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#exercise 35 chapter 7

>

> t<—c(104,109,111,109,87,86,80,119,88,122,91,103,99,108,96,104,98,98,83,107,79,87,94,92,97)
>

> mean(t) # unbiased estimate of the population mean.

[1] 98.04

>

> var(t)

[1] 133.7067

>

> sum((t-mean(t))”“2)/24 # this is the same as var(t) and is denoted by s*2 in the text.
[1] 133.7067

>

> var (t)* 1999/2000 # an unbiased estimate of the population variance as explained at the bot
tom of page 211.

[1] 133.6398

>

> (1/25)*var(t)*(1-(25/2000))# an unbiased estimate of the variance of the sample mean.
[1] 5.281413

>

> sqrt ((1/25)*var(t) *(1-(25/2000)))

[1] 2.298133

>

> 98.04 -1.96*sqrt(5.28) # left hand endpoint of 95% C.I.

[1] 93.53626

>

> 98.04 +1.96*sqgrt(5.28) #right hand endpoint of 95% C.I.

[1] 102.5437

>
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S .
#Problem 3, chapter 8 4 /V‘/ZZ/)’W

>
>

> #The data:

>

> C1<—C(213,128,37,18,3,1,0,0,0,0,0,0,0)

>

> C2<—c(103,143,98,42,8,4,2,0,0,0,0,0,0)

>

> c3<-c(75,103,121,54,30,13,2,1,0,1,0,0,0)
>

> c4<—c(O,20,43,53,86,70,54,37,18,10,5,2,2)
>

> #Their respective sample means (which give the mle estimates for the parameter) :
>

> lambdal<-sum{cl*(0:12))/400

>

> lambda2<-sum(c2*(0:12))/400

>

> lambda3<-sum{c3*(0:12)) /400

>

> lambdad4<-sum(c4*(0:12))/400

>

> lambdal

[1] 0.e825

>

> lambda2

[1] 1.3225

>

> lambda3

[1] 1.8

>

> lambda4

[1] 4.68

>

>

> # Standard errors for the sample means
>

> sl<-sgrt(sum(cl*(0:12))) /400

S2<-sqgrt (sum(c2*(0:12))) /400
S3<-sqgrt(sum(c3*(0:12))) /400
S4<-sgrt{sum(c4*(0:12))) /400

#95% confidence intervals for the estimated parameters

1

c(lambdal-1.96*s1,lambdal + 1.96%s1)
] 0.6015387 0.7634613

c¢(lambda2-1.96*s2,lambda2 + 1.96*%s2)
1]

1.2098 1.4352

c(lambda3-1.96*s3,lambda3 + 1.96%s3)
1] 1.668519 1.931481
c(lambda4-1.96*s4,lambda4 + 1.96%s4)
]

1] 4.467994 4.892006

VeV VeV VeV V=V VYV VY Y Y Y VY

> #Comparison of the data with expected values from the mle distribution:

> #At this point, the comparison is merely by "common sense".

> # The fits look resonably good, but there could be some question about the fit for data set
3.

>

> round(((lambdalA(O:lz))/(factorial(0:12)))*exp(—lambdal) *400)
[1] 202 138 47 11 2 0 0 0 0 0 0 0 0

>
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> cl
[1] 213 128 37 18 3 1 0 0 0 0 0 0 0

>

> round(((lambdaZA(O:l2))/(factorial(o:l2)))*exp(—lambdaz) *400)
[1] 107 141 93 41 14 4 1 0 0 0 0 0 0

>

> c2
[1] 103 143 98 42 8 4 2 0 0 0 0 0 0

>

> round(((lambda3”(0:12))/(factorial(0:12)))*exp(-lambda3) *400)
[1] 66 119 107 64 29 10 3 1 0 0 0 0 0

>

> 3
[11 75 103 121 54 30 13 2 1 0 1 0 0 0

>

> round(((lambda4‘(0:12))/(factorial(O:lZ)))*exp(—lambda4) *400)
[1] 4 17 41 63 74 69 54 36 21 11 5 2 1

>

> c4
[1] 0 20 43 53 86 70 54 37 18 10 5 2 2

>



%. Exercese 7 a5 At . /S 2 noleo 00/2
Wéﬂ?fm b Lo rlty gn

d) /74 = ?( for hoth m. l.e. MW

From ¢ dalk:

Y+ 3/.24+20:3 + 94465+ 56 - Y7 F2-34LF +1:00%2:4) £l

L X=
g 79 +3/ +20 ¢ £ £ 514+ 2 AR B
= A
o - 2.7? } 50 Pa_\: .3s~g
b) ke g rhe voring g mite
. .
PL=p) . FRO-p)
N ~ &.00063

130.

