count(c6)
copy cb c6;

include;

where "cb >= 4",
let c4(5) count (c6)
let ki=sum((c4-c3)**2/c3)
cdf k1 k2;
chisquare 4.
let k2=1-k2
name k1 "Chi-square"
print ki1 k2
endmacro

k2 "P-value"

CHAPTER 9. MODEL CHECKING

9.1.16 A contiguous grouping is applied as long as the grouped probability is

bigger than 0.13. So we get a grouping,

0—3,4,5, 6—7, 8 —o0c. The group

probabilities, expected cell counts and the observed cell counts in a simulation
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are summarized in the next table.

group start x end x probability expected counts observed counts

Gy 0 3 0.2650 265.0 255
Go 4 4 0.1755 175.5 186
G3 5 ) 0.1755 175.5 168
Gy 6 7 0.2507 250.7 238
G5 8 00 0.1334 133.4 153

The chi-squared statistic obtained from the above table is equal to 4.8582 with
P-value 0.3022. Hence, there is no evidence that the sample is not from this
distribution. If a P-value close to 0 is obtained, we would conclude that the
data may not come from Poisson(5) distribution. However, it did not happen
in the simulation study. The Minitab code for the simulation is given below.

%solution 1000
# the corresponding macro "solution.mac"
macro
solution M
# solution 9.1.16
mcolumn cl c2 c3 c4 cb
mconstant M k1 k2
# M is the length of sample
set cl
3:57
end
cdf cl c2;
poisson 5.
let cl=c2
let c1(5)=1-c2(4)
do k1=2:4
let c1(kl) = c2(k1)-c2(k1-1)
enddo
let c2=Mxcl
let c3=0%cl
random M c4;
poisson 5.
copy c4 cb;
include;
where "c4 <= 3".
let c3(1) = count(ch)
copy c4 cb;
include;
where "c4 = 4".
let c3(2) = count(ch)
copy c4 cb;
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include;

where "c4 = b".
let c3(3) count (c5)
copy c4 cb5;

include;

where "c4 >= 8".
let c3(5) count (c5)
let c3(4) = M-sum(c3)
let ki=sum((c3-c2)**2/c2)
cdf k1 k2;

chisquare 4.
let k2=1-k2
print cl c2 c3
name k1 "Chi-square"
print ki1 k2
endmacro\textbf{\medskip}

k2 "P-value"

CHAPTER 9. MODEL CHECKING

9.1.17 We separate R! into 5 cells having the same N(0,1) probability. Sim-

ply, R' is separated using the first four

(—00, 20.2], (20.2, 20.4], (20.4,20.6], (20.6,20.8], and (20.8,00).

quintile points, i.e., the five cells are
The group proba-

bilities, expected cell counts and the observed cell counts in a simulation are

summarized in the next table.

group group range prob. expected counts observed counts
G (=00, —0.8416] 0.2 200 202
G, (—0.8416,—0.2533] 0.2 200 214
Gs (—0.2533,0.2533] 0.2 200 200
Gy (0.2533,0.8416] 0.2 200 203
Gs (0.8416, ) 0.2 200 181

The chi-squared statistic obtained from the above table is equal to 2.8500 with
P-value 0.5832. Hence, there is no evidence that the sample is not from this
distribution. The Minitab code for the simulation is given below.

%solution 1000

# the corresponding macro "solution.mac"

macro
solution M
mcolumn cl c2 c3 c4 cb c6 c7
mconstant M k1 k2 k3

# M is the length of sample
set c2

1:4

end

let c2=c2/5

invcdf c2 ci;

normal O 1.
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cdf cl1 c2;

normal O 1.

let c2(5)=1-c2(4)
do k1=4:2

let c2(k1) = c2(k1)-c2(k1-1)
enddo

let c3=Mxc2

let c4=0%c2
random M c5;

normal O 1.

let c6=cb

let k2=minimum(c6)
if k2 > minimum(c1)
let k2=minimum(c1)
endif

let k3=maximum(c6)
if k3 < maximum(c1)
let k3=maximum(ci)

endif
let k3=k3-2*k2+3
do k1=4:1

let c7=ceiling((c6+k3)/(c1(k1)+k3)-1)
let c4(k1+1) = sum(c7)

let c6=cb*(1-c7)+(k2-1)*c7
enddo
let c4(1) = sum(ceiling((c6+k3)/(k2-.5+k3)-1))
let kil=sum((c4-c3)*%*2/c3)
cdf k1 k2;

chisquare 4.

let k2=1-k2
print cl c2 c3 c4
name k1 "Chi-square" k2 "P-value"
print ki1 k2

endmacro

Problems

9.1.18 We have E (a1Y1 + -+ arYy) = a1 + - - - + agpr, so E(Y;) = w;
by taking a; = 1 and a; = 0 whenever j # ¢. By Theorem 3.3.3 (b) we have
Var(a1Y1 + - - - 4+ ay Yy) = af Var(Y1)+--+a? Var(Y)+2 >icj @iaj Cov(Y;, Y;) =
Zle Zle a;ajo;;. Putting a; = 1 and a; = 0 whenever i # j, we obtain
Var(Y;) = 0;; and this implies that ¥; ~ N (u;, 04;) .

Putting a; = a; = 1 and a; = 0 whenever ! ¢ {3, j}, we obtain Var(Y; +Yj;) =
0ii + 0j; + 20;; = Var(Y;) +Var(Y;) + 2 Cov(Y;,Y;) . This immediately implies
that Cov(Y;,Y;) = 0.
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9.1.19 Using Theorem 4.6.1, we have that

ZalR ZazX - X) ZaZX—%<Zai>ZXi:Z(ai—d)Xi
g ‘ .

i=1
n n n
~ N (Z(ai *C_L)M,USZ(C% d)2> =N (0,032(% d)2> .

i=1 i=1
Therefore, by Problem 9.1.18, R is multivariate normal with mean vector given
by (0,...,0) and variance matrix given by ¥ = (Cov (R;, R;)) and
Zle Z?Zl aia; Cov(R;, Rj) = o3 > i, (a; — a)’. Putting a; = 1 and a; = 0
whenever i # j, we have that Var(R;) = o2 {(1 —1/n)? + (n—1) /n2} -
03 (1—1/n). Putting a; = a; = 1 and a@; = 0 whenever | ¢ {i,j}, we ob-
tain Var(R;)+Var(R;) +2Cov(R;, R;) = o3 > i (a; — a)’ =202 (1 —2/n)° +
od(n—2)4/n* = o} (2—8/n+8/n*+4/n — 8/n?) = 08(2 — 4/n). Therefore,
Cov(R;, Rj) =03(1 —2/n—1+1/n) = —0§/n.

9.1.20 We have that (arguing as in the solution to Problem 9.1.18)

Cov (X, ia#ﬁ) = Cov (i %X“ i (ai - (_L) Xz)
n o n B 1

_ZZ j —a) Cov (X;,X;) —Zn: i —a) Cov (X;, X;)

lel =1

= % ) Var (X, 2":

=1

3

OM

Theorem 4.6.2 gives the result.
9.1.21 The likelihood function is given by

L(o1, 1) = of* (L= )" B (1= )" "

The log-likelihood function is then i (aq, 1) = z1. In (1)+(n — 21.) In (1 — ay)+
xaln (1) + (n—2.1)In(1— 5y). If we fix 81, then the partial derivative with

respect to a; is
xX. n—=Iy.

(05} 1—0[1

with second derivative
xIy. n—=Iy.

ol (1-a)”

Solving
xI1. n-—=oy.
s =0

o 1-— (5]
leads to & = x1./n. That this is a maximum is seen from the second derivative
as it is negative at this point. Since it does not involve 31, this is the MLE of
a. A similar argument leads to the value 8; = z.1/n as the MLE of /3.
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9.1.22 Consider the set of all sequences of ordered pairs ((a1,b1), ..., (an,by))
where z1. of the a; equal 1 (with the rest equal to 2), and z.; of the b; equal
1 (with the rest equal to 2). We are required to count the number of such
sequences.

We can select 21. of these pairs to have a; = 11in (" ) ways. Let us suppose
that we have made these choices.

Now let ¢ denote the number of pairs where a; = 1 and b; = 1. Clearly
max {0,z1. + 2.1 —n} < i < min{zy.,2.1}. We can pick ¢ of the pairs where
a; = 1 so that b; = 1 in ("”11) ways and then choose the remaining pairs that

noa ) ways. The multiplication principle then
Xr.1—1
implies that there are (I”) (Ill) (2711_11) such sequences. Therefore, the number

of samples satisfying the constrains (9.1.2) is equal to

min{zi.,z.1}
n Z Z1. n—=Iy.
(=) (G5

i=max{0,z1.+x.1—n}

will have a; =2 and b; = 1 in (

Using the fact that the probability function of Hypergeometric(n, f1, f1) is
given by
(D G.2)
@)
x.1

for max {0,z1. + .1 — n} <4 < min{x;.,x.1}, we get that the number of such
samples is equal to

n min{zi.,x.1} 1:21 Z:zill n n
) s EEE(())

i=max{0,z1.+x.1—n}

P(Xy=1i)=

as claimed.
Computer Problems

9.1.23 A density histogram of a sample of 10* from the distribution of D (R) =

1

10 R; . -
1 In (—) when the model is correct, is given below.
n 1= n—1/"7 )

09 —
08 —
0.7 —
06 —
05 —
04 —

density

03 —
02 —
01 —

00 —
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Using the data of Exercise 9.1.3 we obtained the value D (r) = — 1 " In(r?/(n—

n

1)) = 2.60896, and the proportion of sample values of D in the simulation that
were greater is 0.9864. This can be viewed as evidence that the normal location-
scale model is not correct as the observed value of D is surprisingly small.

The following code was used for this simulation.
gmacro
goodnessoffit
base 34256734
note - generated sample is stored in ci
note - residuals are placed in c2
note - value of D(r) are placed in c3
note - k1l = size of data set
let k1=10
do k2=1:10000
random k1 ci
let k3=mean(cl)
let k4=sqrt(kl-1)*stdev(cl)
let c2=((c1-k3)/k4)**2
let c2=loge(c2)
let k5=-sum(c2)/k1
let c3(k2)=k5b
enddo

endmacro

9.1.24 We get the following histogram (using the code below) when we are
sampling from a normal distribution.

We get the following histogram (using the code below) when we are sampling
from a Cauchy distribution.
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density

We see that the distribution of D is quite different under a normal model than
under a Cauchy model. The distribution when sampling under Cauchy sampling
has a longer right tail and a sharp peak at its mode. Note that a larger sample
size than 10* is required to get a smoother histogram.

gmacro

goodnessoffit

base 34256734

note - generated sample is stored in ci

note - residuals are placed in c2

note - value of D(r) are placed in c3

note - k1l = size of data set

let k1=10

do k2=1:10000

random k1 ci

let k3=mean(cl)

let k4=sqrt(kl-1)*stdev(cl)

let c2=((c1-k3)/k4)**2

let c2=loge(c2)

let kb=-sum(c2)/k1

let c3(k2)=k5

random k1 ci;

student 1.

let k3=mean(cl)

let kd=sqrt(ki-1)*stdev(cl)

let c2=((c1-k3)/k4)**2

let c2=loge(c2)

let k5=-sum(c2)/k1

let c4(k2)=kb5

enddo

endmacro

9.1.25 The interval counts are 10,3,1,2,1,3. The likelihood function is then



266 CHAPTER 9. MODEL CHECKING

given by
L(O|f1,o fo) = (1— 6—29)10 (6—29 _ 6—49)3 (6—49 _ 6—60) (e—se _ 6—86’)2
% (6789 . 67109) (67109)3,
so the log-likelihood is given by
101n (1 — 6_29) +31In (6_29 — 6_49) +1In (6_49 — 6_69) +2In (6_69 — 6_89)
+In (6_80 — 6—109) — 300.
This is plotted below.

By successively plotting the log-likelihood over smaller and smaller intervals,
the MLE was determined to be 6 = .22448. Accordingly, we get the following
expected counts 20(1 — e*Qé) = 7.2342,20(6*% - e’4é) = 4.6175,20(6"@ -
e=60) = 2.9473,20(e=%0 — ¢=80) = 1.8812, 20(e =50 — =100 = 1.2008, 20100 =
2.1190, and the chi-squared statistic equals

(7.2342 —10)>  (4.6175—3)°  (2.9473—1)"  (1.8812 —2)
72342 46175 20473 | 18812
(1.2008 —1)*  (2.1190 — 3)*
12008 | 21190
= 3.3180

The P-value equals (X2 ~ x%(1)) P(X? > 3.3180) = 1—.4939 = 0.5061. Hence,
we do not have evidence against the model.

9.1.26
(a) We have that
P((—00,600]) = (610%%%#) , "
ﬁﬁﬁfgg’olfgﬁ]o)]fqu ( 1%%%2) o ( A )
) 500 500 /°
P((1800,00)) = 1 — & (£58=£) |
so the log likelihood is given by

600 — 1 1200 — p 600 —
91n<I>( =00 )+201n<<1)( 200 ) <I>< =00 ))-i—

1800 — 4 1200 — p 1800 —
i (0 (B0 o (20 ) iy (1 (Br))

X; =
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This is plotted below.

Plotting the log-likelihood over successively smaller intervals, we obtain the
MLE as ji = 914.3. This leads to the expected counts

38 NormalDist (9552 ) = 10.063,

38 (NormalDist (%ﬂ) — NormalDist (m)) —17.151,

500 500
: 1800— 1 . 1200— 1
38 (NormalDlst (To#> — NormalDist ( =00 “)) =9.333,
38 (1 — NormalDist (2902) ) = 1.453,
and the Chi-squared statistic is given by
10.063 — 9)*  (17.151 —20)® (9.333—17)* (1.453 —2)?
ng( )+< )+( )+( )=1.375.

10.063 17.151 9.333 1.453

The P-value in this case is given by (X2 ~ x2 (2)) P(X? > 1.375) = 1—.4972 =
0.5028, so we have no evidence against the model.
(b) The overall MLE of p, namely without grouping, is fi = & = 900, so there
is a difference.
(c) We have that

P((—00,600]) = & (2222,

P((600, 1200) =  (12802) _ g (S22

P((1200,1800]) = @ (1890=2) — @ (1220=x)

P((1800,00)) = 1 — @ (57=2) |
so the log likelihood is given by

91n @ (—600_“) +20In (<1> (—1200_“) — (—600_“))
g ag ag
+7In (<I> (LOO_“) — (LOO_“» +2In (1 — (LOO_“)) .
ag g ag

9.1.27 The symmetry of a N(0,1) distribution implies that —r and r have the
same distribution. Since Dgkew (—7) = nl/Q(n—l)*/2 Z?:1(_Ti)3 = — Dgkew (1),
both Dgkew (—7) and Dgkew (1) have the same distribution. Thus, Dgkey is sym-
metric. The density histogram of Dggew and Dyyrtosis, when n = 10, is drawn

below based on m = 10* samples.
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In the graphs, both statistics are unimodal. Since the skewness is symmetric,
the P-value for assessing the normality is

P(‘Dskew(rﬂ > |Dskew(TO)D-

The density histogram for kurtosis is not symmetric but skewed to the right. To
measure the surprise of a value ry, we compute a P-value, i.e., the probability
of the set of more surprising values to ry. If the observed discrepancy dy =
Dyurtosis (To) 1s around the peak, there will be no evidence against the sample
coming from a normal distribution. If dj is placed on the right side of the peak,
we must find a left side boundary I, of the peak giving the same density to
dp. Then, compute p = P(D < Iy or D > dy) based on the simulation. It is
the P-value for checking normality using the kurtosis statistic. If dy is placed
on the left side of the peak, then find a right side boundary r, and compute
p=P(D <dyor D>m).

The same graphs are provided below when n = 20.
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The graphs look similar, with the n = 20 case perhaps a bit more regular.
The Minitab code for this simulation is given below.

%solution 10 10000
%solution 20 10000
# the corresponding macro "solution.mac"

macro
solution N M

# solution 9.1.27

mcolumn cl1 c2 c3 c4
mconstant N M k1 k2 k3 k4
# N is the sample size
# M is the number of repetition

set cl
1:M
end
let cl=c1x*0
let c2=cl

let k3=N**0.5 * (N-1)**x(-1.5)

let k4=N * (N-1)**(-2)

do ki1=1:M



270 CHAPTER 9. MODEL CHECKING

random N c3;
normal O 1.
let c4 = (c3-mean(c3))/stdev(c3)
let c1(k1l) = k3*sum(cd**3)
let c2(k1) = ké4*sum(cd**4)
enddo
name cl "skewness" c2 "kurtosis"
histogram ci1;
density;
bar;
color 23;
nodtitle;
graph;
color 23.
histogram c2;
density;
bar;
color 23;
nodtitle;
graph;
color 23.
endmacro

Challenges

9.1.28 We have that X; = p+ 0Z; where Z1,..., 7, is a sample from f. Now
observe that # = p+ 0z and Y0 (2 —2)° = Y0, (402 — p+02)° =

o2y (2 — 2)2 . Therefore,

1 —X Ty — X
r(z1,...,oy) = ey

S S

21—z

Vi (2~ 2)° o Vi (s = 2)° |

and so is a function of the z;. This implies that the distribution of R is inde-
pendent of (u, o) and so is ancillary.

9.2 Checking the Bayesian Model

Exercises

9.2.1
(a) The probability of obtaining s = 2 from f; is 1/3, which is a reasonable
value, so we have no evidence against the model {f1, fa}.
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(b) The prior predictive M distribution is given by

my =L, 71 1
T 103 103 3
31 7 1

2) = — = 0= —
m2) =153+t 1= 1o
31 72 17

3 = — = _—— = —
mB3) =153 103 = 30

So the probability of a data set occurring with probability as small as or smaller
than m(2) is 1/10, so the observation 2 is not very surprising. Accordingly,
there is no evidence of a prior-data conflict.

(¢) The prior predictive M now is given by

=1yl 1
MY = 7003 T 1003~ 3
11 99 1
2:—— —0:_
m(2) = 1563 * 100° = 300°
11992 199

mB3) = 1563 * 1003 ~ 300°

So the probability of a data set occurring with probability as small as or smaller
than m(2) is 1/300, and the observation 2 is surprising. Accordingly, there is
some evidence of a prior-data conflict.

9.2.2 The prior predictive probability function for the minimal sufficient statis-
ticy =nz =Y, z; is given by

L 16 y+3)rH-y
L(12) (@)’ Ty+1)T(7T—y)

m(y) =

A tabulation and a plot of this is given below.
y m(y)
.060606
.136364
.194805
.216450
.194805
. 136364
.060606

D 00 W N - O
O O O O O O o
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020 -

0.15 —

Prior predictive

0.10 -

0.06 -

Using the symmetry of the prior predictive, the probability of obtaining a value
with probability of occurrence no greater than y = nZ = 2 is equal to m (0) +
m (1)4+m(2)+m(4)+m (5)+m (6) = 2 (0.060606)+2(0.194805)+2 (0.136364) =
0.78355. Therefore, the observation y = nZ = 2 is not surprising and we conclude
that there is not any prior-data conflict.

9.2.3 The distribution of Z given the parameter p is Z|pu ~ N(u, 02 /n). Hence,
we can write = pu + 2z where z ~ N(0,08/n) is independent of p. Since
p ~ N (o, 7¢) in the prior specification, the prior predictive distribution of Z is
N(po,73) + N(0,02/n) ~ N(uo, 78 + 02 /n) by Theorem 4.6.1.

9.2.4 The prior predictive distribution is Mz ~ N(0,1 + 2/5) ~ N(0,1.4) as
is in Example 9.2.3. We compute the prior probability of the event mz(s) <
mz(7.3) = (|s| > 7.3) to assess whether or not observing Z = 7.3 is surprising.
Hence we get

p=P(|s| >73)=P(s>73)+ P(s < —-7.3)
=1—®(7.3/V14) + ®(—7.3/v/1.4) = 6.845 x 1017

It is very surprising. Hence, we find a strong evidence that there is a prior-data
conflict.

9.2.5 The maximum possible value of x from a ~ Uniform[0,6] is z = §. And
the maximum possible value of # from the prior is 1. Hence, the gross maximum
possible value of x is 1. However, x = 2.2 is observed. It is very surprising.
Hence, an appropriate P-value for checking for prior-data conflict must be 0.
We will show the same result mathematically. The prior predictive distribution
is m(z) = fol fo(z)d = fol To,0(x)/0d6 = f; 1/60d0 = In0|§=L = —Inx for
x € [0,1] and 0 for = ¢ [0, 1]. Since m(2.2) = —1Ij,17(2.2)In2.2 = 0, the P-value
for checking prior-data conflict is

p=M(m(z) <m(2.2)) = M(m(z) <0)=0.

