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Abstract

Estimation of parameters of a probability
distribution function is one of the major tasks in
statistical inference. The estimation can be divided
into two parts, point estimation and interval
estimation. There are many point estimation
methods and one of these methods is the
Bayesian method. The Bayesian method is
one of the widely used methods, but in some
cases the method is very difficult to find the
Bayes estimators or Bayes estimates through
the analytical methods such as calculus and
linear algebra. So, for the hard problem, we
frequently use approximation methods such as
numerical method and simulation method to
find out the approximate Bayes estimates.
This article presents an approximation method
called the Monte Carlo simulation using the
Gibbs sampling which is a well-known method
in the Markov chain Monte Carlo (MCMC)

methods.

Keywords: estimation, Bayes estimator, loss
function, Monte Carlo simulation, Gibbs

sampling.
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C *** THIS PROGRAM USES GIBBS SAMPLING TO COMPUTE THE BAYES
C ESTIMATE.

REAL LAMBDA

5 PRINT=*, ' !
PRINT*, ' ENTER THE NUMBER OF SIMULATION RUNS M:'
READ*, M
IF(M .LE. 0) STOP
PRINT*, ' ENTER THE NUMBER OF OMITTED VALUES K:'
READ*, K
PRINT*, ' ENTER THE STARTING VALUE OF V SQUARED:'
READ*, VIO
PRINT*, ' ENTER THE SAMPLE SIZE N:'
READ*, N
PRINT*, ' ENTER THE SAMPLE MEAN Y:'
READ*, Y
PRINT*, ' ENTER THE SIGMA SQUARED:'
READ*, SIGMAZ2
PRINT*, ' ENTER THE ALPHA VALUE:'
READ*, ALPHA
PRINT*, ' ENTER THE LAMBDA VALUE:'
READ*, LAMBDA
PRINT*, ' ENTER THE DESIRED SEED:'
READ*, IX
VI = VIO

ALPHAP = ALPHA + 0.5
NUMRUNS = M - K
A = SQRT(2*ALPHAP - 1.0)
B = 2.0*ALPHAP - 1.386294 + (1.0/A)
Do 10 J = 1,K
CALL
GIBBS (IX,VI,N,Y,SIGMA2,ALPHAP, LAMBRDA, THETA, A, B)
10 CONTINUE

SUM = 0.0
DO 20 J = 1,NUMRUNS
CALL

GIBBS (IX,VI,N,Y,SIGMA2,ALPHAP, LAMBRDA, THETA, A, B)
SUM = SUM + THETA

20 CONTINUE
AVERAGE = SUM/FLOAT (NUMRUNS)
PRINT*, ' !
PRINT*, ' THE BAYES ESTIMATE IS ',K AVERAGE
GO TO 5
END
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c *** GIBBS ALGORITHM

SUBROUTINE GIBBS(IX,VI,N,Y,SIGMA2,ALPHAP,LAMRBDA, THETA,K A, B)
REAL LAMBDA , LAMBDAP, MEAN

C *** THIS SECTION SIMULATES C%‘

DEN = N*VI + SIGMAZ2
MEAN = N*VI*Y/DEN
VAR = VI*SIGMA2/DEN

SD = SQRT (VAR)
R1 = URAND (IX)
R2 = URAND (IX)

Z = SQRT(-2.0*ALOG(R1))*COS (6.283185*R2)
THETA = MEAN + SD*Z

C *++ THIS SECTION SIMULATES V.

LAMBDAP = 0.5*THETA*THETA + LAMBDA
5 R1 = URAND (IX)

R2 = URAND (IX)

U = ALPHAP* ((R1/(1.0-R1))**A)

W = B - ALOG(R1*R1*R2)

IF(U .GT. W) GO TO 5

VI = LAMBDAP/U

RETURN

END

C **% THIS FUNCTION SIMULATES A RANDCM NUMBER U(0,1).

FUNCTION URAND (IX)

IX = DMOD(16807.0D0*IX, 2147483647.0D0)
URAND = IX/2147483647.0

RETURN

END
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