2o s, stndid ety o6 o L0258
@Wl g5 WWWWWM

it

[.35‘3 — /.96 /,ozs'> ) .358 +/ ¢%¢ f.azf))
2 (,507/ 407 )

€)  Expechd covunt will iy v2bet 7 B ey
Mk =2

130(1-p2)  olemP ) = L4 ., 12
by R o e imbey of Ao



0.

(

Coridavwtd
rWW'7 & WW) hey o
le 0 bsecve A ex pe cfed.
! 49 47
“ A 30
) 20 /9
4 9 ¥
5 . 5
¢ e o
7 J 5
v 2 >
7 / 1
(0 / /
1} 2 y
A / O

Wl ¢ g g
/w:@wM W é’f /91”6 £7 partd )

betu ) /9’/44«// 0 (F=1) #1 ) _-;'/;//3/) 233.7)

~ ~ A+/ o~
7he ﬂm%’(/wa/l wuean v Tz C . 259

wnd Ho plpan  strduind doriibir o3 (Sefontiy #)

e (23307) o
/l[/ 131 - (2330 _ — ~ _o2s

314233,7) [ 131+2%3.7 1/ )



2 - _

S = 1“ ? (XL‘*X )L

n=i =
A= elO ; 0s , .0/
n= /b

a2
(o 22
Kp~y 14/2) X2 [i==4)

0)4‘: ae &< b VR < 6 s
oc hy bao 7‘5?"‘07«7-4:J _
d)  thoud Y Lome W
e ST et and e )~ (%)

> N-> ~o.
2/ §T1-) wtew T the e dfguto,)



R Console Page 1

> #Problem 32, chapter 8

>

> #The data:

>

> data<—c(5.3299,4.2537,3.1502,3.7032,1.6070,6.3923,3.1181,6.5941,3.5281,4.7433,.1077,1.5977,
5.4920,1.7220,4.1547,2.2799)

>

> data

[1] 5.3299 4.2537 3.1502 3.7032 1.6070 6.3923 3.1181 6.5941 3.5281 4.7433 0.1077 1.5977
[13] 5.4920 1.7220 4.1547 2.2799
>
> #mle estimates for the mean and variance for normally distributed data:
>
> mean (data)
[1] 3.610869
>
> mean{ (data-mean(data))*2)
[1] 3.204461
>
> # Confidence intervals for the mean:
>
> s<-sqgrt((16/15) *mean({(data-mean(data))”*2))
>
> s
[1] 1.848808
>
> #90%
> c(mean(data) -(s/4)*qt(.95,15),mean(data) +(s/4)*qt(.95,15))
[1] 2.800605 4.421132
>
> #95%
> c{mean(data) -(s/4)*gt(.975,15),mean (data) +(s/4)*qt (.975,15))
[1] 2.625708 4.596029
>
> #99%
> c{mean(data) -(s/4)*qt(.995,15),mean (data) +(s/4)*qgt(.995,15))
[1] 2.248892 4.972846
>

#Confidence intervals for the variance:

#90%
c(lG*mean((data—mean(data))A2)/qchisq(.95,15),16*mean((data—mean(data))A2)/qchisq(.05,15))
1] 2.051201 7.061256

#95%
c(16*mean((data—mean(data))*2)/qchisq(.975,15),16*mean((data—mean(data))A2)/qchisq(.025,15)

~V V V V =~V V VVVVYV

[1] 1.865201 8.187521
>

> #99%

> c(lG*mean((data-mean(data))A2)/qchisq(.995,15),16*mean((data—mean(data))*2)/qchisq(.005,15)
)

[1] 1.563089 11.143735

>

> #Confidence intervals for the standard deviation:

>

> #90%

> sqrt(c(16*mean((data-mean(data))‘2)/qchisq(.95,15),16*mean((data—mean(data))‘2)/qchisq(.05,
15)))

[1] 1.432201 2.657302

>

> #95%

> sqrt(c(lG*mean((data—mean(data))‘2)/qchisq(.975,15),l6*mean((data—mean(data))*2)/qchisq(.02
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5,15)))

[1] 1.365724 2.861384

>

> #99%

>

> sqrt(c(lG*mean((data-mean(data))A2)/qchisq(.995,15),lG*mean((data-mean(data))A2)/qchisq(.00
5,15)))

[1] 1.250236 3.338223

Y

#Now bootstrap for a 95% confidence interval for the standard deviation.
#Since the square root of an mle is not necessarily an mle,
#the asymptotic methods do not apply here.