Hence, there is definitely a prior-data conflict.



9.2. CHECKING THE BAYESIAN MODEL 273

Computer Exercises

9.2.6 The prior predictive probability function for the minimal sufficient statis-
tics y =nz =Y, x; is given by

rey re r'y+3)res3—y)

I'(26) (T (3)’T(y+ 1T (21 —y)

m(y) =

A tabulation and plot of this is given below.

y  m(y)
0 0.0043478
1 0.0118577
2 0.0214568
3 0.0321852
4 0.0431959
5 0.0537549
6 0.0632411
7 0.0711462
8 0.0770751
9 0.0807453
10 0.0819876
11 0.0807453
12 0.0770751
13 0.0711462
14 0.0632411
15 0.0537549
16 0.0431959
17 0.0321852
18 0.0214568
19 0.0118577
20 0.0043478

0.08 —
0.07 —
0.06 —
0.05 —
0.04 —
0.03 —
0.02 — ® °

Prior Predictive

0.01 —

.
0.00 —

Using the symmetry of the prior predictive, the probability of obtaining a value
probability of occurrence no greater than y = nZ = 6 equals 2m (0) + 2m (1) +
2m (2)+2m (3)+2m (4)+2m (5)+2m(6) = 0.460079. Therefore, the observation
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y = nZ = 6 is not surprising and we conclude that there is not any prior-data
conflict.

Problems

9.2.7 First, by Corollary 4.6.1 we have X ~ N(u,02/n). Then we can write
X as X = p+ Z/\/n, where Z ~ N(0,03) is independent of p ~ N(ug,73).
Hence, by Theorem 4.6.1 we have that the prior predictive distribution of X is
the N(uo, 78 + 02/n) distribution.

9.2.8 We have that Y = nX ~ Gamma(n,6), so the prior predictive distribu-
tion of Yis given by

B ©  gn - ﬁ3°9“07167ﬁ09

= Far? ) O w0 @
_ 0" I' (a0 + 1) nlr(aoijwz)(i)nl <1+£)(&0+n)i
~ T(ao)T (n) (Bo + y)n—mo Y - T(ag)T (n) \ Bo Bo B

Making the transformation z =y /m, we see that the prior predictive density of
X is given by

and from this we deduce that the prior predictive of agX /By is F (n, ap) .

9.2.9 We know that (x1,...,x;) ~ Multinomial(n, 6, ...,60). Therefore, the
prior predictive distribution of (z1, ..., xy) is given by

n Do+ +ag) [* /102“.016_1 14z1—1
_ 0 1 1
m (T, ..., Tg) <331 :L'k) I'(ag)---T (o) /() 0 1

% (1 -0, — - — Qkfl)a’”qc’“il dfy -+ dOy_1

:( n )F(a1+~-~+ak)F(a1+x1)-~-F(ak+xk)
M) T(ag) T(a+--+ar+n)

Ty ... Tk

9.2.10 When Xj,..., X, is a sample from the Uniform[0, §] distribution then
X(n) has density given by n (x(n))n_l /0" for 0 < x(,y < 6. Therefore, the prior
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predictive density of X, is given by

> . 0= I5.00) ()
m(l’(n)):/o (@) ) (9)#%

n (.’L‘ n )n_l > —a—n
= W /0 0 a2y 8} 00) (0) 0

n—1 0o
_ M/ 9= 4o

(a - 1) ﬁa71 max{z(n)ﬁ}

_ n ()" —
“latn—D(a—1)p1 (max {z(n), B})

9.2.11 Suppose i, is the true value of p. The P-value for checking for prior-data
conflict in Example 9.2.3 is given by

M(IX = pol > |2 — pol) = 2(1 = (| — ol /(75 + 03/n)"/?)).

Since T — p4 and ag/n — 0 as n — 00, the limit P-value is

lim M(|X = pol > |7 — pol) =2 =2 lim ®(|Z — puo| /(75 + o3/n)"/?))
n—00 n—oo
=2 —2%(|p — pol/70)-

So we see that, in the limit, we have prior-data conflict when the true value of
the parameter lies in the tails of the prior.

9.2.12

(a) The prior predictive distribution is m(z fo (1—0)*df = Beta(2,z+1) =
1/[(x 4+ 1)(x + 2)]. Since m(x) is strictly decreausmg7 the set of values at least
as surprising as xq is {x > xo}. Thus, the appropriate P-value for checking for
prior-data conflict is

o0

Meza) =3 ernery - 2 e ) Twen

=xq

(b) Since the P-value in (a) is decreasing as x( increases, the bigger value z
causes the stronger prior-data conflict.

(c) Note that the Geometric(0) does not make sense as it implies that we will
never observe any data. So putting a prior on 6 which is positive at 0 does
not make sense as this implies that § = 0 is a possibility. Note we cannot
eliminate this possibility by simply defining the prior density to be 0 at 0 because
limg_o7(0) = 1 so every small interval about # = 0 has non-negligible prior
probability. We conclude that the UJ0,1] prior does not make sense in this
example.

Challenges

9.2.13 The prior predictive distribution is given by the joint density of
(X, S2,u, 1/02) divided by the posterior density of (u, 1/02) . The joint density
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of (X, 8% p,1/0?), using the fact X ~ N(y,0?/n) independent of (n — 1) S? /0% ~
X% (n —1), is given by

X exp (— 2;21 52)

(e (i et (7)o (2)

Then using the same algebraic manipulations as carried out in Section 7.5, we
have that this joint density equals

n'/? L g - N o I
{%exp(—m(x—,u))} ((n=1)/2) \ 20 X

nl/2 (n— 1)% (82)%—1

T (T {(”* %>_W 5 M/Q‘)}

2
75 Bgo-i'n/

1 1\ Y2/ 1\? 1 1 )
wez) (7)ol eg)e-w)

2
0
aog+n/2
xT

1 ap+n/2—1 1
X —— [ — exp | B |-
I'(ag +n/2) \ o2 Yo?

where 1,

(n+1/75) " (0 / o + nT) and

_ n o wg o n—145 1 1\ /o 2
51—504-535 +F+ 5 573 n+— .
0

— +nx
2 Tg Tg
Since we know that the posterior distribution of (u,0?) is given by p|o?,x ~

N(pie, (n+1/73)"'0?) and 1/0? |2 ~ Gamma(ag + n/2, 3;) , this implies that
the prior predictive density of (X, 5?) is given by

N G VI o I LN G S B N ORI
Var  T(n-1)/2) {Tor(ao)}{(+ > |

2
75 Bgo'*‘"/




Chapter 10

Relationships Among
Variables

10.1 Related Variables

Exercises

10.1.1 From the definitions we know that if the conditional distribution of
Y given X does not change as we change X, then X and Y are unrelated
and then for any x1,xs, (that occur with positive probability) and y we have
PY=y|X=xz)=P(Y =y|X ==x9). Hence,

P(X=x1,Y=y) PX=ux,Y=y)

P(X=mz)  P(X=u)

so P(X=x,Y=y)=P(X =29,Y=y)P(X =121) /P (X = 22). Summing
this over z7 leads to P (X = 22,Y =y) = P(X = 22) P(Y = y), and this im-
plies that X and Y are statistically independent. Conversely, if X and Y are
statistically independent, then for all x and y we have

PX=z,Y=y) PX=x)P(Y =y)

PY =yl X=v)=—Fx 0 = PX =) =P =y),

so the conditional distribution of Y given X does not change as we change X,
and therefore X and Y are unrelated.

10.1.2 Suppose there exists 1 # o such that g (z1) # g(z2) and fx (z1) #
0, fx (xz2) # 0, where fx is the relative frequency function for X. Then we must

have
_ oy Ixy @y [0 y#g(w)
frlyl X =) = Ix (x) _{1 y =g (z)

for i = 1,2. Since g (1) # g (x2), this implies that the conditional distribution
of Y changes as we change X, and therefore X and Y are related.

277
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If g(z) = c for all z, we have g (z1) = g(22) = ¢, so fy (y| X =z1) =
fy (y| X = o) for all y, i.e., the conditional distribution of Y given X does not
change as we change x and so they are not related.

10.1.3 To check whether or not a relationship exists between Y and X we
calculate the conditional distributions of Y given X. These are given in the
following table.

11 0.15/0.73 = .20548 0.18/0.73 = .24658 0.40/0.73 = .54795
2| 0.12/0.27 = .44444 0.09/0.27 = .33333  0.06/0.27 = .22222

X
X

The conditional distribution of Y given X = x does change as we change x, so
we conclude that X and Y are related.

10.1.4 To check whether or not a relationship exists between Y and X we
calculate the conditional distribution of Y given X. These are given in the
following table.

Y=1 Y=2 Y-=3

_ 1/6 _ 1 1/6 1 1/3 1
X=1 pT1 T 3
_ 1/12 _ 1 1/12 1 1/6 _ 1
X=2|33=4 i3 =31 1I3=3

As we can see, the conditional distribution of Y given X = z does not change
at all as we change x, so we conclude that X and Y are unrelated.

10.1.5 Suppose that P (X = z) > 0. We have that

PY=y|X=2)=

P(X=z,X?=y) [0 y#a?
PX=2) |1 wy=2°

and so the conditional distributions will change with x whenever X is not de-
generate.

10.1.6 This cannot be claimed to be a cause-effect relationship because we
cannot assign the value birth-weight at birth.

10.1.7 If the conditional distribution of life-length given various smoking habits
changes, then we can conclude that these two variables are related. However, we
cannot assign the value of smoking habit (perhaps different amount of smoking),
and there might be many other confounding variables that should be taken into
account, e.g., exercise habits, eating habits, sleeping habits, etc. So we cannot
conclude that this relationship is a cause-effect relationship.

10.1.8 The teacher should conduct an experiment in which a random sample is
drawn from the population of students. Then half of this sample should be ran-
domly selected to write the exam with open book, while the other half writes
it with closed book. Then a comparison should be made of the conditional
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distributions of the response variable Y (the grade obtained) given the predic-
tor X (closed or open book) using the samples to make inference about these
distributions.

10.1.9 The researcher should draw a random sample from the population of
voters and ask them to measure their attitude towards a particular political
party on a scale from favorably disposed to unfavorably disposed. Then the
researcher should randomly select half of this sample to be exposed to a negative
ad (an ad that points out various negative attributes about the opponents),
while the other half is exposed to a positive ad (one that points out various
positive attributes of the party). They should all then be asked to measure
their attitude towards the particular political party on the same scale. Then
compare the conditional distribution of the response variable Y (the change in
attitude from before seeing the ad to after) given the predictor X (type of ad
exposed to) using the samples to make inference about these distributions.

10.1.10 Recall that the correlation of any two random variables is non-zero only
if the covariance of them is non-zero. This immediately implies that the two
variables are not independent, else Cov(X,Y’) = 0. Therefore, the two variables
are related.

10.1.11

(a) First, let 27 = 0 denote usual diet and x2 = 1 denote new diet. The
experimental design is given by {(0,100),(1,100)}.

(b) There are several concerns about the conduct of this study. First, we have
not taken a sample from the population of interest. The individuals involved
in the study have volunteered and, as a group, they might be very different
from the full population, e.g., in their ability to stick to the diet. Second, the
sample size might be too small relative to the population size, so inference may
be inconclusive.

(¢) We should group the individuals according to their initial weight W into
homogenous groups (blocks) and then randomly apply the treatments to the
individuals in each block and compare the conditional distribution of the re-
sponse given the two predictors, type of diet and initial weight. This will make
the comparisons more accurate by reducing variability.

10.1.12

(a) There are 10 conditional distributions since the factor W has 2 levels and
the factor X has 5 levels and so there 5(2) = 10 combinations.

(b) The predictor variable W (gender) is a categorical variable, while both the
response variable Y and the predictor variable X (age in years) are quantitative
variables.

(c¢) To have a balanced design we should allocate 200 individuals to each com-
bination of the factors.

(d) A relationship between the response and the predictors cannot be claimed to
be a cause-effect relationship since we cannot assign the values of the predictor
variables.
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(e) We should use family income as a blocking variable having, say, two levels,
namely low and high. Then look at the conditional distributions of the response
given the blocking variable and the two predictors.

10.1.13

(a) The response variable could be the number of times an individual has
watched the program. A suitable predictor variable is whether or not they
received the brochure.

(b) Yes as we have controlled the assignment of the predictor variable.

10.1.14 Given a fixed value of X, the conditional distribution of Y given W
and X does not change as W changes and is given by the N(3,5) distribution
for X =0 and the N(4,5) distribution for X = 1. Therefore, we can conclude
that W does not have a relationship with Y. However, for a fixed value of W,
the conditional distribution of Y given W and X changes as X changes from the
N(3,5) distribution for X = 0 to the N(4,5) distribution for X = 1. Therefore,
we can conclude that X does have a relationship with Y.

10.1.15 Given the value X = 1, the conditional distribution of Y given W and
X does not change as W changes and is given by the N (4, 5) distribution. While
given the value X = 0, the conditional distribution of Y given W and X changes
as W changes from the N(2,5) distribution for W = 0 to the N(3,5) distribution
for W = 1. Therefore, we conclude that W does have a relationship with Y.
Now, the conditional distribution of ¥ given W and X changes as X changes,
for a fixed value of W, and we can conclude that X does have a relationship
with Y.

10.1.16 In Exercise 10.1.14 the predictors do not interact since the changes
in the conditional distribution of Y given W and X, as we change X, does
not depend on the value of W. While in Exercise 10.1.15 the changes in the
conditional distribution of Y given W and X, as we change W, depend on the
value of X, so the predictors interact.

10.1.17
(a) X(4) =1 for i € {1,3,5,7,9} and X (i) = 0 for ¢ € {2,4,6,8,10}. Hence,
the relative frequencies are

X=0 X=1]sum
Rel. Freq. 0.5 0.5 1.0

(b) Y(i) =1forie {3,6,9} and Y (i) =0 for ¢ € {1,2,4,5,7,8,10}. Hence,

Y=0 Y=1]|sum
Rel. Freq. 0.7 0.3 1.0

(c) There are four possible pairs (X,Y). The relative frequency table is given
by
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Rel. Freq. | X =0 X =1 | sum
Y =0 0.3 0.4 0.7
Y =1 0.2 0.1 0.3

sum 0.5 0.5 1.0

(d) The conditional probability table is as follows.

PY=yX=2)|y=0 y=1|sum
z=0 0.6 0.4 1.0
rz=1 0.8 0.2 1.0

(e) The conditional distribution of Y given X varies as X varies. For example,
PY=0X=0)=06#08=P(Y =0/X =1). Thus, X and Y are related.

10.1.18 If there is exact relationship between X and Y, then finding a function
g such that Y = g(X) may not be a bad idea. However, there is no such g
in most practical problems. In most cases, the responses, Y, are not unique
even though the predictor values, X, are the same because of variation. For
example, a study on the relationship between blood pressure and age. Blood
pressures of the same aged people are not the same. Even though there is a
certain relationship between responses and predictors, responses may not be
determined by only predictors in most practical problems. So, we must take
into account this variability of responses when looking for relationships among
variables.

10.1.19 The distribution of Y given X = x is not the same when x changes
from 1 to 2. Thus, X and Y are related. We see that only the variance of the
conditional distribution changes as we change X.

10.1.20 The conditional distribution of Y given X = x changes as = changes.
Thus, X and Y are related. Both the mean and variance of the conditional
distributions change as we change X but the distribution is always normal.

10.1.21 The correlation is given by Cov(X,Y) = E(XY) — E(X)E(Y) =
E(X?) — BE(X)E(X?) = 0 since E(X*) = 0 for positive odd integer k because
X is symmetric. Even though the correlation between Y and X is 0, there is a
definite relationship, namely, Y = X?2. Note that the conditional distribution of
Y given X = x puts 1/2 the probability at  and 1/2 the probability at —x and
so the conditional distributions change with X. Thus, X and Y are related.

Problems

10.1.22 The situation is somewhat simpler when the predictors do not interact
because we can ignore the other predictor when studying the effects of changing
just one predictor as the change is the same no matter what value the other
predictor takes. Typically, the experimenter cannot control whether or not the
predictors interact.

10.1.23 If X and Y are related, then there exist 1, x2, y such that fyx (y|21) #
fY|X (y|x2). Now suppose that fX\Y (zly) = fX|Y($ |y ) for all z,y,y, ie.,
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that the conditional distribution of X given Y does not change as we change
Y. Then fxyy (z|y) = fxy (=,9)/fy (y) = fxy(@,vy)/fry) = fxy(z|y)

which implies fx.y (z,y) = (fxv(z,y)/fy W) fy () for all z,y,y , which in
turn implies

fX,Y(fE,y):ZfXY(IEny() fo;(xy> ()fy()

y

= | X rxw (20) | ) = Ix @) v )

for every x, y. But this implies fy|x (y|21) = fx (z1) fy (v) /fx (x1) = fv (y) =
fy|x (y|x2), which is a contradiction. Therefore we must have that fx|y (z|y) #

[xpy (] y/) for all z,y,y , i.e., that the conditional distribution of X given Y
changes as we change Y, which implies that ¥ and X are related variables (by
Definition 10.1).

10.1.24 We have that
Cov (U, V) = E(UV) — E(U)E(V)
=BE(X+2)Y+2)-EX+Z2)EY +2)
EXY+XZ+YZ+ 7% —(BE(X)+E(Z2))(E(Y)+ E(Z))
E(XY)+E(XZ)+E(YZ)+ E(Z*) -0
E(X)E(YY)+E(X)E(Z)+E(Y)E(Z)+ E (Z2°) =

so U and V' are not independent and so must be related.

10.1.25 First note that the joint probability distribution function of X and
Y is given by P(X =2,Y =y) = (7) (”;x) (%)z (%)y (%)niw*y. Since X ~
Binomial(n, 1/3) , the marginal probability function of X is given by P (X = z) =
(Z) (%)w (%)n_aJ . Therefore, the conditional distribution of Y given X = x has

probability function
() (";;)l)((%%))z(%g)n(_%x) <n - :r) ( é ) ;)y < % ) g)"y

Y 2 2
and this is the Binomial(n — x, 1/2) distribution and this changes with x. There-

fore, X and Y are related.

10.1.26 By Problem 2.8.27 X and Y are independent if and only if p = 0 and
Corr(X,Y) =

10.1.27 If the conditional distribution of Y given X = z and Z = z changes
as we change x for some value z then X and Y are related. If the conditional
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distribution of Y given X = x and Z = z never changes as we change z for each
fixed value of x, then Z and Y are not related.

Now px v,z (7,9,2) = py|x,z (Y| %, 2) px z(w, 2) =
py|x,z (Y| %, 2) px|z(x | 2)pz (2) and, because py|x, z (y|,z) is constant in z,
we must have that

A pxy (2,y) _ >..0yix,z (Ylz,2) px1z(z] 2)pz (2)
v px () px (@)
2. pxiz(@|2)pz (2)
a px (v)

=pyix,z Y|z, 2).

Therefore, px v,z (z,y,2) = py|x (¥ z) px|z(z | 2)pz (2) .

10.2 Categorical Response and Predictors

Exercises

10.2.1 First, note that the predictor variable, X-year, is not random. The
estimated conditional distribution of Y given X are recorded in the following
table.

June July August
Year 1 60/240 = .25 100/240 = .41667 80/240 = .33333
Year 2 | 80/240 = .33333 100/240 = .41667 60/240 = .25

Under the null hypothesis of no difference in the distributions of thunderstorms
between the two years, the MLE’s are given by

140 200 . 140
— T — 99167, fy = — = 41667, 63 = — = . 29167.
7480 72T 480 VT

Then the estimates of the expected counts n;0; are given in the following table.

D>

June July August
Year 1 70 100 70
Year 2 | 70 100 70

The Chi-squared statistic is then equal to XZ = 5.7143 and, with X2 ~ x? (2),
the P-value equals P (X 2> 5. 7143) = .05743. Therefore, we do not have evi-
dence against the null hypothesis of no difference in the distributions of thun-
derstorms between the two years, at least at the .05 level.

