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Abstract

The objective of this research is to compare the point and interval
estimations of gamma Distribution by Maximum Likelihood (ML), Bayes’, Markov
Chain Monte Carlo (MCMC) and applied Bayes’ with Markov Chain Monte Cario
(Bayes.MCMCj Methods. The prior distributions of Bayes’ method are gamma (2,1),
chi-square (4), and exponential (0.2) distributions. The data samples are generated
from gamma distribution by setting the scale parameter or called true parameter (A)
as 2, the shape parameter (@) as 2, 3, 4, 5, 6, 7, and 8, sample sizes (n) as 30, 50,
and 70, and the 95% and 99% confidence interval. By the parameter values and
samplé sizes are used in the point and interval estimations. The simulated data is
generated by R.program and replicated 1,000 times in each situation. For the point
estimation, the t-test is used for testing that the true parameter is not different from
the mean of estimated parameter. The interval estimation is considered by
Confidence Coefficient (CC) and Average Width (AW). The results are divided to two
parts as follows: the first part is the result of the point estimation; ML, 8ayes’, and
MCMC methods are a good petformance to estimate parameter except sample sizes
are 30, 50, and 70 and shape parameter (&) are 2, 3, and 4. If sample sizes and
shape parameter (@) are increasing, the BayesMCMC method is a better
performance than the other methods. And the second part is the result of the
interval estimation; the Bayes’ method is the best performance to estimate the

confidence interval.
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Voo w ot - . . - poA
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2. arumudune (Consistent)

o 27 W X,,..., X, Wudednduandssansaiifadduamumnuiuainnites dy
Ja} & o o b . . & 1 P

S (%:8) 8 aniluiszunuiiaauduain (Consistent  Estimator) 89 6 Ariailie
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hgvee g(6) uar W(T) aeilegiiden

W X,... X, LfJus'hathfjumﬂﬂizmniﬁﬁmsmmmunum fiwisfives o

dﬂ' . -J 1
uas A 3n X, ~Gamma(a,i) We i=1,...,7 uaz 2> 0 laedivsuat o
1

X. - __A'G‘Xa—! —-AX
f ( ,a,/l) = (a) e
Xa—l
L Aa’ -AX
: @)

=s(X)g(Ayexp[ p(A)1(X)]
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2.3.3 Afuaufinrilaldurinen (Markov Chain Monte Carlo)
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m=1000

n=30

alpha=2

lambda=2

al=2; bi=1

a2=2; b2=05

a3=1; b3=0.2

mle=c()

alphal=c()

betal=c(}

bayes_memc=c(}

mecme=c()

bayes.gamma=c()

bayes.chis=c{)

bayes.exp=c(}

set.seed(9)

for(j in 1:m){
x=rgamma(n,alpha,rate=lambda)
mle(j)=alpha/mean(x)
bayes.gammal[j]={(n*alpha)+a1)/{(n*mean(x))+b1)
bayes.chis[jl=((n*alpha)+a2)/((n*mean(x))}+b2)
bayes.expljl={(n*alpha)+a3){{n*mean(x))+b3)
adadmivaireiassnuuauiarlalsuinon
library(rjags)
dataset=list(x=x,n=n,alpha=alpha)

inits=list{lambda=2, alphal = 1, betal = 1)

jagmod <- jags.model{'model.txt' data = dataset,inits

1000)
update(jagmod, n.iter=5000, progress.bar="text")

posterior = coda.samples(jagmod, c("lambda" , "alphal®, ‘betal”),

n.iter=5000;progress.bar="text" thin=10)

95

inits,n.chains = 1,n.adapt =



post=as.data.frame(as.matrix(posterior))
mcmc{jl=mean(post$lambda)
alphal[jl=mean(post$alphal)
beta1[jl=mean(postSbetal)
bayes_mcmc[jl=((n*alpha)+alphal)l/{(n*mean(x)}+betal)
cat(c("loop " )),fill=T)

