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Restricting the domain of Mx(t) to the set {t: t <In 3} and using the geometric series
theorem, we get

er—ln3 2¢
Mx(f) = 2(] _et-—lnB) = 3

(Note that e~ = 1/3.) Differentiating My (1), we obtain
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which gives E(X) = M} (0) = 3/2.

e probability density function of X is given by

1
fx)y={b—a

0 otherwise.

ifa<x<b

Therefore, fort # 0,

1 th ta

My (1) = El(e

whereas fort = 0, Mx(0) = 1. Thus

Mx(t)={b—a




). 3 e probability mass function of a geometric random variable X, p(x) with parameter p is

p(x)=pg*”', q=1-p, x=123,....

. i © x
M) =) pa e =0 3 (ae)"
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Now by the geometric series theorem, 3% (ge')” converges to (g¢')/(1 — g€ )ifge' <1
or, equivalently, if # < — In ¢. Restricting the domain of Mx(t) totheset {1: ¢ < — Ing}, we

obtain 0 , .
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EX =M’O=—-—=-—’ EX2 =M” T e TET
(X) %0 6= 3 X9 x(0) D 3,

and hence Var(X) = 3 — (9/4) = 3/4.

@ For a random variable X, we must have My (0) = 1. Since /(1 — 1) is 0 at 0, it cannot be a
moment-generating function.

We know that for t # 0,
-1 -1 =

MX(I)::I(]-—O): ;

Therefore, for 7 5 0,

MaX—-}'b(t) — E[el(ax+b)] = eth[ealX] — ethX(at)

o e — 1 e(a+b)l — ebr

at  [a+b)—b]t’

which is the moment-generating function of a uniform random variable over (b, a + b).
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@ M.x(1) = E(e'"¥) = Mx(1er) = exp [apt + (1/2)e’0?1?].




@ Since

Xi+Xo+---4+ X, is gamma with parameters 2 and A,

M1+ xottx, (1) = My, (DM, (1) - - - My, () = (T):")
—1

,/ o =
(‘@By Theorem 11.7, X +Y ~ N(5,9), X — Y ~ N(=3,9), and 3X +4Y ~ N (19, 130). Thus -
X+¥Y-5_0-5 -
3 3
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-
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=1— &(—1.67) = (1.67) = 0.9525,

P(X+Y>O)=P(

PX—Y <2)= P( ) = &(1.67) = 0.9525,

and .
3X +4Y — 19 20-19

>
/130 /130

@I‘heorem 11.7 implies that X ~ N(110, 1.6), where X is the average of the 1Q’s of the
randomly selected students. Therefore, :

PBX +4Y > 20) = P( ) =1— @(0.9) = 0.4641.

X—-—110>112-—110
J1.6 = /1.6

P(X'zl]Z)::P( ):1-——@(1.58):0.0571.

@l X be the average of the weights of the 12 randomly selected athletes. Let X,, X,, ...,
X 12 be the weights of these athletes. Since

X~ N(zzs, fo) = N(zzs,
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we have that
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P(X1+X2+---+X1252700)=P(X 5—1—5—)=P(X5225)
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f x(x+3 )dx————..207
E(Xz)sf %x (x+-—)dx——%§ .

oy = (125/27) — (56/21)* = 0.57-

The desired probability is

_ X+ Xo+--+X
P(2<X<2.15)=P(2< ! 224 .2“ <2.15)

::P(48<X]+X2+'-'+X24 < 51.6)

(48 —24Q07) _ Xy +Xo -+ Xpe = 24207) | 51.6 ~ 24(2.07)
0.57+/24 0.57v/24 057753 )

~ $(0.69) — &(—0.60) = 0.7549 — 0.2743 = 0.4806.

@ Note that actual value is a nebulous concept. In this exercise, like everywhere else, we are
using it to mean the average of a very large number of measurements. Let X; be ‘the error in

the ith measurement; 4 = E(X;) = 0,0 = oy, = 1/\/5. Hence
P(-—O.25 < X+ Xo .5*-0.“+X5° < 0.25)

=P(-125< X1+ X2+ ---+ Xs0 < 12.5)

( ~12.5 X1>+X2+~--+X50< 12.5
(1/73)v/50  (1/43)v/30 (1/J§)«/56)

~ @ (3.06) — d(—3.06) = 24(3.06) — 1 = 0.9778.
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@ Let Y, = 3", Xi; Y, is Poisson with rate n. On the one hand,
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