10.2.2 First note that the predictor variable, X (received vitamin C or not),
is deterministic. The estimated conditional distributions of Y given X are
recorded in the following table.

No cold  Cold
Placebo 22143 .77857
Vitamin C | .12230 .87770
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Under the null hypothesis of no relationship between taking vitamin C and the
incidence of the common cold, the MLE’s are given by

N 48 A 231
= —_— = .1 2 4 = - = 2 .
b1 = 5o = 17204, 0y = —=o = 82796

Then the estimates of the expected counts n;0; are given in the following table.

No cold Cold
Placebo 24.086 11591
Vitamin C | 23.914 115.09

The Chi-squared statistic is equal to X7 = 4.8105 and, with X2 ~ x?(1),
the P-value equals P (X 2> 4.8105) = .02829. Therefore, we have evidence
against the null hypothesis of no relationship between taking vitamin C and the
incidence of the common cold.

10.2.3 The estimated conditional distributions of Y (second digit) given X (first
digit) are recorded in the following table.

Second digit 0 Second digit 1
First digit 0 0.489796 0.510204
First digit 1 0.500000 0.500000

Under the null hypothesis of no relationship between the digits, the MLE’s are
given by

A 495 A 505
91——1000 495,92——1000 505
for the Y probabilities and
R 490 A 510
%1.= Too0 — 4% 02 = 1500 = P

for the X probabilities. Then the estimates of the expected counts n;0;..0.; are
given in the following table.

Second digit 0 Second digit 1
First digit 0 242.55 247.45
First digit 1 252.45 257.55

The Chi-squared statistic is then equal to X2 = .10409 and, with X2 ~ y2 (1),
the P-value equals P (X 2> 0.104092) = .74698. Therefore, we have no evidence
against the null hypothesis of no relationship between the two digits.

10.2.4 First, note that the predictor variable, X (university), is not random.
The estimated conditional distributions of Y given X are recorded in the fol-
lowing table.

Fail Pass
University 1 | 0.187500 0.812500
University 2 | 0.077193  0.922807
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Under the null hypothesis of no relationship between calculus grades and uni-
versity, the MLE’s are given by

. 55 A 406
L= 61 931, 0, 161 88069

Then the estimates of the expected counts n;0; are given in the following table.

Fail Pass
University 1 | 20.999 155.0
University 2 | 34.003 251.0

The Chi-squared statistic is then equal to X2 = 12.598 and, with X2 ~ x? (1),
the P-value equals P (X 2> 12. 598) = .00039. Therefore, we have strong evi-
dence against the null hypothesis of no relationship between the calculus grades
and university.

10.2.5
(a) First, note that the predictor variable, X (gender), is not random. The

estimated conditional distributions of Y given X are given in the following
table.

Y=fair Y=red Y =medium Y =dark Y = jet black
X =m | 0.281905 0.0566667 0.404286 0.240000 0.0171429
X =1f |[0.305104 0.0544027 0.379697 0.252944 0.0078519

Under the null hypothesis of no relationship between hair color and gender, the
MLE’s are given by

. 1136 . 216 . 1526
=—— =202 = = — 055627, 03 = —— = .0.392
b1 = 505 = 292557, 02 = oz = 055627, 63 = o = 0.392005,

. 955 .50
0, = —— = 245944, f5 = —— = 0.012877.
173883 5944, 05 = 5355 = 0.012877

Then the estimates of the expected counts n;0; are given in the following table.

Y =fair Y=red Y =medium Y =dark Y = jet black
m | 614.370 116.817 825.290 516.482 27.041
f 521.630 99.183 700.710 438.518 22.959

X
X

The Chi-squared statistic is then equal to X2 = 10.4674 and, with X2 ~ x? (4),
the P-value equals P (X? > 10.4674) = .03325. Therefore, we have some ev-
idence against the null hypothesis of no relationship between hair color and
gender.

(b) The appropriate bar plots are the two conditional distributions and these
are plotted as follows for males and then females.
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(c) The standardized residuals are given in the following table. They all look
reasonable, so nothing stands out as an explanation of why the model of inde-
pendence doesn’t fit. Overall, it looks like a large sample size has detected a
small difference.

Y=fair Y =red Y =medium Y =dark Y = jet black

X =m | —1.07303 0.20785 1.05934 —0.63250 1.73407

X=f 1.16452 —0.22557 —1.14966 0.68642 —1.88191
10.2.6

(a) First, note that the predictor variable X, is not random. The estimated
conditional distributions of Y given X are given in the following table.

X=1 X=2 X=-3 X—4
Y=0] 048 040 064 056
Y=1| 052 060 036 044

Under the null hypothesis of no relationship between X and Y, the MLE’s are
given by

. 2 .
> 52

4
01 8

100 U772 100
Then the estimates of the expected counts n;0; are given in the following table.

) 48.

X=1
0 13
1 12

X=2 X=3 X=4
13 13 13
12 12 12

Y
Y

The Chi-squared statistic is then equal to X? = 3.20513 and, with X2 ~ x? (3),
the P-value equals P (X2 > 3.20513) = .36107. Therefore, we do not have any
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evidence against the null hypothesis of no cause-effect relationship between X
and Y.

(b) If a relationship had been detected, this would be evidence of a cause-effect
relationship because we have assigned the value of X to each sample element.

10.2.7 We should first generate a value for X; ~ Dirichlet(1,3). Then generate
Us from the Beta(1,2) distribution and set X5 = (1 — X1) Us. Then generate
Us from the Beta(1, 1) distribution and set X3 = (1 — X7 — X2) Us. Then set
Xy=1—X; — Xy — Xs.

10.2.8 The first step is drawing the frequency table of (X,Y’), that is, tabulate
fz,y, the number of items having X = x and Y = y. Also let N be the size of the
population. Then check whether X and Y are independent or not, i.e., check
whether fg, = fy.fy/N for all  and y or not. If X and Y are independent,
there is no relationship between X and Y. And there is a relationship otherwise.
If the frequency table is close to that of independent variables, there is a weak
relationship. So, if | fzy — fo.f.y/IN| is small there is a weak relationship and if
it is big there is a strong relationship.

10.2.9 Let X and Y be the numbers showing on each die. Then there are 36
possible pairs (i, 7) fori,j = 1,...,6. Then, write a 6 x6 frequency table, say f;;,
and compute chi-squared statistic, X% = >0 Z?Zl(fij — fi.-f5/n)? ) (fif5/m).
Using X2 — x2((6 — 1)(6 — 1)) ~ x%(25), we compute P(x?(25) > X?). If this
is small, we have evidence against the null hypothesis.

10.2.10

(a) First of all, write a frequency table, say f;; for i = A, B,C, D, E and F, and
j =,female, male. Then, compute the chi-squared statistic, X =3, " j( fij —
Fi-fy/n)2/(fifi/n). Based on X2 — x3((6 — 1)(2 — 1)) ~ x*(5), compute
P(x%(5) > X?). If it is small, we have evidence against the null hypothesis of
no difference in the final grade distributions between females and males.

(b) As indicated in part (a), the distribution of X? is asymptotically x?(5)-
distribution. However, the professor has not sampled from a population. To
carry out the test the professor needs to assume that the class is like a random
sample from some larger population of interest and this may not be the case.

10.2.11 We look at the differences |f;; — fi-f.;/n| to see how big these are. If
these are all quite small, then the deviation from independence detected by the
test is of no practical importance.

Problems

10.2.12 We place a Dirichlet(1,1,1,1,1,1,1,1,1,1,1,1) prior distribution on
(911, 0217 9317 912, 922, 932, 913, 923, 933, 014, 0247 034), so the posterior is propor-
tional to (using @34 = 1— the other parameters) 61703703201109,01301108.019611
% 03,023, Therefore, the posterior distribution is Dirichlet(18,18,13,12, 10, 14,
12,9,20, 15,8, 29).

10.2.13 We place a Dirichlet(1, 1,1) prior on (90|X:j70A|X:j) for j = P,G,C,
and we assume that these three distributions are independent. Therefore, the



288 CHAPTER 10. RELATIONSHIPS AMONG VARIABLES

posterior is proportional to

383
(

(90|X:P)983 (GA\X:P)EWQ (OB\X:P)134 X (OO\X:G) 9A|X:G)416 (OB\X:G)84

% (QO‘X:C)QSQQ (6A|X:C)2625 ( )570
s0 (lojx=p,04/x=p) | data ~ Dirichlet(984, 680, 135) , (6o|x=c:Oajx=c) |

data ~ Dirichlet(384,417,85) , (6o|x=c,0ajx=c) | data ~ Dirichlet(2893, 2626,
571) and they are independent.

)

Op|x=c

10.2.14 Consider the following 2 x 2 table.

Y=1 Y=2 PX=2

X=1 011 012 011 + 012

X=2 021 B2 021 + 022
P =y) | 011+621 612402 1

NowX and Y independent implies that

011 = (011 + 012) (011 +021), 012 = (011 + 012) (O12 + 022)
021 = (021 + 022) (611 + 021), Oa2 = (021 + 022) (O12 + 022) .

and this implies that

011000 (011 4 012) (011 + 021) (021 + Oo2) (012 + 020)

012021 (011 + 012) (O12 + 022) (021 + O22) (611 + 021)

Now 911022/912921 =1 implies that 911922 = 912021 and so (911 + 012) 922 =
012 (021 + O22) and (011 + 612) (012 + 622) = 612 (021 + O22 = 011 + 612) = O12.
Also, 011022 = 012021 implies (011 + 621) 622 = (612 + O22) O21 and so (611 + 621)
X (021 4 022) = (612 + a2 + 011 + 021) 021 = 021 Similarly, Oa0 = (621 + 022)

X (012 + 022) and 011 = (611 + 612) (611 + 021), so X and Y are independent.

10.2.15 When sampling with replacement from the population, we can think
of the sample as an i.i.d. sample from this population, so each observation has
probability 6;; of falling in the (¢, j) category, namely 6,;. Then when f;; sample

elements fall in this cell the likelihood takes the form [, H?Zl Gfo as claimed.

10.2.16 First, note that there are only ab—1 free parameters, so we place 0, =
1— Z(i 3 £(ab) 0;;. The likelihood function is given by L(611, ..., 04 | (z1,y1), ..,

(Tn,yn)) = [T, H?:l Hf;j. The log-likelihood function is given by (011, ..., Oup |

(xlu yl)a <eey (xnayn)) = Z?:l Z?’:l f’Lj In 9”

The score function is then given by

fin _ fa
011 Oub
fiz _ fap

S (6117 "'70a(b71) | (:Elvyl) PEREE] (xnayn)) = 012 Oap
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Setting this equal to 0 and solving leads to 6;; = (fi;j/fab) @ap. Then summing
both sides over all (i,5) # (a,b) leads to 1 — bap = (0 — fap) Oan/ fap OF Oup =
fab/n, and this implies that 6;; = f;;/n gives a unique solution to the score
equations.

Now the log-likelihood takes the value —oo whenever any 6;; = 0, so the
log-likelihood does not attain its maximum at such a point. Therefore, the log-
likelihood is maximized at some point for which all 6;; # 0, and the log-likelihood
is continuously differentiable at such a point. Since the unique solution to the
score equations is such a point, it must be the MLE.

10.2.17 Welet 0., ...,0(q_1).,0.1,...,0.4_1) be the free parameters since 0,. =
1— 397 0; and 0, = 1 — 327~ 1 60.;. The likelihood function is then given by
L(61~a RN 0(0,71)-’ 0'17 LR 70~(b71) ‘ (xla y1>7 ey (:Env yn)) = H?:l ngl(alej)f” =
[T5-, 0/ TT°_, 677 . The log-likelihood function is given by L(01., .. ,0(_1)., 0.1,

Jj=1

cosbmny (@ yn)s e (@0, un)) = Doty fiIn6i + 22:1 fjIn6.;. The score
function is then given by

Sio fa
01, ~ 0,
S (91-7 cee ag(a—l)'a 9-1; EREE) 9'(b—1) ‘ (xlvyl) ooy (xna yn)) = f1i_ fa
0.1 0y
Setting this equal to 0 and solving leads to
0;. = ﬁea., 0. = &9.5,.
fa- fAb
Summing these over i = 1,...,a—1and j =1,...,b— 1 leads to the equations
n— fav n— f~b
1-— Qa. = —9,1. and 1 — H.b = H.b.
fa< f~b

Therefore, 0,. = fq./n,0.5 = f/n, and this implies that 6,. = f;./n,0.; = f.;/n
gives a unique solution to the score equations.

Now the log-likelihood takes the value —co whenever any 6;. =0 or 6.; = 0,
so the log-likelihood does not attain its maximum at such a point. Therefore,
the log-likelihood is maximized at some point for which all §;. # 0 or 6.; # 0,
and the log-likelihood is continuously differentiable at such a point. Since the
unique solution to the score equations is such a point, it must be the MLE.

10.2.18 There are a (b — 1) free parameters because O x—; = 1 — Z?;} 01 x=i
for i = 1,...,a. The likelihood function is given by

L (el\X:b s 79b—1|X:17 s aeb—l\X:a | (xla yl) ey (xnvyn))

= 11T (x-)"

i=1j=1
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The log-likelihood function is given by

l (el\X:h sy 9b71\X:17 e 70b71|X:a ‘ (37171111) PREES) (xnvyn))

a b
= Z Z JigIn0jx—;.

i=1 j=1
The score function is then given by

fii  _ _fip
011x=1 Oy x=1

S (91|x:1a91|ac:2 | (mlayl) 5 eeny (xn,yn)) =

Setting this equal to 0 and solving leads to 0 x—; = (fi;/ fis) 0y x=i- Summing
both sides over j =1,...,b— 1 leads to

1-— 0b|X:i = 9b|X:i

fzb

and this implies that Oy x—; = fi/n; further implying that 0;x—; = fi;/n:
gives a unique solution to the score equations.

Now the log-likelihood takes the value —oo whenever any 0;x—; = 0, so
the log-likelihood does not attain its maximum at such a point. Therefore, the
log-likelihood is maximized at some point for which all 6;x—; # 0, and the
log-likelihood is continuously differentiable at such a point. Since the unique
solution to the score equations is such a point, it must be the MLE.

ng. — fip

10.2.19 There are b—1 free parameters because 8, = 1—2?: 0;. The likelihood
function is given by L (61,...,0p—1| (1,91) s (Zn,yn)) = [11=, H?Zl 0{” =
H?:l 0; 7. The log-likelihood function is given by

101, .- 0b—1] (x1,01) ey (@n,y ) = Z?:l f.;1n0;. The score function is then
given by

fa I
01 3
S(017~-~79b—1| (xlayl)v"'v(xnvyn)): .
fo-n  fa
Op—1 [

Setting this equal to 0 gives 6; = (f.;/fs)6y and summing this over j =
1,...,b—1 gives 1 — 0, = (n— f4) 0/ fp. This implies that 0, = f;/n, fur-
ther implying that 6; = f.;/n gives a unique solution to the score equations.

Now the log-likelihood takes the value —oo whenever any 6; = 0, so the
log-likelihood does not attain its maximum at such a point. Therefore the log-
likelihood is maximized at some point for which all 8; # 0, and the log-likelihood
is continuously differentiable at such a point. Since the unique solution to the
score equations is such a point, it must be the MLE.
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10.2.20 First, note that the density of Dirichlet(c, ..., %) density is given by

Plait-tog) a1—1 az—1  _ap—1
F(al)ml—‘(ak)xl Ty z, . Therefore,

1 l—xo——xp_1
E(X?Xllck):/o/o xlll‘-‘(l—xl_"‘_xkfl)lk

F(ar4-+0k) 0,1 a1 ar—1
o o=l 1 e DV Ve e da
T (ar) T (on) 7ty ( 1 ZTp—1) 1 Th_1

T+ 4ar) T(a+l)---T(ap+ )
C T(aa) - T(ag) T(ar+-+ap+li+-+ )

Computer Problems

10.2.21 The following code generates the sample in ¢2, c3, c4, cb.

gmacro

dirichlet

note - the base command sets the seed for the random number
generator (so you can repeat a simulation).

base 34256734

note - here we provide the algorithm for generating from a
Dirichlet (k1,k2,k3,k4) distribution.

note - assign the values of the parameters.

let ki1=1

let k2=1

let k3=1

let k4=1

let kb5=K2+k3+k4

let k6=k3+k4

note - generate the sample with i-th sample in i-th row of
c2, c3, c4, cb,

do k10=1:10000

random 1 ci;

beta k1 k5.

let c2(k10)=c1(1)

random 1 c1i;

beta k2 k6.

let c3(k10)=(1-c2(k10))*c1(1)

random 1 ci;

beta k3 k4.

let c4(k10)=(1-c2(k10)-c3(k10))*c1(1)

let c5(k10)= 1-c2(k10)-c3(k10)-c4(k10)

enddo

endmacro

Based on the output, the following commands calculate the estimates of the
expectations.
MTIB > let kl=mean(c2)
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MTB > let k2=mean(c3)
MTB > let k3=mean(c4)
MTB > let k4=mean(ch)
MTB > print kl-k4
Data Display

K1 0.247073

K2 0.251701

K3 0.251028

K4 0.250198

From Appendix C the exact values of each of these expectations is given by
1/1+14+1+1)=.25.

10.2.22 From Problem 10.2.12 we need to generate from a Dirichlet(18, 18,13, 12,

10,14,12,9, 20, 15, 8, 29) distribution. The code below generates the sample.

gmacro

dirichlet

note - the base command sets the seed for the random number
generator (so you can repeat a simulation).

base 34256734

note - here we provide the algorithm for generating from a
Dirichlet(k1,k2,k3,k4) distribution.

note - assign the values of the parameters.

let k1=18

let k2=18

let k3=13

let k4=12

let k5=10

let k6=14

let k7=12

let k8=9

let k9=20

let k10=15

let k11=8

let k12=29

let k20=K2+k3+k4+k5+k6+k7+k8+k9+k10+k11+k12

let k21=k3+k4+k5+k6+k7+k8+k9+k10+k11+k12

let k22=k4+kb5+k6+k7+k8+k9+k10+k11+k12

let k23=kb+k6+k7+k8+k9+k10+k11+k12

let k24=k6+k7+k8+k9+k10+k11+k12

let k25=k7+k8+k9+k10+k11+k12

let k26=k8+k9+k10+k11+k12

let k27=k9+k10+k11+k12

let k28=k10+k11+k12

let k29=k11+k12

let k30=k12

note - generate the sample with i-th sample in i-th row of
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c2, c3, c4, cb,

do k100=1:10000

random 1 c1i;

beta k1 k20.

let c2(k100)=c1(1)

random 1 ci;

beta k2 k21.

let c3(k100)=(1-c2(k100))*c1(1)

random 1 ci;

beta k3 k22.

let c4(k100)=(1-c2(k100)-c3(k100))*c1(1)

random 1 ci1;

beta k4 k23.

let c5(k100)=(1-c2(k100)-c3(k100)-c4(k100))*c1(1)

random 1 ci1;

beta kb k24.

let c6(k100)=(1-c2(k100)-c3(k100)-c4(k100)-c5(k100))*c1(1)

random 1 ci1;

beta k6 k25.

let c7(k100)=(1-c2(k100)-c3(k100)-c4(k100)-c5(k100)
-c6(k100))*c1(1)

random 1 ci;

beta k7 k26.

let c8(k100)=(1-¢c2(k100)-c3(k100)-c4(k100)-c5(k100)
-c6(k100) -c7(k100)) *c1(1)

random 1 ci1;

beta k8 k27.

let c9(k100)=(1-¢c2(k100)-c3(k100)-c4(k100)-c5(k100)
-c6(k100)-c7(k100)-c8(k100) ) *c1(1)

random 1 c1i;

beta k9 k28.

let c¢10(k100)=(1-c2(k100)-c3(k100)-c4(k100)-c5(k100)-c6(k100)
-c7(k100)-c8(k100)-c9(k100))*c1(1)

random 1 ci1;

beta k10 k29.

let c11(k100)=(1-c2(k100)-c3(k100)-c4(k100)-c5(k100)-c6(k100)
-c7(k100)-c8(k100)-c9(k100)-c10(k100)) *c1(1)

random 1 ci;

beta k11 k30.

let c12(k100)=(1-c2(k100)-c3(k100)-c4(k100)-c5(k100)-c6(k100)
-c7(k100)-c8(k100)-c9(k100)-c10(k100)-c11(k100)) *c1(1)

let c13(k100)=(1-c2(k100)-c3(k100)-c4(k100)-c5(k100)-c6(k100)
-c7(k100)-c8(k100)-c9(k100)-c10(k100)-c11(k100)-c12(k100))

enddo

endmacro

293

Once the sample is generated, the following code generates the estimates.