#The estimated value:

V V V V V VvV Yy

sqgrt (mean ( (data-mean(data)) *2))
1] 1.790101

f<-function(x) { d<-rnorm(16,mean=mean(data),sd=sqrt(mean((data—mean(data))A2)))
sqgrt (mean ( (d-mean(d)) *2))}

boot<-sapply (1:1000, f)

o<-order {(boot)

deltalow<-boot [o] [25] - sqgrt (mean ( (data-mean(data))*2))

deltahigh<-boot [0] [975] - sqgrt (mean( (data-mean{data))*2))

(sqrt(mean((data-mean(data))‘2))—deltahigh,sqrt(mean((data—mean(data))A2))—deltalow)
1.20522 2.44710

=0

1

VVV AV VVYVVVVVV4++V VYV
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> #Exercise 46

>

> #Read in and attach the data:

#whales<-read.table("C:/Documents and Settings/Mike/Desktop/Math 152/whales.txt",header=T)
f#whales<-read.table("U: /Math 152/whales.txt", header=T)

whales<-read.table("http://math.cmc.edu/moneill/Mathl52/Handouts/whales.txt", header=T)

attach(whales)

names (whales)
1] "timesg"”

#a)

hist (times)
#attached: figure 46.1

hist(times,breaks=30)
#attached: figure 46.2

#A gamma distribution is a plausible guess for a model since the histogram is skewed.
#b)

#Method of moments estimates:

varhat<-mean (times”*2) -mean{times) *2

lambdahatm<-mean (times) /varhat

lambdahatm
1] 1.318771

alphahatm<-lambdahatm* mean(times)

alphahatm
]

1] 0.799174

#Compare the fitted distribution with the normalized histogram
f<—function(x){((lambdahathalphahatm)/gamma(alphahatm))*x*(alphahatm—l)*exp(—lambdahatm*x)

hist (times,probability=T)
curve (f (x),add=T)
#attached:figure 46.3

hist (times,breaks=30,prob=T)
curve (f (x) ,add=T)

#attached:figure 46.4

#c)

VVVVVVVVVVVVVVVVVS~VVVVV~SVVVVVYVVEAVYVVYVYVYY VY YVYVY VY VY VYVY VY VYVY VYAV VY VVYVVYVYVVY

#Maximum likelihood estimates:
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a<- {sum(log(times))-210*log(mean(times))) /210

f<-function(x) {log(x)+a-digamma (x)}

V V V V V

> uniroot (£, interval=c(0.01,3),lower=0.01,upper=2)
$root
[1] 1.595414

$f.root
[1] -1.328309e-06

Siter
[1] 8

$estim.prec
[1] 6.103516e-05

>

> uniroot (£, interval=c(0.01,3),lower=0.01,upper=2) [1]
Sroot

[1] 1.595414

>

> alphahatmle<-as.numeric(uniroot(f,interval:c(0.01,3),1ower=0.01,upper=2)[l])

>

> alphahatmle

[1] 1.595414

>

>

> lambdahatmle<-alphahatmle/mean (times)

>

> lambdahatmle

[1] 2.632701

>

>

> #d) The mle estimate gives a more effective summary of the data since the method of moments
estimate

> #is too large for small values of the argument. (Though the fit is not impressively good fo
r either estimate)

>

> g<—function(x,alphahat,lambdahat){((lambdahatAalphahat)/gamma(alphahat))*xA(alphahat—l)*exp
(-lambdahat*x) }

>

> curve (g(x,alphahatmle, lambdahatmle) , add=T)

>

> attached: figure 46.5

Error: syntax error

>

hist (times, probability=T)

curve (g (x,alphahatmle, lambdahatmle) , add=T)

#attached: figure 46.6

#e)
#>bootstrapping method of moments

resamp<-function(x) {rgd<-rgamma (210, shape=alphahatm, rate=1lambdahatm)
mean (rgd”*2) -mean(rgd) *2->var
lambdastar<-mean(rgd) /var
alphastar<-lambdastar*mean (rgd)
lambdastar