}

Adadwmiumviageud (t-test)
t.test{mle, mu=lambda)
sd1=sd(mle)

sdl

roul = mean(mle)
t.test(bayes_mcmc, mu=lambda)
sd2=sd(bayes ‘mcmc)

sd2

mu2 = mean(bayes_mcmc)
t.test{memc, mu=lambda)
sd3=sd(mcmc)

sd3

mu3 = mean{mcmc)
t.test{bayes.gamma, mu=lambda)
sdd=sd(bayes.garmmma)

sdd

mud = mean(bayes.camma)
t.test(bayes.chis, mu=lambda)
sd5=sd(bayes.chis)

sd5

mu5 = mean(bayes.chis)
t.test{bayes.exp, mu=lambda)
sd6=sd(bayes.exp)

sdé

mué = mean(bayes.exp)

cat(\tn = ', n, \talpha =", alpha, \tM = ', m,\tlambda =, lambda,"\n/,

96
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\tmlemean = ', mul, “tmlesd = ', sdl, ‘\tStatistic = ' , ttest{mle,

mu=lambda)$statistic, "\tPvalue = ', t.test{mle, mu=lambda)$p.value, "\n',

\tbayes_mcmcmean = ', mu2, “\tbayes mcmcsd = ', sd2, “tStatistic = ',

ttestlbayes mcme, mu=lambda)$statisticc, "\tPvalue = ', t.test(bayes mcmc,

mu=lambda)$p.value, "\n',
\tmememean = ', mu3, \tmcmecsd = °, sd3, "(Statistic = ', t.test{mcmc,
mu=lambda)$statistic, \tPvalue = ', t.testimcmc, mu=lambda)$p.value, "\n,

\tbayes.gamma.mean = ' , mud, “tbayesgamma.sd= ', sdd, ‘\tStatistic = ' ,
t.test(bayes.gamma, mu=lambda)$statistic, "\tPvalue = ' t.test{bayes.gcamma,
mu=lambda)$p.value, \n',

\tbayes.chis.mean =", mu5, “thayes.chis.sd = ', sd5, \tStatistic = ', t.test(bayes.chis,
mu=lambda)$statistic, "tPvalue =, t.test(bayes.chis, mu=lambda)$p.value, "\,
\tbayes.exp.mean ="', mué, \tbayes.exp.sd =, sd6, "tStatistic = ', t.test(bayes.exp,
mu=lambda)$statistic, "\tPvalue = ', t.test(bayes.exp, mu=lambda)$p.value, \n’
output_MLE:data.frame(mle,bayes_mcmc,mcmc,bayes.gamma,bayes.chis,t.)ayes.exp)

write table(output_MLE file="gamma n30 alpha2_ 2.txt,"sep="\t",row,name=FALSE)
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Adalusunsuanldluntsussun A uUT e

m <- 1000

n <- 30

alpha <- 2

lambda <- 2

al<-2;bl <1

a2<-2,b2<-05

a3 <-1;b3<-02

alphall <- 0.1

conf.cv <- 0.8814

mle = rep(0,m); var.mle = rep(0,m)

bayes.gamma = rep(0,m); var.bayes.gamma = rep{0,m)
bayes.chis =rep(0,m); var.bayes.chis = rep(0,m)
bayes.exp = rep(0,m}), var.bayes.exp = rep(0,m)

meme = rep(0,m); var.meme = rep(0,m)

bayes_mcmc = rep(0,m); var.bayes_memc = rep(0,m)
lower.mle = rep(0,m); upper.mle = rep(0,m)
lower.bayes.gamma = rep(0,m); upper.bayes.egamma = rep(0,m)
lower.bayes.chis = rep(0,m); upper.bayes.chis= rep(0,m)
lower.bayes.exp = rep(0,m); upper.bayes.exp = rep(O,'m)
lower.mcmc = rep{0,m); upper.mcmc = rep{0,m)
lower.bayes_mcmc = rep(0,m); upper.bayes_mcmc = rep(0,m)
temp.mle = rep(0,m)

temp.bayes.gamma = rep(0,m)

temp.bayes.chis = rep(0,m)

temp.bayes.exp = rep(0,m}

temp.mcmc = rep(0,m)

temp.bayes_mcmc = rep(0,m)

length.mle = rep(0,m)

length.bayes.gamma = rep(0,m)

length.bayes.chis = rep(0,m)

length.bayes.exp = rep(0,m)
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length.memc = rep(0,m)

length.bayes_mcmc = rep(0,m)

for(j in 1:m)