294 CHAPTER 10. RELATIONSHIPS AMONG VARIABLES

MTB
MTB
MTB
MTB
MTB
MTB
MTB
MTB
MTB
MTB
MTB

let kl=mean(c2)
let k2=mean(c3)
let k3=mean(c4)
let k4=mean(c5)
let kb5=mean(c6)
let k6=mean(c7)
let k7=mean(c8)
let k8=mean(c9)
let k9=mean(c10)
let k10=mean(c11)
let kill=mean(c12)
MTB let k12=mean(c13)
MTB print ki-ki2
Data Display
K1 0.101230
K2 0.101019
K3 0.0728538
K4 0.0675903
K5 0.0562978
K6 0.0785378
K7 0.0675277
K8 0.0507912
K9 0.112003
K10 0.0844297
K11 0.0449191
K12 0.162800
From Appendix C the exact posterior expected values are given by (where
s =184+184+134+124+ 104+ 144+ 124+ 9+ 20+ 154+ 8 4+ 29 = 178) and
(18/s,18/s,13/s,12/s,10/s,14/5,12/5,9/5,20/s,15/5,8/5,29/5). So the esti-
mates are as recorded in the following table.

VVVVVVVVYVYVYVVYV

O OO OO O oo

Estimate of posterior mean of «;
1.0112 x 10!
1.0112 x 107!
7.3034 x 1072
6.7416 x 1072
5.6180 x 1072
7.8652 x 1072
6.7416 x 1072
5.0562 x 1072
0.112 36
8.4270 x 1072
4.4944 x 1072
0.16292

00 ~J O Ui W N =

el
N = O
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Challenges

10.2.23 We have that Uy, Us, ..., Ui_1 are independent, with
U; ~ Beta(a;, a1 + -+ + ag) and

Xi=U,Xo=01-X)Usy..., X1 =(1 =Xy — - = Xp_1) Up—1,
S0
Ui=X1,Us=Xo/ (1= X1),...,Up1 = X1/ (1 = X1 — - = Xp1).

From this we deduce that the matrix of partial derivatives of this transforma-
tion is lower triangular and the ith element along the diagonal is OU;/0X; =

1/(1—= X1 —-+-— X;—1). Therefore, the Jacobian derivative is given by

H;:Ql 1-X; - = Xi_l)_l . Now the joint density of (Uy, Us, ..., U_1) pro-
portional to

utlh—l (1 i ul)az+'~~+ak—1 ugz—l (1 B u2)(¥3+~--+0¢k—1 . 'uzk—‘_llil (1 - Uk—l)ak_l )

Therefore, the joint density of (X, X, ..., Xk_1) is proportional to

az—1
a;—1 ag+-tap—1 To To
x] (1 —zq) T2 1-— -

—1—1 -1
. Thk—1 Fh—1 1 _ Tkr—1 Xk
I—zi—=p—2 )4 l—z1——xp_2

k—1
X H(l—l’l—"'—l'i,l)il
=2

_a1—1_as—1 ag_1—1
_xl xz .'."Ekfl (1_x1_._$k_1)

>a3+“'+ak—1

ar—1

% (1 _ xl)l}é2+---+ak71 (1 _ xl)l*&z*(a3+~~+akfl) (1 _ 331)71

x(1—a - $2)a3+w+arl (I—a — =’E2)1ia37(a4+m+arl) (I—a — 552)71 X
= x?171x3271 “e JjZi&lil (1 f— xl —_ e — xk_l)ak_l s

SO (Xl,XQ, ‘e an—l) ~ Dirichlet(al, ag, ... ,O(k) .

10.3 Quantitative Response and Predictors

Exercises
10.3.1 Since T € [0, 1] with probability 1, we have that Z is the least-squares

estimate of the mean .
10.3.2 Since Z € [0,0] C [0,00) with probability 1, we have that Z is the
least-squares estimate of the mean 6/2 € [0, o).

10.3.3 Since T € (0,00) with probability 1, we have that Z is the least-squares
estimate of the mean 1/6 € (0, 00).

10.3.4
(a) A scatter plot is given below.
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(b) The least-squares estimates of 81 and [2 are given by by = 2.1024 and
b1 =y = —0.00091, so the least-squares line is given by y = —0.00091+2. 1024x.
A scatter plot of the data together with a plot of the least-squares line follows.

Regression Plot
Y =-0.0009091 +2.10236 X

§=154276 RSq=958% R-Sqad)=953%

(c¢) The plot of the standardized residuals against X follows.

Residuals Versus X
(response is Y)

Standardized Residual

(d) A normal probability plot of the standardized residuals is given below.
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Normal Probability Plot of the Residuals

(response is Y)

Normal Score

T T T T
2 A 0 1

Standardized Residual

(e) Both graphs indicate that the normal simple linear regression model is rea-
sonable.
(f) A .95-confidence interval for the intercept is given by

—0.00091 £ 0.4652 (2.2622) = (—1.0533,1.0515)

and a .95-confidence interval for the slope is given by 2.1024 £0.1471 - 2. 2622 =
(1.7696, 2.4352) .
(g) The ANOVA table is follows.

Source | Df SS MS

X 1 486.19 486.19
Error 9 21.42 2.38
Total | 10 507.61

The F statistic for testing Hy : f2 = 0 is given by F' = 486.19/2.38 = 204. 28
and, since F' ~ F (1,9) under Hy, the P-value is given by P(F > 204.28) = .000,
so we reject the null hypothesis of no effect between X and Y.

(h) The proportion of the observed variation in the response that is being ex-
plained by changes in the predictor is given by the coefficient of determination
R? = 486.19/507.61 = .9578.

(i) The prediction is given by y = —0.00091 + 2.1024 (0) = —0.00091. This is
an interpolation because 0.0 is in the range of observed X values. The standard
error of this prediction is, since Z = 0 (using Corollary 10.3.1), (2.38/11)1/2 =
0.46515.

(j) The prediction is given by y = —0.00091 + 2.1024 (6) = 12.613. This is an
extrapolation because 6 is not in the range of observed X values. The standard
error of this prediction is, since Z = 0 (using Corollary 10.3.1),

9\ 1/2
(2.38)"/2 (i 4620 ) = 0.99763.

11 110

(k) The prediction is given by y = —0.00091 + 2. 1024 (20) = 42.047. This is an
extrapolation because 12 is not in the range of observed X values. The standard
error of this prediction is, since Z = 0 (using Corollary 10.3.1),

(238)2 [ L ¢ (200" 1/2*29784
' 11 110 T '
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The standard errors get larger as we move away from the observed X values.

10.3.5
(a) A scatter plot of the data follows.

90 —
80 —f
70 —
60 —
50 —
40 — .
30 —
20 —
10 —

(b) The least-squares estimates of 5, and 33 are given by by = 2.10236 and
b1 = 29.9991. The least-squares line is then given by y = 29.9991 + 2.10236x. A
scatter plot of the data together with a plot of the least-squares line follows.

Regression Plot
Y=29.9991 +2.10236 X

$=285887 R-Sq=62% RSq(ad)=00%

(c) The plot of the standardized residuals against X follows.

Residuals Versus X
(response is Y)

Standardized Residual

(d) A normal probability plot of the standardized residuals follows.
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Normal Probability Plot of the Residuals

(response is Y)

Normal Score

T T T T
-1 0 1 2

Standardized Residual

(e) The plot of the standardized residuals against X indicates very clearly that
there is a problem with this model.

(f) Based on (e), it is not appropriate to calculate confidence intervals for the
intercept and slope.

(g) Nothing can be concluded about the relationship between Y and X based
on this model as we have determined that it is inappropriate.

(h) The proportion of the observed variation in the response that is being ex-
plained by changes in the predictor is given by the coefficient of determination
R? = 486.193/7842.01 = 0.062, which is very low.

10.3.6
(a) A scatter plot of the data is given below.

.
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Day

(b) The least-squares estimates of 81 and 5 are given by by = 2732.67 and b; =
—9033.28, respectively. The least-squares line is then given by y = —9033.28 +
2732.67x. A scatter plot of the data together with a plot of the least-squares
line follows.
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Regression Plot
Density = -9033.28 + 2732.67 Day

$=720381 RSq=59.1% R-Sq(ad)=54.0%
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(c) A plot of the standardized residuals against X follows.

Residuals Versus Day

(response is Density)

Standardized Residual

Day

(d) A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals

(response is Density)

Normal Score

T T T T
-1 0 1 2

Standardized Residual

(e) The plot of the standardized residuals against X indicates very clearly that
there is a problem with this model.

(f) Taking the logarithm of the response, we obtain the least-squares line given
by In (y) = 0.169155 + 1.06500z. A scatter plot of the data together with the
least-squares line follows
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Regression Plot
Log-Density = 0.169155 + 1.06500 Day
$=0696788 R-Sq=96.0% R-Sq(adj)=955%

Log-Density
|

A plot of the standardized residuals against X follows.

A normal probability plot of the standardized residuals follows.

Residuals Versus Day
(response is Log-Dens)

Standardized Residual

Day

Normal Probability Plot of the Residuals

(response is Log-Dens)

Normal Score

T T T T
-2 -1 0 1
Standardized Residual
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Both graphs above look reasonable and therefore indicate no evidence against
the normal linear model for the transformed response.
(g) As we can see from the scatter plot in part (a), the relationship between X
and Y is definitely non-linear, and therefore it is not appropriate to calculate
confidence intervals for the intercept and slope. However, after transforming the
response, the relationship looks quite linear, so for this model 0.95-confidence
intervals for the intercept and the slope are given by 0.169155+0.4760 (2.306) =
(—.9285,1.2668) and 1.065 4+ 0.07671 (2.306) = (.88811, 1.2419), respectively.
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(h) The ANOVA table based on the transformed data (in part f) is given below.

Source | Df SS MS
X 1 93.573 93.573
Error 8 3.884 0.486
Total 9 97.458

The F statistic for testing Hy : S = 0 for this model is then given by F =
93.573/3.884 = 24.092 and, since F' ~ F (1,8) under Hy, the P-value is P(F >
24.092) = 0.000. Therefore, we have strong evidence against the null hypothesis
of no relationship between InY and X.

(i) Yes, we can conclude that there is a relationship. We can then express the
relationship between X and Y as E(InY | X = z) = 0.169155 + 1.06500z.

(j) The proportion of the observed variation in the response that is being ex-
plained by changes in the predictor is given by the coefficient of determination
R? = 616068769/1.042E + 09 = 59.1 for the first model, which is quite low, and
R? =93.573/97.458 = . 96014 for the second model (as in part f), which is quite
high.

(k) The prediction of InY at X = 12 is given by 0.169155 + 1.06500 (12) =
12.949. The prediction of Y is then given by exp (12.949) = 4.2042 x 10°. This
is an extrapolation as 12 lies outside the range of observed X values.

10.3.7
(a)

904 .

80 .

grade

604

504

(b) For the data analysis, we need to do some computations. We define Sap =
> (a;—a)(b;—b) for two random variables A and B. Then, Sxy = > -, (z;—
2)(yi—7) = 3wy — S0 @ SO i /n = 5822~ T8-852/12 = 284, Xxx =
S (=32 =Y a2 — (X0, @) /n = 650 — 782/12 = 143 and Xyy —
Siayi- (>, yz)z/n = 62104 — 8522 /12 = 1612. The regression coefficients

are by = Z?:1<.’L‘i —i’)(yl —y)/ Z?:l(‘ri —ZE)Q = Sxy/SXX = 284/143 = 1.9860
and by = § — boT = 71 — 1.9860 x 6.5 = 58.9090.
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(d) The standardized residual of the ninth week departs from the other residuals
in part (c). This provides some evidence that the model is not correct.

(e) From Corollary 10.3.2, the v-confidence intervals of 8; and B are b; +
s(1/n+ J_S’Q/Sxx)l/Qt(l_i_,y)/Q(ﬂ —2) and by + SS)_(;/275(1+V)/2(7L — 2). Note that
to.975(10) = 2.228 from Table D.4. Hence, the required confidence intervals are

bi £ s(1/n + 3% /Sxx) 2t (14 /2(n — 2) = 58.0909 £ (10.2370)(0.6155)(2.228)
= [44.0545,72.1283)

by £ 853 1) 2(n — 2) = 1.9860 + (10.2370)(0.0836)(2.228)
= [0.0787, 3.8933.

(f) For the ANOVA table, we need to compute the total sum of squares and
the regression sum of squares. They are >\ (y; — ) = Syy = 1612 and RSS
=b3>" (2, —%)? = (Sxv/Sxx)? Sxx = S%y/Sxx = 284% /143 = 564.0280.

Hence, ESS = 1612 — 564.0280 = 1047.9720.

Mean Square

Source | Df Sum of Squares
X 1 564.0280

Error | 10 1047.9720

Total | 11 1612.0000

564.0280
104.7972
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We compute the F-statistic

RSS 564.0280

F = =
ESS/(n—2)  1047.9720/10

= 5.3821.

The probability P(F(1,10) > 5.3821) < 0.05 from Table D.5. Hence, we con-
clude there is evidence against the null hypothesis of no linear relationship
between the response and the predictor.

(g) The coefficient of determination is given by

P2 BYi (i -7 RSS _ 564.0280

= — = = 0.3499.
Yo (yi — 9)? Syy 1612

Hence, almost 35% of the observed variation in the response is explained by
changes in the predictor.

10.3.8
(a) From the relationship, Z =Y — E(Y|X) and

E(Z|X) = E(Y — E(Y|X)|X) = E(Y|X) — B(Y|X) = 0.
(b) The covariance can be written as

Cov(E(Y | X),Z)=FEEY |X)Z) - EEY |X))E(Z).
Theorem 3.5.2 implies E(Z) = E(E(Y | X)) and E(Z|X) = 0 from part (a).
So, E(Z) = E(E(Z|X)) = E(0) = 0. In a similar vein, E(E(Y |X)Z) =
E(E(B(Y | X)Z|X)) and E(E(Y | X)Z|X) = E(Y | X)E(Z|X) = 0. Therefore,
Cov(E(Y | X),Z) =0—0=0.
(c) Given X =z, E(Y|X = z) is constant. So, the conditional cdf of Y given
X==xis

Fyix(yla) = P(Y <yla) = P(Y - B(Y |X =2) <y - E(Y | X =) )
= P(Z<y-B(Y|X =a)|a) = Fzly - E(Y | X = ).

We see from this that the conditional distribution Y given X depends on X
only through its conditional mean E(Y | X).

10.3.9 In general, E(Y | X) = exp(f1 + $2X) is not a simple linear regression
model since it cannot be written in the form E(Y | X) = 57 + 85V where V is
an observed variable and the 3} are unobserved parameter values.

10.3.10 Corollary 3.6.1 implies that

Cov(X,Y)

Y =E(Y)+ V(X

(X — BE(X)).

By letting B2 = Cov(X,Y)/Var(X) and 1 = E(Y) — 2E(X), the model be-
comes Y = 1 + B2X. Hence, it is a simple linear regression model where
Z =0.
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10.3.11 We can write E(Y | X) = E(Y | X?) in this case and E(Y | X?) =
B1 + P2X? so this is a simple linear regression model but the predictor is X2
not X.

10.3.12 The conditional expectation of Y given X is
EY|X)=EX+ZIX)=X+FEZX)=X+EZ)=X=0+1-X.
Hence, 31 =0, 32 =1 and 02 = Var(Y — E(Y|X)) = Var(Z) = 1.

10.3.13 The residual analysis shows the model is compatible with the data.
Also there is a linear relationship between the response and predictor from the
ANOVA test. However, the obtained R? = 0.05 is very small. That means the
linear model only explains 5% of the response. Hence, the predictor explains
only 5% of the response and 95% of the variation in the response is due to
random error. The model will not have much predictive power.

Computer Exercises

10.3.14
(a) A scatter plot of the data is given below.
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(b) The least-squares estimates of 8; and 2 are given by by = 3.04845 and
b1 = 344.703. The least-squares line is then given by y = 344.703 4+ 3.04845x. A
scatter plot of the data together with a plot of the least-squares line follows.

Regression Plot
Income = 344.703 + 3.04845 Investment

$=257384 RSq=817% R-Sq(ad))=806%
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400 —

10 20 30 40 50 60 70 80 920 100
Investment
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(c¢) The plot of the standardized residuals against X follows.

Residuals Versus Investme
(response is Income)

Standardized Residual

T T T T T T T
10 20 30 40 50 60 70 80 90 100

Investme

(d) A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals

(response is Income)

Normal Score

T T T T
-2 -1 0 1

Standardized Residual

(e) Both plots above indicate that the model assumptions are reasonable.

(f) A .95-confidence interval for the intercept is given by 344.7031+16.48 (2.1009)
= (310.08,379.33) and a .95-confidence interval for the slope is given by 3.04845+
0.3406 (2.1009) = (2.3329, 3.764) .

(g) The F statistics for testing Hy : 2 = 0 is given by F' = 53069/662 = 80.165
and, since F' ~ F'(1,18) under Hy, the P-value is P(F > 80.165) = 0.000,
indicating strong evidence against the null hypothesis of no linear relationship.
Since we have accepted the model as appropriate, this leads us to conclude that
a relationship between Y and X exists.

(h) The proportion of the observed variation in the response that is being ex-
plained by changes in the predictor is given by the coefficient of determination
R? = 53069/64993 = . 81653, which is reasonably high.

10.3.15
(a) A scatter plot of the data follows.
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(b) The least-squares estimates of 8; and 2 are given by by = 2.14440 and
b1 = 168.854 respectively. The least-squares line is then given by y = 168.854 +
2.14440x. A scatter plot of the data together with a plot of the least-squares

line follows.

Strength

Regression Plot
Strength = 168.854 + 2.14440 Hardness

$=260837 RSq=586% R-Sq(ad)=563%

250 —

50 55 60 65 70 75 80 85 90 95
Hardness

(c¢) A plot of the standardized residuals against X follows.

(d) A normal probability plot of the standardized residuals follows.

Residuals Versus Hardness
(response is Strength)
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Normal Probability Plot of the Residuals

(response is Strength)

Normal Score

T T T T T
2 -1 0 1 2

Standardized Residual

(e) Both plots look reasonable. The first plot might reveal some trend indicating
a possible violation of the assumption of equal variances.

(f) Then, 0.95-confidence intervals for the intercept and the slope are given
by 168.854 £+ 28.98 - (2.1009) = (107.97,229.74) and 2.1444 4+ 0.4250 (2. 1009) =
(1.2515,3.0373) , respectively.

(g) The F statistic for testing Hy : B2 = 0 is given by F = 17323/680 = 25.475
and, since F' ~ F'(1,18) under Hy, the P-value equals P(F > 25.475) = 0.000,
indicating strong evidence against the null hypothesis of no linear relationship.
We conclude that there is a linear relationship between X and Y.

(h) The proportion of the observed variation in the response that is being ex-

plained by changes in the predictor is given by the coefficient of determination
R? = 17323/29570 = . 58583.

10.3.16
(a) A scatter plot of the response Y against the predictor W (speed) follows.
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The scatter plot of the response Y against the predictor X (temperature) follows.
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(b) The least-squares estimates of 1, 82, and S5 are given by by = 87.8, by =
—0.0406 and b3 = 1.23. The least-squares equation is then given by Y = 87.8 —
0.0406W + 1.23X.

(c) a plot of the standardized residuals against W follows.

Residuals Versus Speed

(response is Tar)

Standardized Residual
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The plot of the standardized residuals against X follows.

Residuals Versus Temperat

(response is Tar)

Standardized Residual

T
45 55 65
Temperat

(d) A normal probability plot of the standardized residuals follows.
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Normal Probability Plot of the Residuals

(response is Tar)

Normal Score
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-2 -1 0 1

Standardized Residual

(e) The normal probability plot seems to indicate that the normality assumption
is suspect. The other residual plots look reasonable.

(f) The .95-confidence intervals for the regression coefficients are given by 87.8+
28.98(2.3646) = (19.274,156.33) for 81, —0.0406 £+ 0.009142(2.3646) =
(—0.062217, —0.018983) for S5, and 1.23 +0.3595(2.3646) = (.37993,2.0801) for
Bs.

(g) The ANOVA table is given below.