}

hist (sapply(1:1000, resamp))
#not included

VVVV++4+++V VYV VYV VYV VY
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data<-sapply(1:1000, resamp)
slambdahat<-sqrt((1/1000) *sum( (data-mean (data))*2))

slambdahat

] 0.2245093

resamp<—function(x){rgd<-rgamma(210,shape:alphahatm,rate=1ambdahatm)
mean (rgd”2) -mean (rgd) “2->var
lambdastar<-mean (rgd) /var
alphastar<-lambdastar*mean (rgd)
alphastar

}

hist (sapply(1:1000, resamp))

#not included

data<-sapply(1:1000, resamp)

salphahat<-sqrt((1/1000) *sum( (data-mean (data))*2))

salphahat

] 0.1153530

#f) The mle estimates have a higher variability than the method of moments estimates (shown
#gz%; as mentioned above, the mle estimate is a better summary of the data.
resamp<—function(s){rgd<—rgamma(210,shape:alphahatmle,rate:lambdahatmle)
f<-function (x) {210*log(x)—210*log(mean(rgd)) + sum(log(rgd)) -210*digamma (x)}
alphahat<—uniroot(f,interval:c(0.0l,B),lower=0.01,upper=3)[1]
alphahat<-as.numeric (alphahat)
lambdahat<—alphahat/mean(rgd)
alphahat

#lambdahat

}

hist(sapply(l:lOOO,resamp))
#not included

alphadata<—sapply(l:lOOO,resamp)
salphahat<-sqrt((1/1000)*sum((alphadata—mean(alphadata))A2))

salphahat
] 0.1448516

resamp<-function(s){rgd<-rgamma(210,shape:alphahatmle,rate:lambdahatmle)
f<-function (x) {210*log(x)—210*log(mean(rgd)) + sum(log (rgd)) -210*digamma (x) }
alphahat<—uniroot(f,interval:c(0.0l,3),lower=0.0l,upper=3)[l]
alphahat<-as.numeric (alphahat)
lambdahat<-alphahat/mean (rgd)
#alphahat

lambdahat
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}

hist (sapply(1:1000, resamp))

lambdadata<-sapply(1:1000, resamp)

slambdahat<-sqrt((1/1000) *sum( (lambdadata-mean (lambdadata))*2))

slambdahat

1] 0.2856847

#9)

#Bootstrapping for the mle 95% confidence intervals

#For lambda:

o<-order (lambdadata)

deltalow<-lambdadata[o] [25] - lambdahatmle
deltahigh<-lambdadata[o] [975] -lambdahatmle

¢ (lambdahatmle-deltahigh, lambdahatmle-deltalow)
1] 1.986277 3.102179

#For alpha:

o<-order (alphadata)

deltalow<-alphadatal[o] [25] - alphahatmle

deltahigh<-alphadatal[o] [975] -alphahatmle

VVVYVVVVVVVVA~AVVVYVYVYVVVYVVV VYV VVV VYV ~—SVYVV VYV VYV 4+

> c(alphahatmle~deltahigh, alphahatmle-deltalow)
[1] 1.273099 1.837277

>



Frequency

150

100

50

Histogram of times




Frequency

40 60 80 100

20

7617 Y6 .2

Histogram of times




Density

02 04 06 08 10 12 14

0.0

9.-7 Y63

Mo men fs

Histogram of times




Density

2.5

2.0

1.5

1.0

0.5

0.0

‘Iff

1

Y6. 4

Wimeats .

Histogram of times




Density

25

2.0

1.5

1.0

0.5

0.0

Histogram of times

moments

e

mie




Density

02 04 06 08 10 12 14

0.0

Histogram of times




65 4
PNty Neeka T4 )

= P (T=‘\:‘ =%, , ... X_‘_:x,,\ 'P[)(F-X,,.,. X..;“—Xn.}

P(T=1")

‘?
o

)“{ X“\'-‘——-’fxm’#%
—‘.

= 4

l
~
s }-
a
\.-/
_'><
T
pod
} S

GERINAE
<<Zx'

O ner ,é///yg,/#ﬁfw Tf@WJ



X
= 0 X, Fq
LR S
el = A’ e
J=2 X!

T AN _am (B4
)= X/ = 6 A
J ! m )
74y

_ ;[T)A) hiX)

x .

y | , —Am ¢
7= 2 (¢,4)= €
J"'-l ) 7 )
S /
hi(x)= ?,XJ',

J