{x <- rgamma(n,alpha,rate=lambda)

mle{j] <- alpha/mean(x)

var.mie(j] <- {(nA2)*(alpha*alpha*alpha*alpha))/((((n*alpha)-1)A2)*({n*alpha)-
2)*((mean(x)"2))}

bayes.gammalj] <- ((n*alpha)+al)/{{(n*mean(x))+b1)
var.bayes.gammalj] <- {{(n*alpha)+a1)/(((n*mean(x))+b1)22)
bayes.chis[j] <- ((n*alpha}l+a2)/{(n*mean(x))+b2)
var.bayes.chis[j] <- (n*alpha)+a2)/({(n*mean(x)+b2)»2)
bayes.explj] <- {(n*alpha)+a3)/{(n*mean(x))+b3)
var.bayes.exp(j] <- ((n*alpha)+a3)/(((n*mean(x)+b3)A2)
alphalll=alpha

e o o [y v’l o I ¥ - ﬂ II £ |
library(rjags)

dataset=list{x=x,n=n,alpha=alphalll)

inits=list{lambda=lambda, alphal = 1, betal = 1)

jagmod <- jags.model('model.txt',data = dataset,inits = inits,n.chains = 1,n.adapt =
1000)

update(jagmod, n.iter=5000, progress.bar="text")

posterior = coda.samples(jagmod, c("lambda" , "alphal”, "betat"),
n.iterzsz)OO,progress.bar="text",thin= 10)
post=as.data.frame(as.matrix(posterior))

mcmcfj] = mean(post$lambda)

alphal[j] = mean(post$alphal)

betal{jl = mean(post$Sbetal)
bayes_memc[jl=((n*alpha)+alphal)/{n*mean(x}}+betal)
var.memc(j] = var(post$lambda)

var.bayes_memc(j] <- ((n*alpha)+alphal)/((n*mean(x))+beta1)A2)



lower.mle(j] <- ((n*alpha111)-1)/(n*mean(x)))-gnorm(1-

alphall/2)*sgrt(1/A{(n*alphal11)-2)*(mlelj]A2)

upper.mle[j] <- (((n*alphal11}-1¥/(n*mean(x)))+gnorm(1-
alphal1/2)*sgrt(1/{n*alphal11)-2)*(mlelj]r2)

lower.bayes.gammalj} <- bayes.gamma[j]-gnorm(1-alphal1/2)*sqrt{var.bayes.gammalj])
upper.bayes.gammalj] <- bayes.gammaljl+gnorm(1-
alphal1l/2)*sqrt{var.bayes.gammalj])

lower.bayes.chis[j] <- bayes.chis[j]l-gnorm(1-alphal1/2}*sgrt(var.bayes.chis[jl)
upper.bayes.chis{j] <- bayes.chis[jl+gnorm{1-alphal1/2)*sqrt(var.bayes.chis[j])
lower.bayes.exp(j] <- bayes.expljl-gnorm(1-alphal1/2)*sgrt(var.bayes.expljl)
upper.bayes.exp(j] <- bayes.expljl+gnorm(1-alphal1/2)*sqrt{var.bayes.explj])
lower.memclj] <- memeljl-gnorm(1-alphal 1/2*sqri(var.mcmcljl}

upper.mecmclj] <- memc[jl+gnorm(1-alphal1/2)*sqrt(var.memc[j))

lower.bayes mcmc(j] <- bayes _mcmc[jl-gnorm(1-alphall/2)*sqrt{var.bayes_macmc(j)
upper.bayes_mcmc(j} <- bayes_mcmc[j]+qnbrm(l—alpha11/2)*sqrt(var.bayes_mcmc[j])
ifi(lambda >=lower.mle(j]) & (lambda <=upper.mle{j])} {temp.mle(j] <- 1}