Source | Df SS MS
W, X 2 1159.29 579.65
Error 7 315.58 45.08
Total 9  1474.87

The F statistic for testing Hy : 2 = 3 = 0 is given by F' = 579.65/45.08 =
12.858, and since F' ~ F'(2,7) under Hy, the P-value equals P(F > 12.858) =
0.0045. This provides strong evidence against the null hypothesis of no relation-
ship between the response and the predictors.

(h) The proportion of the observed variation in the response that is being ex-
plained by changes in the predictor is given by the coefficient of determination
R? =1159.29/1474.87 = . 78603.

(i) The ANOVA table for testing the null hypothesis Hy : 82 = 0, given that X
is in the model, follows.

Source | Df SS MS

X 1 271.06 271.06
WX |1 888.24 888.24
Error 7 315.58 45.08
Total 9  1474.87

The F statistic is then F' = 888.24/45.08 = 19.704, and since F' ~ F' (1,7) under
Hy, the P-value equals P (F > 19.704) = .00301, so we have some evidence
against the null hypothesis. We conclude that W (speed) has an effect on the
response Y (tar), given that X is in the model.

(j) The estimate of the mean of Y when W = 2750 and X = 50.0 is given by
Y =87.8—0.0406 (2750) + 1.23 (50.0) = 37.65. This is an extrapolation because
50.0 is not in the range of observed X values.
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10.3.17
(a) A scatter plot of the response Y against the predictor X follows.
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(b) The least-squares estimates of 31, 82 and f3 are given by by = 0.752 and
be = 2.10 and b3 = 2.92. The least-squares line is then given by Y = 0.752 +
2.10X + 2.92X72.

(¢) A plot of the standardized residuals against X follows.

Residuals Versus X

(response is Y)

Standardized Residual

T
5 0 5
X

(d) A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals
(response is Y)

Normal Score

T T T T
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(e) All plots above, for the most part, look reasonable, so the model assumptions
seem reasonable.

(f) Then, .95-confidence intervals for the regression coeflicients are given by
0.752 £ 0.6553(2.306) = (—.75912,2.2631) for 81, 2.10 4+ 0.1372(2.306) =
(1.7836,2.4164) for S35, and 2.92 £ 0.04911(2.306) = (2.8068, 3.0332) for (3.

(g) The ANOVA table is given below.

Source | Df SS MS
X, X2 | 2 78255 39127
Error 8 16.6 2.1
Total | 10 7842.0
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The F' statistic for testing Hy : 82 = 3 = 0 is given by F' = 3912.7/2.1 =
1890.54, and since F' ~ F'(2,8) under Hy, the P-value equals P (F > 1890.54) =
0.000, indicating strong evidence against the null hypothesis of no relationship
between the response and the predictors.

(h) The proportion of the observed variation in the response that is being ex-
plained by changes in the predictor is given by the coefficient of determination
R? = 17825.5/7842.0 = . 9979, which is very high.

(i) The ANOVA table for testing the null hypothesis Hy : 85 = 0 given that X
is in the model follows.

Source | Df SS MS

X 1 486.2 486.2
X?2|X |1 73393 7339.3
Error 8 16.6 2.1
Total | 10 7842.0

The F statistic is given by F' = 7339.3/2.1 = 3494. 9, and since F' ~ F' (1,8) un-
der Hy, the P-value equals P (F > 3494.9) = 0.000, so we have strong evidence
against the null hypothesis. We conclude that X2 has an effect on the response,
given that X is in the model.

(j) We predict Y at X = 6 by 29.9991 4 2.10236 (6) = 42.613 using the simple
linear model and by 0.752+2.10 (6) 4 2.92 (6%) = 118.47 using the linear model
containing the linear and quadratic terms. So there is a substantial difference
in these predictions.

Problems

10.3.18 First, note that the mean of this distribution is given by (1/2)% +
(1/2)((0 —2)/2) = (0 — 1) /4 and that this value is in the interval (7/4,0).
Therefore, the least-squares estimate is given by Z whenever Z € (7/4, c0) and
is equal to 7/4 whenever T < 7/4.

10.3.19 Since > | (z; — 7)* = 0, we must have (z; —z)> = 0, so 2; = Z for
every ¢ and all the z; are equal to the same value, say x. Then we need to
estimate the conditional mean of Y at X = z based on a sample (y1,...,yn)
from this distribution. The model says that this conditional mean is of the form
E(Y|X =x) = B1 + 2z, where 31,32 € R'. Therefore, E (Y | X = z) can be
any value in R', and the least-squares estimate is given by the sample average
7.

10.3.20 For convenience we write Cov(A, B| X7 = z1,..., X, = 2y)
=Cov(A, B) . By Theorem 3.3.2 (linearity of covariance) we have

Cov (}/z — B1 — Bin’}/} — B1 — BQZL’j) = Cov (K,Y;) — Cov (Y’i,Bl + BQZL’j)
— Cov (YJ, By + Bg.’Ei) + Cov (Bl + Bsxi, B1 + ngj) .
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Now Cov(Y;,Y;) = 04,5, where §;; = 1 when i = j and is 0 otherwise. Also,

Z?:l (Y; —Y) (z; - 35))
Z;'l:1 (z; — j)2

Cov (Y;, Bg) = Cov (Yi,

:#COV K,Zn:.%]y;—.’fzn:y}—yzn:xj‘i‘nfy
i 2 j=1 j=1 j=1

1 n B o B
:ﬁ(}ov Yi,ijYj—fnY—m’cYij—&—m’cY
Jj=1 j=1

1 n _
=——Cov | Y;, ;Y —anY
Sy (i —2)° Z Y
1 _
== (inQ —nx Cov (Yi,Y))
> i (T — )
1 2(g; — 7
= 2 (xi02 _fUQ) = (ZL (o x? 2
> i (i — ) Yie (i — @)

and Cov(Y;, by) :Cov(Yi7}7 — Bgfc) :COV(YZ-,Y) — zCov(Y;, By) = o%/n —
o (z; — )2/ ", (x; — &)*. Therefore,

2

2 A
COV (}/iaBl + BQ.'L']) = % _ o (xl -T).'E

D (@i — f)2 D (i — 57)2
=0 (l ) 1€ e ?) = Cov (Y}, B + Bomy).
no Y (@ — 1)
Also, using Theorem 10.3.3 we have that
Cov (B1 + Box;, By + Baxj)
= Var (By) + x;z; Var (B2) + (z; + x;) Cov (B, Ba)

1 72 T i N 7
202<_+ T - T B (i +z5)T >

n Z?:l (z; — @) Z?:1 (zi — 5)2 Z?:l (zi — @2

_ 2 <l+ (fﬂz’n—ff) (z; —§)> .
no Y (@i — 1)

All together this implies that
Cov (Y; — B1 — ng’i,}/j — Bl — BQSCJ')

2 o (1 | (@i —7)(z; — %) o1 | (wi—7%)(z; — %)
=0"0;; —20° | — —~ — o’ | -
' <n+ S (@ ®) >+ ( Y )

2 o (1 (zi—2)(z; —T)
20'(51'7'—0' - n ) .
| (” S (- 7) )
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10.3.21 We have that

YVZ‘—(B1+BQ.’L‘i)=Y;—(Y—Bgf—Bg(Ei):Y;‘—Y—BQCUZ‘—.’E)

" o(x;—2) (Y, —Y
=¥ gy Zm D)
Zj:l (z; — @)
and we note that this is a linear combination of the independent normals

Y1,...,Y,. Therefore, by Theorem 4.6.1 we have that Y; — (By + Bax;), given
X1 =2x1,...,X, = x,, is normally distributed with mean

E(E—(Bl—I—BQ.’El) |X1:$1,...,Xn:$n)

:E(Y;|X1:.’El,...,Xn:.’En)—E(B1|X1:Zbl,...,Xn:.’En)
—EBy|Xi=a1,....Xp =x,) 35
= B1 + Pax; — 1 — Pax; =0,

and with variance (using Problem 10.3.20 with i = j)

Var (Y; — (By + Baw;) | X1 = 21,..., X, =

=x,)
_ (1 1 #) |
n Z;L:1 ($z - 5_5)2

Therefore,
Y; — (B; + Box;
BB v
s 72
o (1 S S ¢ o) il 2)
n > (zi—®)
as claimed.

10.3.22 We have that

Y*(B1+B2$):Yf (Y*BQE*BQ$) :Y7Y7BQ(ZE7ZZ')
_ " o(x;—-2) (Y, -Y
=Y -V — (z; — ) ZH("] )(j2 )
Zj:l (zj — @)
and we note that this is a linear combination of the independent normals

Y, Y1,...,Y,. Therefore, by Theorem 4.6.1 we have that Y — (B; + Bsx), given
X =x,X1=21,...,X, = x,, is normally distributed with mean

EY—-(B1+Bx) | X=2,X1=21,...,Xp, =xp)
=FEY | X=z,X1=21,...,. X, =)
—EBi | X=z,X1=21,...,Xp =)
—EB | X=2,X1=21,.... X, =ap)2
=FE{Y|X=z)-EB|Xi=21,..., X, =)
—E(By|X1=21,...,Xp=2an)
=1+ Bax — 1 — Par =0,
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and with variance (using Corollary 10.3.1)

Var (Y — (B1+ Boz) | X =2, X1 =21,..., X, = xp)
=Var (Y |X =z)+ Var(B; + Boz | X1 = 21,..., X\, = )

=2 <1+%+Zn(x(_—?)2_)2>.

Also, Y —(B; + Bar) is independent of (n—2)S?/a? ~ x?(n—2), so by Definition
4.6.2

Y — (Bl + BQ.%') / (?’L — 2)52
(2,—7)2 1/2 (n —2)o?
2221(3%'_2)2)

Y Bid B )

$(1+4+ 22 )1/2

7 (zi—2)?

T =

U(l—i-%—l-

Therefore,
7:P(—t1+Tw (n—2)<T<t1+Tv (n—2)‘ X:aj,Xlth...,Xn:xn),

so the probability that

) 1/2
Ye Bl+ngiS<1—1—n(x’—x))2> trey (n—2)

3
]
&
B

|

Kl

is equal to 7.

10.3.23
(a) Putting b= Y"1 | x5/ > i, x2, we have that

NE

(yi — Bz:)” = Z (yi — b + ba; — Ba;)’

=1

(yi — bzi)? +2(b— B)

.
Il

|
M3 =

n

(g —bzi) i+ (b— B)° Y a?

1 =1

M=

1

-
Il

(3

(yi — bai)? + (b — B)?

INgE
8
A

N
Il
s

|

i=1

since Y1 | (yi —bxi)x; =Y i @iy — b r @7 = 0, and this is clearly mini-
mized, as a function of 3, by b.

(b) We have that
E(B| X1 =2 X, ==z ):Zz‘n:ll’iE(le:xl""’anx")
1 1y--rAn n Z;’L:lx?

i @i (Bxi) 5 ;
- n - n
D ie %2 die1 3%2
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Y aVar (Vi X =2, X = )
2

iz 23)

_ o’ Z?:l 7 _ o?

- n

(X, 22)® il

(c) We have that

E(S*| X1 =a1,..., X, =)

1

:n_le((Yz’*B;pi)Q |X1:z1,...,Xn:zn>

and
E((Yi—Bxi)Q | X1 =a1,..., Xn :xn)

ZE((Y;—ﬁ.%'Z—i-ﬂJJZ—B.’L‘lf |X1=.’L‘17...,Xn=.%‘n)

=Var (V; | X1 =21,..., X, = x,) + 22 Var (B| X; = 1, ..
-2z, Cov(Y;,B| X1 =21,...,Xpn =2p)

Xy = xn)

02302 2.’L‘12
—G' + ZZ 111,'2 - Z?:lxlz Var(E|X1 :.’171,...,Xn:.’17n>

2 o’a? 2 x?
e Utsrm)
i=1%; i=1%;

Combining these, we obtain FE (52 | X1 =21,...,X,, = :En) =02
(d) We have that

n

Zyl Z — ba; + ba;)” = z": (i — b)) + ZbZn: (yi — bx;) m; + b* Zn:xf

i=1 i=1 i=1 i=1
n

:Z( i — bai)? b2Zm
i=1

Here we have that . | (y; — bx;)? is the error sum of squares and b2 S x?
is the regression sum of squares The coefficient of determination is then given
by R? = b*>1 27/ > ", y? and this is the proportion of the total variation
observed in Y (as measured by >, y?) due to changes in X.

(e) Since B is a linear combination of independent normal variables we have
that B is normally distributed with mean given by (part (b)) 8 and variance
(part (b)) given by 2/ Y " | x?

(f) We have that (B — ) /O’( )71/2 ~ N(0,1) independent of (n —

1)S?/0% ~ x*(n—1), so (B — /6)/5(2@ LT3 1/2 ~ t(n—1). Now there is
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no relationship between X and Y if and only if 5 = 0, so we test Hy : 8 = 0 by
computing the P-value P(|T| > [b/s (31" x2)71/2 |), where T'~t(n—1).

i=1Tj
(g) We have that y; = bx; + (y; — bx;) and when the model is correct y; —
bx; is a value from a distribution with mean 0 and variance (see part (b))

o (1 —a2/>1, 2?) . Therefore, the ith standardized residual is given by

(yi —bx;) /s (1— a2/ >0, a?) Y2 We can plot these in residual plots and nor-
mal probability plots to see if they look like samples from the N(0, 1) distribu-
tion.

10.3.24 First, we should express the 8’s in terms of the o’s as follows G2 = as
and 81 = a3 — as®. Substituting those into the sum of squares, and noting that
>ic (wi —2) =3 (yi — §) = 0, we get

n

Z (yi — B1— 52%‘)2

=
_zn;(yialag(:rzx))Q
=i<yl—y+y—a1—a2<wi—x>>2
=i1(yz—y) +2(y—a1)i(yi—y)—ZQQil(yz—y)(wi—w)
+i1@a1az<xzz>>2
:i(%_w _Qaé(%—ym )+ (- a)
—2042(1/—0[1)2:;(961—$)+Oé%zj;(xz_$)2
= :(yz—y) —20422(%—@/)(% —i)+n(ﬂ—a1)2+a§i(%—f)2
as claimed.

Clearly, this is minimized for a;, independently of s, by selecting a; = .
Then we must minimize

n

—2a2) (yi —9) (@i —2) + a3y (2 —2)°

=1 i=1

(2 — 7)° <a2 L o w>>2 L -9 (@ @)

= iy (zi - @) S (@i - )

for ap. Clearly, this is minimized by taking
=0 (i) (wi—7) />y (zi — z)? as claimed.

i=1
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10.3.25 The likelihood function is given by

2 2.2 2
o\ —n/2 Cy — Cza n —\2 Cx 2
(27TJ ) exp (T"Q exp (*F (041 — y) ) exp *T‘_Q (042 — CZ)

The posterior distribution of a;, given o2, is then proportional to

exp [~ (01— §)° = 53— (01 — 1)
202 27202

1 1 2 _ M
xer (g {(reg) ot -2 (e )}
—1 2
1 1 1 _
X exp 552 n+T—12 ] — n+T—12 ny—i—T—12

and we recognize this as being proportional to the density of a
N((n+ 1/7’12)71 (ng + pa /), (n+ 1/7’12)71 o?) distribution.
Also, the posterior distribution of aw, given o2, is then proportional to

c 2 1 2
exp Y] (a2 —a) (a2 — p2)

T 522
2r50

1 1 M2
xow (g { (2 g) b (0 ) e}
1 1 1\ ! ?
2 2 2 2
X exp 552 (cx+7_—22> <a2 (Cx+7_—22> (C‘”CLJFT_ZQ))

and we recognize this as being proportional to the density of a
N((c2+ 1/7'22)_1 (Ra+p2/73), (2 + 1/7'22)_1 o?) distribution.

Finally, the posterior density of 1/0? is proportional to
(1/:72)%%{71 exp (—vgy/0?) , where

2 -1 2
(c2 —a2c?) + |:ny2 v (n + %) (ngj + ﬁ—é) ]
1 1 1

+v
2 1 -1 2
+ {a2c§+’;—2§ - (cf+T—22) (CiCLJr ’j:%)

’ny:§

and we recognize this as being proportional to the density of a

Gamma(r + n/2, vgy) distribution. Therefore, we established that the posterior
distributions above are from the same family of distribution as the prior and
therefore this prior is conjugate.

10.3.26 When 7 — 00,72 — oo and v — 0 and the posterior converges to

o? n
ai|az, 0% ~ N(g,0%/n), az|o* ~ N(a, 6—2)7 1/0* ~ Gamma (H—I— §,ny)
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where vy = {072! — a%i} /2, then the marginal posterior density of «a; is pro-
portional to

[ ) oot gmo) () o2 a(3)
A R Y A A A Ry

Making the change of variable 1/0% — w, where w = (vgy + % (a1 — §)2> /o2,

[N

in the above integral, shows that the marginal posterior density of «; is propor-

2r4nt1

tional to (1 + g (o gy)* ® . This establishes (Problem 4.6.17) that

. . ¢ dnl . fe ot a1 —7Y ~
the posterior distribution of « is given by 2k + n—ﬁm t(26+n).

Challenges

10.3.27 Let p be the mean and o2 be the variance of the distribution of X.

By the SLLN we have that X 3 so, of necessity, X2 “% u?. Further,
Ly (X fX')Q =150 X2 - X? " 0% 4+ 4?2 — p? = o? since (again by

the SLLN) n=! 3" | X2 “3 E (X?) = 02 + p2. Also, for any random variable
Y, we have that Y/y/n 3 0. Therefore,

Xl—X _ (Xz_X)/\/ﬁ 11_5)9:0
VI (G -X) iy (i -x)”

10.4 Quantitative Response and Categorical
Predictors

Exercises

10.4.1
(a) A side-by-side boxplot of the data follows.

>~
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(b) A plot of the standardized residuals against A follows.

Residuals Versus A

(response is Y)

Standardized Residual

A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals

(response is Y)

Normal Score

Standardized Residual

Both plots look reasonable, indicating no serious concerns about the correctness
of the model assumptions.
(c) The ANOVA table for testing Hy : 81 = 32 = (3 is given below.

Source | Df SS MS

A 2 4.37 2.18
Error 9 1885 2.09
Total | 11  23.22

The F' statistic for testing Hy is given by F = 2.18/2.09 = 1.0431, and since
F ~ F(2,9) under Hy, we have P-value P (F > 1.0431) = .39135. Therefore,
we do not have evidence against the null hypothesis of no difference among the
conditional means of Y given X.

(d) Since we did not find any relationship between Y and X, there is no need
to calculate these confidence intervals.

10.4.2
(a) A side-by-side boxplot of the data follows.
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(b) A plot of the standardized residuals against A follows.

Residuals Versus A

(response is Y)

Standardized Residual

1 2 3
A

A normal probability plot of the standardized residuals is given below.

Normal Probability Plot of the Residuals

(response is Y)

Normal Score

T T T T T
-1 0 1 2 3

Standardized Residual

Both plots indicate a problem with the model assumptions.

(¢) A possible way to “fix” this problem is to remove the extreme observation in
the first category, namely 33.07. After removing this value, we get the following
plot of the standardized residuals against A and normal probability plot of the
standardized residuals. These look much more reasonable.
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Residuals Versus A

(response is Y)

Standardized Residual

Normal Probability Plot of the Residuals
(response is Y)

Normal Score

T T T T
2 El 0 1

Standardized Residual

(d) The ANOVA table for testing Hy : 81 = 32 = f3, after removing the outlier,
is given below.

Source | Df SS MS
A 2 14.840 7.420
Error | 8 58.904 7.363
Total 11 73.744

The F statistics for testing Hy is given by F' = 7.41/7.363 = 1.01, and since F' ~
F (2,8) under Hy, the P-value equals P (F' > 1.01) = .407. Therefore, we have
no evidence against the null hypothesis of no difference among the conditional
means of Y given X.

(e) There is no need to compute these confidence intervals as we found no
evidence of a relationship between the response and the predictor.

10.4.3
(a) A side-by-side boxplot of the data follows.
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% moisture

Cheese

(b) A plot of the standardized residuals against cheese follows.

Residuals Versus Cheese

(response is % moistu)

Standardized Residual

T T T
10 15 20
Cheese

A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals
(response is % moistu)

Normal Score

T T T
El 0 1

Standardized Residual

Both plots indicate a possible problem with the model assumptions.
(c) The ANOVA table for testing Hy : f1 = 2 is given below.

Source | Df SS MS
Cheese | 1 0.114 0.114
Error | 10 26.865 2.686
Total | 11  26.979

The F statistic for testing Hy is given by F = .114/2.686 = .04 and, since
F ~ F(1,10) under Hy, the P-value equals P (F > .04) = .841. Therefore, we
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do not have any evidence against the null hypothesis of no difference among the
conditional means of Y given Cheese.

10.4.4
(a) A side-by-side boxplot of the data follows.

250 —

=

150 — ‘ ‘

T T T T T
0.00 0.04 0.07 0.10 0.13

Gossypol %

Weight gained

50 —

Some of the boxplots don’t look very symmetrical, which should be the case
for normal samples. So these graphs are some evidence that the normality
assumption may not be appropriate.

(b) A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals
(response is Weight g)

2.5
2.0
1.5 .
1.0 -t 4
® .
8 o054 l'.,
%]
= 00+ /
© o
E o5 ,J’
(e} ..-
Z 04
s
1.5
2.0
2.5
T T T T T T
3 2 1 0 1 2

Standardized Residual

A plot of the standardized residuals against the factor gossypol follows.
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Residuals Versus Gossypol
(response is Weight g)

Standardized Residual

I I I
0.00 0.05 0.10

Gossypol

Again, these plots provide some evidence that the normality assumption may
not be appropriate.
(c) The ANOVA table for testing Hy : 81 = B2 = B3 = B4 = P follows.

Source | Df SS MS

Gossypol | 4 141334 35333
Error 62 38754 625
Total 66 180087

The F statistic for testing Hy is given by F' = 35333/625 = 56. 533, and since
F ~ F (4,62) under Hy, the P-value equals P (F' > 56.533) = 0.000. Therefore,
we have strong evidence against the null hypothesis of no difference amongst
the mean level of the response given different amounts of gossypol.

(d) The 0.95-confidence intervals for the difference between the means are given
in the following table.

Family error rate = 0.279
Individual error rate = 0.0500
Critical value = 1.999
Intervals for (column level mean) - (row level mean)
0.00 0.04 0.07 0.10
0.04 -14.75
24.40
0.07 28.10 21.50
66.27 63.23
0.10 84.60 77.85 35.98
119.42 116.53 73.67
0.13 85.34 78.78 36.87 -16.44
124.49 121.40 78.59 22.24

Only the mean at the 0.00% level does not differ from the mean at the 0.04%
level and the mean at the 0.10% level does not differ from the mean at the 0.13%
level at the 5% significant level, as both intervals include the value 0.
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10.4.5
(a) A side-by-side boxplot of the data follows.

16 —
15 —
N 14 — ‘
13 —
12 — I
T T T T
Coblat Coblat+Copper  Control Copper
Group

(b) A plot of the standardized residuals against the predictor follows.

Residuals Versus Treatmen

(response is Y)

Standardized Residual

Treatmen

A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals
(response is Y)

Normal Score

T T T T T
2 -1 0 1 2

Standardized Residual

Both plots look reasonable, indicating no concerns about the correctness of the
model assumptions.
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(¢) The ANOVA table for testing Hy : 1 = 2 = 83 = 4 follows.

Source Df SS MS
Treatment | 3  19.241 6.414
Error 20 11.788 0.589
Total 23 31.030

The F statistic for testing Hy is given by F' = 6.414/0.589 = 10.89 and, since
F ~ F(3,20) under Hy, the P-value equals P (F > 10.89) = .00019. Therefore,
we have strong evidence against the null hypothesis of no difference among the
conditional means of Y given the predictor.

(d) The 0.95-confidence intervals for the difference between the means are given
in the following table.

Family error rate = 0.192
Individual error rate = 0.0500
Critical value = 2.086
Intervals for (colum level mean) - (row level mean)
1 2 3
2 -0.3913
1.4580
3 -2.2746 -2.8080
-0.4254 -0.9587
4 -2.5246 -3.0580 -1.1746
-0.6754 -1.2087 0.6746

The mean response for the control treatment does not differ from the mean
response given the Cobalt treatment and the mean response for the Copper
treatment does not differ from the mean response for the Cobalt+Copper treat-
ment at the 5% level, since both intervals include the value 0. All other mean
differences are judged to be nonzero at the 5% level.

10.4.6
(a) A side-by-side boxplot of the data follows.

25 —

Weight gains

Diet

(b) A plot of the standardized residuals against Diet follows.
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Residuals Versus Diet
(response is Weight g)

Standardized Residual

T
1.0 1.5 20
Diet

A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals
(response is Weight g)

Normal Score

T T T T T
-2 -1 0 1 2

Standardized Residual

Both plots look reasonable, indicating no concerns about the correctness of the
model assumptions.
(c) The ANOVA table for testing Hy : 81 = 35 follows.

Source Df SS MS
Treatment | 1  136.4 136.4
Error 20 434.0 21.7
Total 21  570.4

The F statistic for testing Hy is given by F = 136.4/21.7 = 6. 2857 and, since
F ~ F(1,20) under Hy, the P-value equals P (F > 6.2857) = .02091. There-
fore, we have evidence against the null hypothesis of no difference among the
conditional means of Y given Diet at the 5% level but not at 1%.

(d) A .95-confidence interval for the difference between the means follows.

1 1\ /2
B1 — P2 € (10.0 — 15.0) + 4.658 (E + ﬁ) 2.086 = (—9.1604, —.83961)
Note that this does not include the value 0 and therefore supports our conclusion

from part (c).

10.4.7
(a) A side-by-side boxplot of the data follows.
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80 —|

70 —

Marks

60 —

T T
Calculus Statistics
Course

(b) Treating the marks as separate samples, the ANOVA table for testing any
difference between the mean mark in Calculus and the mean mark in Statistics
follows.

Source | Df SS MS

Course | 1 36.45 36.45
Error | 18 685.30 38.07
Total | 19 721.75

The F statistic for testing Hy : 51 = (2 is given by F' = 36.45/38.07 = .95745
and, since F' ~ F'(1,19) under Hy, the P-value equals P (F > .95745) = .3408.
Therefore, we do not have any evidence against the null hypothesis of no differ-
ence among the conditional means of Y given Course.

A plot of the standardized residuals against Course follows.

Residuals Versus Course

(response is Marks)

Standardized Residual

Course

A normal probability plot of the standardized residuals follows.
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Normal Probability Plot of the Residuals

(response is Marks)

Normal Score

T T T T
-1 0 1 2

Standardized Residual

Both plots look reasonable, indicating no concerns about the correctness of the
model assumptions.

(c) Treating this data as repeated measures, the mean difference between the
mark in Calculus and the mark in Statistics is given by d = —2.7 with stan-
dard deviation s = 2.00250. The P-value for testing Hy : p1 = pa, since
T ~ t(9) under Hy, the P-value is given by P (|T| > |-2.7/ (2.00250/+/10) ) =
2P (T > 4.2637) = .0021, so we have strong evidence against the null hypoth-
esis. Hence we conclude that there is a difference between the mean mark in
Calculus and the mean mark in Statistics. A normal probability plot of the data
follows and this does not indicate any reason to doubt model assumptions.

Normal Scores
o
|

Mark difference

(d) The estimate of the correlation between the Calculus and Statistics marks
is given by the sample correlation coefficient r,, = 0.944155.

10.4.8
(a) A side-by-side boxplot of the data follows.
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Number of florets

T T
Corm High Corm Low

Treatment

(b) Treating the Corm High and Corm Low measurements as separate sam-
ples, the ANOVA table for testing any difference between the population means
follows.

Source Df SS MS
Treatment | 1 5.040 5.040
Error 12 16.014 1.335
Total 13 21.054

The F statistic for testing Hy : 81 = B2 is given by F' = 5.040/1.335 = 3.7753
and, since F' ~ F (1,19) under Hy, the P-value equals P (F > 3.7753) = .07585.
Therefore, we do not have substantial evidence against the null hypothesis of
no difference amongst the conditional means of Y given Corm level.

A plot of the standardized residuals against Treatment follows.

Residuals Versus Treatmen

(response is Number o)

Standardized Residual
o

T
1.0 15 2.0
Treatmen

A normal probability plot of the standardized residuals follows.
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Normal Probability Plot of the Residuals

(response is Number o)

Normal Score
o
|

T T T T
-1 0 1 2

Standardized Residual

Both plots look reasonable, indicating no concerns about the correctness of the
model assumptions.
(c) Treating this data as repeated measures, the mean difference between the
number of florets in plots with Corm High and the number of florets in plots
with Corm Low is given by d = —1.2 with standard deviation s = 1.395. The
P-value for testing Hp : p1 = pa, since T ~ ¢(6) under Hy, equals P(|T| >
| —1.2/(1.395/V/7|)) = 2P(T > 2.2759) = .06316, so we do not have substantial
evidence against the null. Hence, we conclude that there is no difference between
the mean number of florets in plots with Corm High and the mean number of
florets in plots with Corm Low.

A normal probability plot of the data follows and this reveals no evidence of
model incorrectness.

Normal Scores
o
|
®

T T T T T T
35 -30 25 20 -15 -10 05 00 05 1.0
Difference

(d) The estimate of the correlation between the Calculus and Statistics marks
is given by the sample correlation coefficient ., = 0.301949.
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10.4.9 When Y; and Y, are measured on the same individual we have that
Var(Y; — Y2) = Var(Y7)+Var(Yz) — 2Cov(Y1, Y2) = 2(Var(Y7)— Cov(Y1,Y2)) >
2Var(Y7) since Cov(Y1,Ys) < 0. If we had measured Y; and Y3 on independently
randomly selected individuals, then we have that Var(Y; —Y2) = 2Var(Y7) since
Cov(Y1,Y2) = 0 in that case. So we get less variation under independence
sampling.

10.4.10 The following assumptions are required: (1) we have a regression model
relating the response Y to the predictor X, i.e., the conditional distribution of Y’
given X, depends on X only through E(Y | X) and the error Z =Y — E(Y | X)
is independent of X, (2) the error Z =Y — E(Y | X) is normally distributed.

10.4.11 The following assumption is required: the difference of the two re-
sponses Y7 and Y, is normally distributed, i.e., Y7 — Y2 ~ N(u, 0?).

10.4.12 The following assumptions are required: (1) we have a regression model
relating the response Y to the predictors X; and Xs, i.e., the conditional dis-
tribution of Y given (X3, X5), depends on (X7, X5) only through E(Y | X1, X5)
and the error Z =Y — E(Y | X1, X5) is independent of (X1, X2), (2) the error
Z =Y — E(Y| X1,X>) is normally distributed.

10.4.13 The following assumptions are required: (1) we have a regression model
relating the response Y to the predictors X; and Xs, i.e., the conditional dis-
tribution of Y given (X3, X5), depends on (X7, X5) only through E(Y | X1, X2)
and the error Z = Y — E(Y'| X1, X3) is independent of (X7, X5), (2) the er-
ror Z =Y — E(Y'| X1, X5) is normally distributed, and (3) X; and X5 do not
interact.

Problems

10.4.14 To prove this we express the sum of squares as follows

> Z (i = B> =D (Wij — Ui + 5 — Bi)°

=1 j=1 =1 j=1

= ZZ(%J ~ i) +QZZ(%‘;‘ —9i) (i — Bi) +Zm (i — Bi)° -
i=1j=1 =1 j=1 i=1

First, note that the second term is equal to 0 since
ng

Z (Yij — Us) (G — Bi) = (Ui — Bi) Zyij — ;Y
j=1

j=1
=@ —B) | D _vis —nzZ# = 0.
j=1 j=1 "

So the above sum of squares is minimized as a function of 3; if and only if the
second term is equal to 0, and if and only if y; — 8; = 0, if and only if 8; = ;.
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10.4.15 To prove this we express the sum of squares as follows.

ZZ(%J -9’ = ZZ(%; —Gi+ 0 —9)°

i=1 j=1 i=1 j=1
a n;g a ng a

=3 (i — ;) F2) 3 i —9) @ -9+ > _ni (T -79)*.
=1 j=1 =1 j=1 =1

Note that the second term is equal to 0 since

a n; a g
Y>> - G-m =Y | @ —9) | D v —nbi
=1 j=1 =1 Jj=1
a n; n; -
:Z (% — 9) Zyij_niz% =0
i=1 j=1 j=1 "

10.4.16 If an interaction exists between the two factors, then the b response
curves are not parallel and therefore cannot be horizontal, i.e., there must be
effect due to both factors.

10.4.17 By assumption we have Y;; ~ N (61-,02) and these are all indepen-
dent. Therefore, we have that Y; ~ N (ﬁi,o2/ni). Further, COV(YU,YZ-) =

Cov (Yij, Sy %) = 02 /n;. Therefore, by Theorem 4.6.1 we have that Y;; —
Y; ~ N (0,0 (1 —1/n;)) as claimed.

10.4.18 By assumption we have Yz, ~ N (52'3',02) and these are all inde-

pendent. Then we have that 372»]» ~ N (ﬁij,az/nij) . Further, Cov(Yijk,Yij) =
Cov(Yijk,Z?:”i %) = 0%/n;j. Therefore, by Theorem 4.6.1 we have Y5 —

}7ij ~ N(O,O’2 (1 — 1/nij)) .

10.4.19 First, recall that s = == >, 22:1 Sovd (yigk — gij)2. Now if
ng; =1 then Yij = Yijk for all 4 and j. Hence, Yijk — Yij = 0, which establishes
that s2 = 0 as claimed.

10.4.20 By looking at various plots of the residuals, for example, a normal
probability plot of the standardized residuals.

Computer Problems

10.4.21 Controlling a family error rate of 0.0455, the 0.95-confidence intervals
for the difference between the means are given in the following table. It required
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a 0.01 individual error rate.

Cablat+C

Control

Copper

10.4.22

Family error rate = 0.0455
Individual error rate = 0.0100

Critical value = 2.845
Intervals for (colum level mean) — (row level mean)

Coblat Cablat+C Control

-3.39%44

-0.8723

-1.7944 0.3389

0.7277 2.8611

-3.1444 -1.0111 -2.6111
-0.6223 1.5111 -0.0889

335

(a) A side-by-side boxplot of the data by treatment (using the coding 3(:i—1)+)

follows.

39 —

38 —

37 —

% moisture

36 —

35 —

treatment

(b) A table of the cell means is given follows.

(¢) A normal probability plot of the standardized residuals follows.

Lot 1 Lot 2 Lot 3

Cheese 1
Cheese 2

38.905 35.575 36.510
38.985 35.550 35.870
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Normal Probability Plot of the Residuals

(response is % moistu)

Normal Score

Standardized Residual
A plot of the standardized residuals against each of the treatment combinations
(using the coding 3(i — 1) + j) follows.

Residuals Versus treatmen

(response is % moistu)

Standardized Residual
°

treatmen

Both plots looks reasonable, so indicating no serious concerns about the cor-

rectness of the model assumptions.
(d) The ANOVA table for testing all relevant hypotheses follows.

Source Df SS MS
Cheese 1 0.114 0.114
Lot 2 25,900 12.950
Interaction | 2 0.303 0.151
Error 6 0.662 0.110
Total 11 26.979

The F statistic for testing Hy : no interaction between cheese and lot, is
given by F' = 0.151/0.110 = 1.3727 and, since F' ~ F (2,6) under Hy, the
P-value equals P (F > 1.3727) = .32293. Therefore, we do not have evidence
against the null hypothesis of no interaction effect.

We can then proceed to calculate the P-value for testing Hy : no effect
due to cheese. This is given by P (F > 0.114/0.110 = 1.0364) = . 34794, since
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F ~ F (1,6) under Hy. Therefore, we do not have any evidence against the null
hypothesis of no effect due to Cheese.

The P-value for testing Hy : no effect due to lot, since F' ~ F'(2,6) under
Hy, is given by P (F > 12.950/0.110 = 117.73) = .00002. Therefore, we have
strong evidence against the null hypothesis of no effect due to Lot.

(e) Since we conclude that only the factor Lot has a significant effect on the
response, we calculate the following table of means.

Lot 1 Lot 2 Lot 3
Mean | 38.945 35.563 36.190

The corresponding response curve follows.

Main Effects Plot - Data Means for % moisture

39 —

38 —

37 —

% moisture

36 —

Lot

The .95-confidence intervals for the difference between the means are given in
the following table.

Fanily error rate = 0.113
Individel error rate = 0.0500

Critical vale = 2.2&2
Intervals for (colum lerel mean) — (row lewel mean)
1 2

2 2.8288
3.9362

3 2.2013 -1.1812
3.3087 -0.0738

As we can see, all the confidence intervals above do not include the value 0,
indicating differences between all the means at the 5% level.
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(f) Our result here agrees with the result of Exercise 10.4.3 as in both cases no
significant effect due to cheese was found although we do find an effect due to
Lot.

10.4.23
(a) A side-by-side boxplot of the data by treatment (using the coding 3(: —1)+j
with A =4, B = j) follows.

JonneB[]°F

Response

treatment

(b) A table of the cell means is given follows.

A=1 A=2 A=3
21.58  26.64 31.23
20.00 26.83 31.72
14.02 2259  27.26

W w
I
w b

(¢) A normal probability plot of the standardized residuals follows.

Normal Probability Plot of the Residuals

(response is Response)

Normal Score
o
|
oo,

Standardized Residual

A plot of the standardized residuals against each of the treatment combination
follows.
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Residuals Versus treatmen
(response is Response)

Standardized Residual

treatmen

Both plots indicate a possible problem with the model assumptions, but nothing
severe.

(d) The ANOVA table for testing all relevant hypotheses follows.

Source | Df SS MS
A 2 807.2 403.6
B 2 204.2 102.1

AxB | 4 17.0 4.2

Error | 27 2158.0 79.9
Total | 35 3186.3

The F statistic for testing Hy : no interaction between Cheese and Lot, is
given by F' = 4.2/79.9 = 0.0526 and, since F' ~ F'(4,27) under Hy, the relevant
P-value equals P (F > 0.0526) = .99451. Therefore, we do not have any evidence
against the null hypothesis of no interaction effect.

We can then proceed to calculate the P-value for testing Hy : no effect due
to A and, since F' ~ F'(2,27) under Hy, this is given by P (F > 403.6/79.9) =
.01369. Therefore, we have some evidence against the null hypothesis of no effect
due to A.

We can also test Hp : no effect due to B and, since F' ~ F'(2,27) under
Hy, the P-value equals P (F (2,6) > 102.1/79.9) = .29497. Therefore, we have
enough no evidence against the null hypothesis of no effect due to B.

(e) Since we conclude that only factor A has a significant effect on the response
we calculate the following table of means.

A=1 A=2 A=3
Mean | 18.53 25.35 30.07

A plot of the corresponding response curve follows.
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Main Effects Plot - Data Means for Response

30 —

25 —

Response

20 —

The 0.95-confidence intervals for the difference between the means are given in
the following table.

Fanily error rate = 0.120
Irdividel error rate = 0.0500

Critical valie = 2.035
Intervals for (ol lewel mean) - (row level mean)
1 2

2 -13.872
0.237

3 -18.589 -11.772
—4.481 2.337

As we can see, at the 5% significance level, only the means of the first and third
groups do not differ.

10.4.24

(a) A side-by-side boxplot of the data by treatment (using the coding 3(:—1)+j
with A =4, B = j) follows.
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treatment
(b) A table of the cell means follows.

Cask 1 Cask2 Cask 3
Batch 1 62.70 61.20 62.90
Batch 2 60.70 57.20 60.00
Batch 3 58.10 63.50 64.55
Batch 4 56.75 57.75 64.60
Batch 5 55.10 54.45 58.00
Batch 6 64.15 58.70 60.25
Batch 7 62.55 59.85 57.30
Batch 8 59.30 65.60 64.45
Batch 9 54.80 64.00 57.25
Batch 10 | 58.80 59.20 57.85

(¢) A normal probability plot of the standardized residuals follows.
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Normal Scores
o
|

Standardized Residual

A plot of the standardized residuals against each of the treatment combinations

follows.

Residuals Versus treatmen

(response is % of fil

Standardized Residual
°

treatmen

Both plots looks reasonable, indicating no concerns about the correctness of the

model assumptions.

(d) The ANOVA table for testing all relevant hypothesis follows.