ifl(lambda >=lower.bayes.gammalj]) & (lambda <=upper.bayes.garmmalj])
{temp.bayes.gammalj] <- 1}

ifl(tambda >=lower.bayes.chis[j]} & (lambda <=upper.bayes.chis(j})) {temp.bayes.chis(j]
<- 1} :

ifi(lambda >=lower.bayes.exp[j]) & (lambda <=upper.bayes.exp[jl}} {temp.bayes.exp(j]
<- 1}

ifil(tambda >=lower.mcmcfjl} & (lambda <=upper.mcmc(j])} {temp.memelj] <- 1}
ifi{lambda >=lower.bayes_mcmc[jl} & {lambda <=upper.bayes_memc[j))
{temp.bayes_mcmc(j] <- 1}

length.mle[j] <-upper.mte[j}-lower.mle(]]

length.bayes.gammalj] <-upper.bayes.gammaljl-lower.bayes.gammalj]
length.bayes.chis[j] <-upper.bayes.chis[j]-lower.bayes.chis[j]

length.bayes.explj] <-upper.bayes.exp[jl-lower.bayes.exp(j]

length.memc(j] <-upper.mcmcijl-lower.mcmcfj}

length.bayes_memc[j] <-upper.bayes_mcmc[jl-lower.bayes_macmclj]



cat(c("loop:",) fill=T)

}

conf.mle = mean{temp.mle)

conf.bayes.gamma = mean(temp.bayes.gamma)

conf.bayes.chis = mean(temp.bayes.chis)

conf.bayes.exp = mean(temp.bayes.exp)

conf.mcme = mean(temp.memc)

conf.bayes_mecmc = mean(temp.bayes_mcmc)

iflconf.mle>=conf.cv)

{width.mle <-mean(length.mle}}

iflconf.mle < conf.cv)

{width.mle <-c{™-")}
_iflconf.bayes.eamma>=conf.cv)

{width.bayes.eamma <-mean(length.bayes.gamma)}

iflconf.bayes.garnma < conf.cv)

{width.bayes.camma <-c("-"}}

iflconf.bayes.chis>=conf.cv)

{width.bayes.chis <-mean(length.bayes.chis)}

iflconf.bayes.chis < conf.cv)

{width.bayes.chis <-c("-")}

iflconf.bayes.exp>=conf.cv)

{width.bayes.exp <-mean(length.bayes.exp)}

iftconf.bayes.exp < conf.cv)

{width.bayes.exp <-c(*-"}

iflconf.mcme>=conf.cv)

{width.mcmc <-mean(length.mcmc)}

iflconf.memc < conf.cv}

{width.mcmc <-c(*-")}

iflconf.bayes_mcme>=conf.cv)

{width.bayes_mcmc <-mean(length.bayes_mcma)}

iflconf.bayes_memc < conf.cv)

{width.bayes_mcmc <-c("-")}
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cat(\tn = "n,\talpha = alphatlambda & 'lambda,\talphall =
"alphall,\tconfidence coef = ‘,conf.cv,\n',

\tconf mle = ', confmle\tconf bayesgamma = ', confbayes.gamma,\tconf
bayes.chis = ', conf.bayes.chis,

\tconf bayesexp = ' confbayes.exp,\tconf mcmc = ', conf.meme,\tconf
bayes_mcmc ="', conf.bayes_mcme,\n',

\twidth mle = ', width.mle,\twidth bayes.gamma = ', width.bayes.ecamma,\twidth
bayes.chis = ', width.bayes.chis,

\twidth bayes.exp = ', width.bayes.exp\twidth mcmc = ', width.mcmc, \twidth
bayes_mcmc = ', width.bayes_mcme,\n')
output_interval=data.frame(n,alpha,lambda,conf.mle,width.mle,conf.bayes.camma,wi
dth.bayes.gamma,conf.bayes.chis,width.bayes.chis,
conf.bayes.exp,width.bayes.exp,conf.mcme,width.memc,conf.bayes_mcmc,width.baye
s_mcmc)

write.table{foutput_interval,"Gamma_Interval_n30_alpha2_0.1.txt",sep="\t",row.name=

FALSE)
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