Source Df SS MS
Cask 2 20.425 10.213
Batch 9 249.328 27.703
Interaction | 18 328.841 18.269
Error 30 19.555 0.652
Total 59 618.150

The F statistic for testing Hy : no interaction between Cask and Batch, is given
by F = 18.269/0.652 = 28.02 and, since F' ~ F'(18,30) under Hy, the P-value
equals P (F > 28.02) = .0000. Therefore, we have strong evidence against the
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null hypothesis of no interaction. It is clear now that both predictors, Cask and
Batch, will have a significant effect on the response. There is no need to test
for an effect due to either Cask or Batch.

(e) Since we conclude that Cask and Batch interact, the appropriate table of
means is given in part (b). The plot of the response curves follows.

Interaction Plot - Data Means for % of fill st

Cask

65 —

60 —

Mean

10.4.25

(a) First, since there is only one observation in each combination of the two
factors, Fertilizer and Plot of Land, we have to assume that no interaction
exists between the two in order to be able to detect an effect due to fertilizer.
The ANOVA table for testing no effect due to fertilizer follows.

Source Df SS MS
Fertilizer | 4  0.7308 0.1827
Block 2 0.1086 0.0543
Error 8 0.3384 0.0423
Total 14 1.1778

The F statistic for testing Hy : no effect due to fertilizer, is given by F =
0.1827/0.0423 = 4.3191 and, since F' ~ F (4,8) under Hy, the P-value equals
P (F (4,8) > 4.3191) = .03747. Therefore, we have some evidence against the
null hypothesis of no effect due to Fertilizer.

(b) As mentioned in part (a), since n;; = 1, we assume, in addition to the usual
assumptions, that there is no interaction between Fertilizer and Plot of Land.
(¢) This would increase the number of degrees of freedom available for error,
as we would need only 1 degree of freedom to estimate the effect (slope) of
Fertilizer. So we would have 11 degrees of freedom for error and thus make our
comparisons more accurate.

(d) Using Minitab we fit this model obtaining the following ANOVA table.
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Analysis of Variance for Response, using Adjusted SS for Tests

Source DF Seq 88 MS F P

A 1 0.55981 0.55981 12.09 0.005
B 2 0.10864 0.05432 1.17 0.345
Error 11 0.50939 0.04631

Total 14 1.17784

From this we can see that there is strong evidence of an effect due to A.
To check the validity of this model we provide a normal probability plot of
the standardized residuals below.

Normal Probability Plot of the Residuals
(response is Response)

Normal Score

T T T T T
-2 -1 0 1 2

Standardized Residual

A plot of the standardized residuals against each of the treatment combination
is given below.

Residuals Versus treatmen

(response is Response)

Standardized Residual
°

treatmen

Both plots looks reasonable, indicating no serious concerns about the correctness
of the model assumptions.
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10.5 Categorical Response and Quantitative
Predictors

Exercises

—z ey .
10.5.1 We have [~ f(z)dz = [, (1_;71)2 dr = 1+i*1' = 1. Hence, f is
indeed a density function. The distribution function is then given by F (z) =

. (1.fe_—tt)2 dt = 7= as claimed. Let p= P (X <z) = F(2),

1
T 14e =

then p € [0,1] and we have p = (1 +e"”)_1, which implies F~1 (p) = = =
In(p/ (1 —p)) as claimed.

10.5.2 Let p = P(Y = 1|x). The log odds at X = z is then given by (10.5.1)
as follows.

In (%) = <<1 ixfxiﬁfﬁ—f%;z}x}) / (1 +exp {151 + 52$}>)
=1In(exp{B1 + Box}) = B1 + Box

as claimed.

10.5.3 Let | = I(p) = In(p/(1 — p)) be the log odds. Then, e = p/(1 —p) =
1/(1/p —1). Hence,

el B 1 _ 1 _ p _
1+e 141/ 1+(1-p)/p p+(1—p) e

By substituting | = 1 + 2z, we have

_ exp(B1 + fax)
1+ exp(B1 + faz)

10.5.4 A Laplace distribution having density f(z) = e~1*1/2 is used for the
inverse cdf. The cdf is F(z) = [“_ e W /2dx = €*/2 for x < 0 and F(z) =
1 —e%/2 for x > 0. Hence, F~1(p) = In(2p) for p < 1/2 and — In(2(1 — p)).
Therefore,

PY =1X; =21,...,Xp = x) = F(Brx1 + - -+ + Bray)
_ exp(ﬂlzl —+ - +5kl’k)/2 if B1$1 =+ +Bk$k <0
1 —exp(—(Bro1 + -+ Brar)) /2 if frog + -+ + Brap > 0.

10.5.5 A Cauchy distribution having density f(x) = 1/[x(1 + 22)] is used for
the inverse cdf. The cdf is

z q 1 arctan(z) 1 1 arctan(z) 1
F(z) = / ———dz = / ————sec® 0d) = / —df
o ™14 22 /2 w1+ tan® 6 —r/2 ™
arctan(z) + m/2
B —
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In the third integral, arc-tangent transformation is used, i.e., x = tanf is used.
Hence, F~!(p) = tan(w(p — 1/2)). Therefore,
PY =1|Xy =21,..., X = a) = F(Brzy + - + Bra)
= 1/2 + arctan(Byx1 + - - - + Bray) /7.

Computer Exercises

10.5.6 The results should be the same as presented in Example 10.5.1.

10.5.7
(a) Fitting the model using Minitab leads to the estimates given in the following
table.

Coefficient | Estimate Std. Error Z P-value
51 —1.1850 0.9338 —1.27 0.204
B2 0.9436 0.3966 2.38 0.017
B3 0.0597 0.1462 0.41 0.683

(b) The Chi-squared statistic for testing the validity of the model is then equal
to 4.66204 with P-value given by P (x? (8) > 4.66204) = .79301. Therefore, we
have no evidence that the model is incorrect.

(c) The P-value for testing Hy : 85 = 0 is 0.638, so we do not have any evidence
against the null hypothesis.

(d) Since the null hypothesis Hy : 83 = 0 is not rejected, we dropped the
quadratic term and refit the model. This leads to the estimates given in the
following table.

Coefficient | Estimate Std. Error Z P-value
051 —1.0063 0.8150 —1.23 0.217
B 0.9969 0.4163 2.39 0.017

The P-value for testing Hy : S2 = 0 is 0.017, so we have some evidence against
the null hypothesis and we conclude that there is a linear effect.

(e) The plot of P(Y =1|X = z) as a function of = using the estimates found
above follows.

1.0
09 —
0.8 —|
0.7 —
0.6 —|
0.5 —
0.4 —
03 —
0.2 —
0.1 —
0.0 —|

117x)

P(Y=
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Problems

10.5.8 The cell count (number of successes) is an observation from a
Binomial(m (22, 23) , P (Y = 1| Xo = 22, X3 = x3)) distribution. Let p(z,,4,) (0)
=P(Y =1]| Xg =x9,X3 =x3), where § = (02,03). Then by Theorem 9.1.2
we have that

. 2
X2 — Z (s (z2,23) — m($2: z3) P (T2, 23)) D Xg (k—1— dimQ)
(22,25) m (z2,23) P (72, 73)

where k is the number of combinations of (22, z3) and dim 2 = 2. Hence, (10.5.3)
is the correct form of the Chi-squared goodness of fit test statistic.






Chapter 11

Stochastic Processes

11.1 Simple Random Walk

Exercises
11.1.1
(a) 0.
(b) 0.
(c) 1/3.
(d) 2/3.
(e) 0.
(f) 2(1/3)(2/3) = 4/9.
(g) 0.
(h) (1/3)(1/3) =1/9.
(i) 0.
(i) 0.
(k) (35)(1/3)12(2/3)® = 0.00925.
1) o.
m) (%) (1/3)%(2/3)! = 0.0987.
1.1.2
a) P(X; =6, Xy =5) = (2/5)(3/5) = 6/25.
b) P(X; =4, Xo =5) = (3/5)(2/5) = 6/25.

(X2 =5) = (3)(2/5)(3/5) = 12/25.
y the law of total probability, P(Xy =5) = P(X; =6, X3 =5)+ P(X; =
5).

(o}

et [ T T Rl o ~~
TaELZE
=
I

—
—

3

a)P(X1:X3:8):P(X1:8, X2:7, X3:8)+P(X1:8, X2:
=8) = (1/6)(5/6)(1/6) + (1/6)(1/6)(5/6) = 10/216 = 5/108.

(b) P(X1 =6, X3 =8)=P(X1 =6, Xo =7, X3 =28)=(5/6)(1/6)(1/6) =

o —~
fa

|

oo

(¢) P(X3 = 8) = (3)(1/6)2(5/6)" = 15/216 = 5/72.

349
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(d) By the law of total probability, P(X3 = 8) = P(X; =6, X3 =8)+ P(X; =
8, X3 =8).

11.14

(a) Here E(X,) = a+ n(2p — 1) = 1000 — n(0.02). Hence, E(Xy) = 1000;
E(X)) = 999.98; E(X5) = 999.96; E(X1) = 999.80; E(Xs0) = 999.60;
E(XIOO) = 998; E(X1000) = 980.

(b) If E(Xn) < 0, then 1000 — n(0.02) <0, ie,n> 1000/(0.02) = 50, 000.

11.1.5

(a) Here P(7. < 79) = 0.89819. That is, if you start with $9 and repeatedly
make $1 bets having probability 0.499 of winning each bet, then the probability
you will reach $10 before going broke is equal to 0.89819.

(b) Here P(71. < 79) = 0.881065.

(c) Here P(71, < 19) = 0.664169.

(d) Here P(7. < 19) = 0.0183155.

(e) Here P(1. < 79) = 4 x 10718,

(f) Here P(1. < 19) =2 x 10717,

11.1.6 If p = 0.4, then P(r9p < o0) = 1. If p = 0.6, then P(1p < o©0) =
(1 —p)/p)* = (0.4/0.6)*° = 0.0173415, i.e., less than 2%. That is, if we start
with $10 and repeatedly make bets with probability 0.4 of winning each bet,
then we will eventually go broke with certainty. However, if the probability of

winning each bet is 0.6, then there is less than 2% chance of eventually going
broke.

11.1.7 We use Theorem 11.1.1.
(a)a=bn=1k=1,p=1/4,g=3/4s0 P(X, =a+k)=1/4
(b)a=5bn=1k=-1,p=1/4,g=3/4s0 P(X,, =a+k)=3/4
(c)a=5n=2k=2p=1/4,g=3/4s0 P(X,, = a+k) = (1/4)* = 0.0625
(da=6n=1k=1,p=1/4,q=3/4s0o P(X, =a+k)=1/4
(e)a=4n=1k=3,p=1/4,q=3/4s0o P(X, =a+k)=0

(f) P(X) = 6]X, = 7) = P(X) = 6, X5 = )/P(X; = 7) = P(X; =
6)P(Xo = 7| X1 = 6)/P(X> = 7) = (1/4)(1/0)/(1/4)* = 1

(g) We know that the initial fortune is 5 so to get to 7 in two steps the walk
must have been at 6 after the first step.

11.1.8 We use Theorem 11.1.1. a +n(2p — 1)

(a) a = 1000,n = 1,p = 2/5,q = 3/5 so B(X1) = 1000 + 1(2-2/5 — 1) = 999.8
(b) a=5,n=10,p=1/4,q = 3/4 so E(X19) = 1000 + 10(2 - 2/5 — 1) = 998.0
(c)a=5n=1,p=2/5,q=3/5s0 E(X100) = 1000+ 100(2-2/5 — 1) = 980.0
(d) a=6,n=1,p=2/5,q = 3/5 50 E(X1900) = 1000+ 1000(2-2/5—1) = 800.0
(e) 0> E(X;7) =1000+n(2-2/5—1) = 1000 — n/5 if and only if n > 5000.

) P(X1 >a)=P(X1=a+1)=18/38

) P(X> > a) = (18/38)% + (3)(18/38)(20/38) = 0.72299
) P(X3 > a) = (18/38)% + (3)(18/38)2(20/38) = 0.46056
) limy,, oo P(X,, > a) =0
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(e) In the long run the gambler loses money.

Problems

11.1.10

(a) This is equivalent to having $5, and trying to reach $50, by making bets
of just $1 each time — since we can count things in units of $2 instead of $1.
Hence, the desired probability is (1 — ((1 — p)/p)®)/(1 — ((1 —p)/p)"?).

(b) If p = 0.4, then this equals approximately 1.034 x 10~8

(c) The corresponding probability with $1 bets is (1 — ((1 —p)/p)1°)/(1—((1 -
p)/p)t%%) = 1.39 x 10716, Hence, we have a larger probability of reaching our
goal if we bet $2 each time, rather than $1.

(d) The corresponding probability with $10 bets is (1 — ((1—p)/p)!)/(1 - ((1—
p)/p)1%) = 0.00882. Hence, the probability of success increases if we bet $10
each time, rather than $1 or $2.

Challenges

11.1.11 Fix @ and ¢ and let f(z) = (1 — 2%)/(1 — 2¢). We wish to com-
pute lim, ;5 f((1 —p)/p). Since lim,_,5((1 — p)/p) = 1, the desired limit
is equal to lim,_.1 f(x) (if it exists). But from L’Hopital’s rule, lim,_,, f(x) =
limg (= (1 — 2%) /L (1 — 2°) = lim,—1(az®"!)/(ca®") = a/c, as desired.

11.2 Markov Chains

Exercises

11.2.1

(b) P(Xo=2)=pz =01

(c) P(Xo=3)=p3 =02

(d) P(X1=2[Xo=1) =p12 =1/4

(e) P(Xg = 2|X2 = 1) =Pi12 = 1/4

(g) P(X1 =2) = X, pupin = (0.7)(1/4) + (0.1)(1/2) + (0.2)(3/8) = 0.3.

11.2.2

(a) P(Xo = high) = pjgn = 1/3.

(b)P(Xo = low) = fuow = 2/3.

(c) P(Xy = high | Xy = high) = puigh nign = 1/4.

(d) P(X3 hlgh ‘ X2 = hlgh) = Phigh,high = 1/4

(e) P(X1 =high) = 3", uipinien = (1/3)(1/4) +(2/3)(1/6) = 7/36.

11.2.3

1) = 21100:]91 = (0. )( )+( 8)(0.7) = 0.72. Pi(X> = 0) = >, pr1ipio =
0.3)(02)+(0.7)(0.3) = 0.27. Pi(Xo = 1) = ", prapir = (0.3)(0.8)+(0.7)(0.7) =
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(b) Po(Xs =1) = 3, poipijpjn = (0.2)(0.2)(0.8)+(0.2)(0.8)(0.7)+(0.8)(0.3)(0.8)
+(0.8)(0.7)(0.7) = 0.728.

11.2.4

(a) We need m(0.2) + m1(0.3) = mp and m(0.8) + m1(0.7) = 71, where m; =
(8/3)mo, where mp = 3/11, and m; = 8/11.

(b) Since p;; > 0 for all ¢ and j, the chain is irreducible and aperiodic, so
(¢) Similarly, lim,,_,o P1 (X, =0) = mp = 3/11.

(c) :

(d) Po(X2 =1) =, paipis = (1/2)(1) + (1/2)(0) = 1/2

(e) Po(X2 =2) =3, paipiz = (1/2)(0) + (1/2)(1/5) = 1/10

(f) Po(Xo = 3) = >, paimiz = (1/2)(0) 4 (1/2)(4/5) = 2/5.

ég7>/f§éX3 =3) = > p2ipijpiz = (1/2)(0)+(1/2)(1/5)(1/2)+(1/2)(4/5)(4/5) =
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of steps.
) No, since e.g. it is impossible to get from 2 to 7 in any number of steps.

(a) Here p;; > 0 for all ¢ and j, so the chain is irreducible and aperiodic.

(b) Here p;; > 0 for all ¢ and j, so the chain is irreducible and aperiodic.

(c) Here p1apa1 > 0 and paa > 0, so the chain is irreducible. Also, p1ape; > 0
and p1ap2op21 > 0 and pao > 0, so the chain is aperiodic.

(d) Since pij2 > 0 for all ¢, and pa; > 0 for all j, the chain is irreducible. Also,
2

i

> 0 and p{¥) > 0 for all i, the chain is aperiodic.
()>0forsomen§3.

since p,

(e) This chain is irreducible since for all ¢ and j, p;

(n)

However, the chain is not aperiodic since p;;” > 0 only when n is a multiple of

3.
(f) This chain is irreducible since for all ¢ and j, p

since pgf’ )

(n)
i
> 0 and pl(;l) > 0 for all 7, the chain is aperiodic.

> 0 for some n < 3. Also,

11.2.7 This chain is doubly stochastic, i.e., has ). p;; = 1 for all j. Hence, as
in Example 11.2.15, we must have the uniform distribution (m = my = 75 =
w4 = 1/4) as a stationary distribution.

11.2.8
(a) By moving clockwise one step at a time, we see that for all ¢ and j, we have
pE?) > 0 for some n < d. Hence, the chain is irreducible.
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(b) Since p;; > 0 for all 4, each state has period 1, so the chain is aperiodic.

(c) If 4 and j are two or more apart, then p;; = p;; = 0. If 7 and j are one
apart, then m;p;; = (1/d)(1/3) = 1/3d and 7;p;; = (1/d)(1/3) = 1/3d. Hence,
the chain is reversible with respect to {m;}.

11.2.9

(a) By either increasing or decreasing one step at a time, we see that for all ¢
E;L) > 0 for some n < d. Hence, the chain is irreducible.

(b) The chain can only move from even numbers to odd, and from odd numbers
to even. Hence, each state has period 2.

(c) If ¢ and j are two or more apart, then p;; = p;; = 0. If j = i+ 1, then
mipi; = (1/24)()(d = d)/d) = (1/2%)(@/il(d = ))((d — )/d) = (1/2%)((d —
D/il(d — i — 1)1), while mpji = (1/24) (,4)) (i + 1) /d) = (1/2%)(d!/(i + 1)!(d —
i—DN((E+1)/d) = (1/2%)((d—1)!/i!(d —i —1)!). Hence, the chain is reversible
with respect to {m;}.

and j, we have p

11.2.10

(a) This chain is irreducible since for all ¢ and j, p(r-l)

ij
(b) Since pg’) >0 and pgf) > 0 for all 7, the chain is aperiodic.

(c) We need 73(1/2) = my, m1(1) + m3(1/2) = w2, and ma(1) = m3. Hence,
m = 1/4 and T = T3 — 1/2

(d) We have lim,, o, P1(X,, = 2) = w9 = 1/2. Hence, P; (X500 =2) = 1/2.

> 0 for some n < 3.

11.2.11

(a) This chain is irreducible since for all ¢ and j, pz(-?) > 0 for some n < 3.

(b) Since pgf) > (0 and pgf) > 0 for all 4, the chain is aperiodic.

(c) We need 73(1/2) = 71, m1(1/2) + 73(1/2) = 7o, and 71(1/2) 4+ mo(1) = 73.
Hence, m = 2/9, m3 = 3/9, and 75 = 4/9.

(d) We have lim, oo P1 (X, = 2) = my = 3/9 = 1/3. Hence, P (X500 = 2) =
1/3.

11.2.12

(a) This chain is irreducible and aperiodic since p;; > 0 for all ¢ and j.
(b) Pi(X1=3)=4

3 3 4\° 0.19 0.23 0.58
@ 2 2 6| = 016 022 062 |soP(Xy=3)=.34+.3-6+
1 2 .7 0.14 021 0.65
4.7=058
3 3 4\° 0.161 0.219 0.620
@[ 2 2 6| = 0154 0216 0630 | soP(X5=3)=.62
1 2 .7 0.149 0214 0.637
(e)

3 3 4
(71'1 Up) 773) 2 2 6 :(771 T2 7T3)
1 2 7
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implies
-7 3 4
(7T'1 ) 773) 2 -8 6 :(000),
1 2 -3

and solving these equations leads to m; = (12/50) w3, 7o = (17/50)75 and finally
w1+ 7o + w5 = 1 implies mp = 12/79, 1 = 17/79, and 73 = 50/79. Therefore,
limy, .00 Py (X, = 3) = 50/79.

11.2.13 Pl(Xl + X5 > 5) = Pl(Xl = 27X2 = 3) +P1(X1 — 37X2 — 2) +
P(X1=3,X2=3)=3-6+4-2+.4-.7=0.54

11.2.14

(a) The period of 1 is 1 since pgq) = 1 for all n. The period of 2 is 2 since pgrf) =1
when n is even and is 0 otherwise. Similarly, the period of 3 is 2.

(b) The chain is not aperiodic since all states do not have period equal to 1.

11.2.15

(a) The chain is irreducible since we can get from any state to any other state
with positive probability, e.g., the transitions 1 -2 — 3,2 - 1,3 -2 — 1 all
have positive probability of occurring.

(b) We have that ged{n : pgyll) > 0} = ged{2,4,6,...} = 2 and so the chain is
not aperiodic.

Problems

11.2.16 For reversibility, we need mip1a = mapa1, S0 T = (p12/p21)m™ =
((4/5)/(1/5))m = 4m. Then w3 = (p23/ps2)m2 = ((4/5)/(1/5))m2 = 4w =
42wy, Then 7y = (p3a/paz)ms = ((4/5)/(1/5))w3 = 4m3 = 437;. Then 75 =
(pas/psa)ma = ((4/5)/(1/5))my = 4wy = 4% Hence, since 1+4+4% +43 444 =
341, we have m = 1/341, m = 4/341, w3 = 42/341, my = 43/341, and
Ty = 44/341

11.2.17 We know that this example is irreducible and aperiodic, with m; =

1/d =1/100 for all . Hence, lim,, o Po(X, = 55) = 1/100. Hence, for large n
(such as the number of seconds in a month), Py(X,, = 55) ~ 1/100.

11.2.18 We use induction on n. The case n = 1 follows by definition. Assuming
the theorem is true for some n, then Py(X, 41 = j) = >, Pi(Xy =k, Xpq1 =
J) = 2w Pi(Xn = K)pkj = D2k D24 i, PitPivia - - - Pin_1k Pj- The result
follows by replacing the dummy variable k£ by 4,,.

11.2.19 If j = 0, then p;; > 0 only for ¢ = 1 when pi;g = 1/d. Hence,
Siesmipiy = m(l/d) = (1/29)(])(1/d) = (1/2)(@)(1/d) = (1/2) = mo.
If j = d, then p;;; > 0 only for ¢ = d — 1 when pg_14 = 1/d. Hence,

Yiesmipig = m(1/d) = (1/2%)(,2,)(1/d) = (1/29)(d)(1/d) = (1/2%) = 7.
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11.3 Markov Chain Monte Carlo

Exercises

11.3.1 First, choose any initial value Xy. Then, given X,, =i, let Y,,11 =i +1
or i — 1, with probability 1/2 each. Let j = Y, 41 and let ovj; = min(1, m;/m;) =
min(1, e~ (=19 +(=139") " Then let X, = j with probability @;j, otherwise
let X,,+1 = ¢ with probability 1 — oy;.

11.3.2 First, choose any initial value Xy. Then, given X,, =i, let Y,,11 =i +1
with probability 5/8 or Y;,41 = i — 1 with probability 3/8. Let j = Y,41
and let a;; = min(1, 7;q;i/miqi;) = min(1, (i+7.5)7%(3/8)/(i+6.5)7(5/8)) if
j =i+1lora;; = min(1, 7;qj;/miqij) = min(1, (i+5.5)78(5/8)/(i+6.5)"5(3/8))
if j =¢—1. Then let X, y; = j with probability a;;, otherwise let X,, 11 =1
with probability 1 — a;.

11.3.3 First, choose any initial value Xy. Then, given X,, = ¢, let Y,,41 =i+ 1
with probability 7/9 or Y,,11 = ¢ — 1 with probability 2/9. Let j = Y, 41 and
let a;; = min(1, 7;q5i/miqi;) = min(1, e~7 9" (2/9) /e~~~ (7/9)) if j =
i+ 1 or o; = min(1l, mqj;/mqi;) = min(1, et =1°=3%(7/9) /e~ =1"=1" (2/9))
if j =i —1. Then let X, +; = j with probability a;;, otherwise let X,,11 =1
with probability 1 — a;.

11.3.4 Let {Z,} be i.i.d. ~ N(0,1). First, choose any initial value Xy. Then,
given X,, = x,let Y41 = X, + Z,4+1. Let y =Y, 41 and let

gy =min(1, f(y)/f(z)) =min(1, e~¥'~v*~v+e 422"y Then let X, 41 =y
with probability o, otherwise let X, 1 = = with probability 1 — c,.

11.3.5 Let {Z,} be i.i.d. ~ N(0,1). First, choose any initial value Xy. Then,
given X,, = z, let Y, 11 = X,, + \/ﬁZnH. Let y = Y11 and let agy =
min(1, f(y)/f(z)) = min(1, e¥" ~¥°~v"+o"+e°+e%)  Then let X, 41 = y with
probability o, otherwise let X,, 1 = 2 with probability 1 — ay,.

Problems

11.3.6 First, choose any initial value X. Then, given X,, = (i1, i2), choose Y;, 11
so that P(Y,41 = (i1,7)) =277 for j = 1,2,3,.... Then, given Y, 11 = (i1,]),
choose Z,.1 so that P(Z,+1 = (k,j)) = 27F for k = 1,2,3,.... Then set
Xn-l-l = Zn-‘rl = (ka.])

11.4 Martingales

Exercises

11.4.1 Here E(X 41| Xn) = 3/8)(Xn—4)+(5/8)(X,,+C) = X, +(5C—12) /8.
This equals X, if C =12/5.

11.4.2 Here E(X 11| X,) = (0)(Xn +7) + (1 —p)(Xy, —2) = X, + (90 — 2).
This equals X, if p = 2/9.
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11.4.3 Here E(Xn+1 | Xn) = (p)(2Xn) + (]- _p>(Xn/2) = Xn(2p+ (1 _p)/2> =
X, ((3p/2) + (1/2)). This equals X, if (3p/2) + (1/2) =1, i.e. if p = 1/3.

11.4.4 Let p = P(X,, = 14). Then E(X,,) = (0.1)(8) + (0.9~ p)(12) + (p)(14) =
2p + 11.6. But {X,} is a martingale, so we know that F(X,) = Xo = 14.
Hence, 2p +11.6 = 14, so p = 1.2.

11.4.5 Let p = P(X, = 4). Then E(X,) = (2/3)(1 — p)(3) + (1/3)(1 —
p)(4) + (p)(6) = (8p + 10)/3. But {X,} is a martingale, so we know that
E(X,) = X, =>5. Hence, (8p+10)/3 =15, s0 p=15/8.

11.4.6

(a) Let X,, be the number of pennies at time n. Then {X,,} is a martingale.
Hence, E(Xgo) = XO = 175.

(b) Let p be the probability you have 200 pennies when you stop. Then let
T be the time at which you stop. Then E(X7) = (p)(200) + (1 — p)(100) =
100 4+ 100p. But {X,,} is a bounded martingale, so F(Xr) = Xy = 175. Hence,
100 + 100p = 175, so p = 3/4.

11.4.7

(a) Here E(X, 41| Xn) = (1/4)(3X,) + (3/4)(X,/3) = X, so {X,} is a mar-
tingale.

(b) T is non-negative integer-valued and does not look into the future, so it is
a stopping time.

(c) Since { X, }n<r is bounded between 1 and 81, we have E(Xr) = Xo = 27.
(d) Let p= P(Xp =1). Then E(X7) = (p)(1) + (1 —p)(81) = 81 — 80p. Hence,
81 — 80p = 27, so p = 54/80 = 27/40.

Problems

11.4.8 Since T5 happens later than T7, it also does not look into the future, so
it also must be a stopping time. However, since T35 happens earlier, it is possible
that T3 looks into the future, so T3 may not be a stopping time.

11.4.9
(a) Since {T3 < n} ={T1 < n}U{T> < n} and T} and T, are stopping times,
then {T5 < n} is also a function of X, X1,..., X, alone, so that T3 is also a

stopping time.
(b) Since {Ty < n} ={T1 < n}N{T, <n} and T} and T, are stopping times,
then {T) < n} is also a function of Xy, X1,..., X, alone, so that T}, is also a
stopping time.

11.5 Brownian Motion

Exercises

11.5.1
(a) PP =1)=1/2,
(b) P(v\? =1) =0.
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() PV = V2) = P(Y31) = 2/V/2) = (1/2)(1/2) = 1/4.

(d) We have P(Y(M) > 1) = P(Yy,/y = VM/VHM). Hence, P(v{") >1) =1/2.

Also, P(V;? > 1) = (1/2)(1/2) = 1/4. Also, P(Y{¥ > 1) =
(1/2)(1/2)(1/2) + (1/2)(1/2)(1/2) + (1/2)(1/2)(1/2) = 3/8. Also, P1,Y >
1) = (1/2)(1/2)(1/2)(1/2) + (1/2)(1/2)(1/2)(1/2) + (1/2)(1/2)(1/2)(1/2)
+(1/2)(1/2)(1/2)(1/2) + (1/2)(1/2)(1/2)(1/2) = 5/16.

11.5.2 Since By ~ N(0,1), P(B; > 1) = P(B; < —1) = ®(—1) = 0.1587.

11.5.3

(a) P(By > 1) = P((1/V/2)By > 1//2) = ®(—1/+/2) = 0.2397.

b) P(Bs < —4) = P((1/V3)By < —4/v/3) = ®(—4/+/3) = 0.0105.

c) P(By — B; < 24) = P(By < 24) = P((1/2)By < 2.4/2) = ®(2.4/2) =
(—2.4/2) = 0.8849.

d) P(Bys — By1 > 9.8) = P(Bys > 9.8) = P((1/V/15)B15 > 9.8/V/15) =

—9.8/4/15) = 0.0057.

(Bass < —6) = P((1/v/26.3)Bass < —6/126.3) = ®&(—6/1/26.3) =

B26 3 <0) = P((1/v/26.3)Bag 3 < 0/1/26.3) = (0/+/26.3) = 1/2.

A~ =~
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1, Bs — By > 2) = P(B, > 1)P(Bs — By > 2) = P((1/v/2)By >
/\/5)(35 — By) >2/V3) = &(—1/v/2) ®(-2//3) = 0.02975.
2, Bi3—DB5 > 4) = P(B5 < —2) P(By3—Bs >4) = P((1/V5)Bs <

( /\/é)(B13 — Bs) > 4/V/8) = ®(—2/V/5) ®(—4/v/8) = 0.01459.
4 > 32, Bigg — Bsa > 09) = P(Bgy > 3.2) P(Bigs — Bsa >
0.9) = P((1/v8.4)Bs 4 > 3.2/+/8.4) P((1/3/10.2)(Bis.6 — Bs.4) > 0.9//10.2) =
( 3.2/1/8.4) ®(—0.9/1/10.2) = 0.05243.
11.5.5 F(B;3Bg) = min(13,8) = 8.

11.5.6

( ) Since B17—Bl4 NN( 5 ) ((317—314)2> :3+02 = 3.

(b) E((By7—B14)?) = E(B2%,)—2E(By7B14)+E(B2,) = 17402 —2min(17, 14) +
14+02=17—-2-14+14 = 3.

11.5.7

(a) Let p = P(hit —5 before 15) and let T be the first time we hit either. Then
0= E(Br) = p(—5) + (1 — p)(15) = 15 — 20p, 5o that p = 15/20 = 3/4.

(b) Let p = P(hit —15 before 5) and let T be the first time we hit either. Then
0= E(Br) = p(—15) + (1 — p)(5) = 5 — 20p, so that p = 5/20 = 1/4.

(c¢) The answer in (a) is larger because —5 is closer to By = 0 than 15 is, while
—15 is farther than 5 is.

(d) Let p = P(hit 15 before —5) and let T' be the first time we hit either. Then
0= E(Br) =p(15) + (1 — p)(—5) = =5 + 20p, so that p = 5/20 = 1/4.

(e) We have 3/4+ 1/4 = 1, which it must since the events in parts (a) and (d)
are complimentary events.
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11.5.8

(a) B(X7) =E(+3-T+2B;) =5+3-T+2-0 = 26.

(b) VaI‘(X&1) = Var(5 +3-8.1+ 2B841) = 4VaI'(Bs_1) =4-8.1=2324.
P((1/v/2.5)Bas < —1/44/2.5) = ®(—1/41/2.5) = 0.4372.

(d) P(X17 > 50) (5+3 174+2B7 > 50) = P(Bl7 > —3) = P((l/\/ﬁ)317 >
—3V/17) = ®(—3//17) = 0.2334.

11.5.9 E(X3X5) = F((10 — 1.5 -3 + 4B3)(10 — 1.5 - 5 + 4B5)) = E((5.5 +
4B3)(2.5+4Bs)) = E(5.5-2.5+4-25-B3+4-55-Bs+4-4- B3 - Bs) =
55-25+4-25-044-55-0+4-4-min(3,5) = 61.75.

11.5.10
(a) P(Xg > 500) = P(400+0-84-9Bg > 500) = P(Bg > 100/9) = P((1/+/8)Bg >
100/9v/8) = ®(—100/9+/8) = 0.00004276.

(b) P(Xg > 500) = P(400+45-84-9Bg > 500) = P(Bg > 60/9) = P((1//8)Bg >
60/9v/8) = ®(—60/9v/8) = 0.009211.

(¢) P(Xg > 500) = P(400+10-84-9Bg > 500) = P(Bg > 20/9) = P((1/v/8)Bs >
20/9v/8) = ®(—20/9v/8) = 0.2160.

(d) P(Xg > 500) = P(400 4+ 20 - 8 + 9Bg > 500) = P(Bg > —60/9) =
P((1/v/8)Bs > —60/9v/8) = 1 — &(—60/9+/8) = 0.9908.

11.5.11
((1/\/_)310 >20/1\/_) ®(—20/14/10) = 1.27 x 10710,

(b) P(X10 > 250) = P(200 + 3 - 10 + 4Byo > 250) = P(Byy > 20/4) =

P((1/3/10) By > 20/41/10) = ®(—20/4+/10) = 0.05692.

¢) P(Xi9 > 250) = P(200 + 3 - 10 + 10Byo > 250) = P(Byo > 20/10) =

P((1/v/10) By > 20/10v/10) = ®(—20/10+/10) = 0.2635.

(d) P(Xy1o > 250) = P(200 + 3 - 10 + 100B1o > 250) = P(Byo > 20/100) =
P((1/3/10) By > 20/1001/10) = ®(—20/1001/10) = 0.4748.

Problems
11.5.12 We have that E(X) = E(2B3—7B3) =2-0—7-0 = 0. Also, F(X?) =

E((2B3 —TB5)?) = E(AB2 1+ 49B2 — 28B3Bs) = 4-3+49-5— 28 min(3,5) = 173.
Hence, Var(X) = 173.

11.5.13 We have that P(B; < z) = P((1/vt)B; < z/Vt) = ®(2/+/5), while
P(By > —x) = P(1/Vt)By > —z/Vt) =1 = ®(~2/V5) = ®(z/V5) =

—~

Challenges

11.5.14 Let g(z,y) = fB,B,(, y) be the joint density function of B, and B;—B
Since Bs; ~ N(0,s) and By — By ~ N(0,t — s) and they are independent, then
glx,y) = (1/2m+/s(t — s))e‘xz/zse_yQ/z(t_s). Then let h(z,y) = fB,.B,(z,y) be
the joint density function of B and B;. Then by the two-dimensional change-
of-variable theorem h(x,y) = g(z,y — x)
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= (1/2m/s(t — s))e‘wz/256_(y_7”)2/2(t_5). Then the conditional density of Bj
given B is equal to

hzly) = h(z,y)/ f5,(y)
= (1/2m/s(t — s))e*ﬁ/%e*(yfx)2/2(tfs) / (1/\/2_7775)6*1;2/%

t/27TS(t _ s)ewa/2567y2/2(t75)6+y2/2t _ t/271’$(t — 8>ef(ta:75y)2/25t(t75)
1/27[s(t — 5) JtJe~ (@—su/D*/2s(t=9)/1],

We conclude that, conditional on B; = y, the conditional distribution of By is
normally distributed with mean sy/t and variance s(t — s)/t. Hence, choosing
Z ~ N(sy/t, s(t —s)/t), we have P(B, < x|Bt =y)=P(Z <z)=P(Z -
sy/t)//s(t —s)/t < (x —sy/t)//s(t —s) ((x = sy/t)/+/s(t — s)/t).
11.5.15

(a) limh\o |(f(t + h) — f(t))Q/h| < 1imh\0 ‘(Kh)Q/h| = 1imh\0 ‘Kh| = 07 SO
limh\o(f(t + h) - f(t))Q/h =0.

(b) hmh\o E((Bt+h - Bt)Q/!l) = limh\o h/h =1 75 0.

(¢) They imply that Brownian motion is not always a Lipschitz function. (In
fact, it never is.)

(d) This implies that Brownian motion is not always a differentiable function.
(In fact, it never is.)

11.6 Poisson Processes

Exercises

11.6.1

(a) Ny ~ Poisson(14), so P(Ny = 13) = e~ 141413 /13! = 0.1060.
(b) P(N5 = 3) = e~35353/3! = 4.5 x 10712,

(¢) P(Ng = 20) = e—24220 /20! = 6.9 x 10~5.

(d) P(Nsp = 340) = e~350350%10 /340! = 0.01873.

(e) We have that P(N; =13, N5 = 3) = 0 since we always have N5 > Na.

(f) We have that P(N2 = 13 N5 = 20) P(N2 = 13, N5 —N2 = 7) P(N2 =
13) P(Ns — Ny = 7) = (e~ 141413 /131) (e=21217/71) = 2.9 x 10-5.

(g) P(N2 =13, N5 =3, Ng =20) =0 since we always have N5 > N.

11.6.2 We have that P(Ny/, = 6) = e~%/2(3/2)5/6! = 0.00353. Also, P(No.3 =
5) = e=99(0.9)% /5! = 0.00200.

11.6.3 We have that P(No = 6) = ¢=2/3(2/3)6/6! = 6.26 x 10~°. Also, P(N3 =
5) = e~3/3(3/3)% /5! = 0.00307.

11.6.4 We have that P(Ny = 6, N3 = 5) = 0 since we always have N3 > Ns.

11.6.5 P(N2.6 = 2|N2‘9 = 2) = P(NQ.G = 2, Ng‘g = 2)/P<NQ.9 = 2) =
P(N3g = 2, Nayg— Nag = 0)/P(Nag = 2) = P(Nag = 2) P(Nag — Nag =
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0)/P(Nyg = 2) = (e~ 2692.62/2!)(e~0-320.30 /01) /(e~2992.92/2!) = (2.6/2.9)% =
0.8038

11.6.6

(a) P(Ng = 5|Ng = 5) = P(Ng =5, Ng =5)/P(Ng = 5) = P(Ng =
5, Ng — Ng = 0) /P(Ng = 5) = P(Ng = 5) P(Ng — Ng = 0) / P(Ng = 5) =
(e=%/2(6/3)°/5)(e~*/*(3/3)° /01)/ (e=*/%(9/3) /5!) = 0.1317.

(b) P(Ng = 5|Ng = 7) = P(N¢ = 5, Ng = 7)/P(No = 7) = P(Ne
5, Ng —Ng = 2) / P(Ny = 7) = P( 6—5)P(N9—N6 =2)/P(No =
(e=5/3(6/3)° /51) e~/ (3/3)% /21) /(e =*/3(9/3)7 /1) = 0.6145.

(c) We have that P(Ng = 5| Ng = 7) = 0 since we always have Ny > Ng.

(d) P(Ng = 7|Ng = 7) = P(Ng — Ng¢ = 0| Ng = 7) = P(Ng — Ng = 0) =
e 3/3(3/3)°/0! = 1/e = 0.3679.

(e) P(Ng = 12|Ng = 7) = P(Ng — Ng = 5| Ng = 7) = P(Ng — Ng = 5) =
e=3/3(3/3)% /5! = 0.00307.

Problems

11.6.7

(a) P(N, = j|Ni = j) = P(N, = j. N, = j)/P(N; = )

j» Ny = N, = 0)/P(N; = j) = P(N, = j) P(N, - N, = 0)/ P(N; = j) =
(€= (as)’/j1) (e =) (as)?/0!) / (e~ (at) /') = (s/t)’.

(b) No, the answer does not depend on a. Intuitively, once we condition on
knowing that we have exactly j events between time 0 and time ¢, then we no
longer care what was the intensity which produced them.

11.6.8

(a) P(Ng = 1| Ny = 1) = (s/t)} = s/t.

(b) This says that P(Ty < s|N; = 1) = s/t. It follows that, conditional on
N; = 1, the distribution of T is uniform on the interval [0, ¢].
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