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[ Abstract] The paper introduced a method based on Bayesian statistics for realising a multiple linear regression analysis .
Instead of estimating the parameters in a regression model based on the formulas derived from Bayesian theory , the most common
approach was based on the MCMC method to achieve the multiple regression analysis . The MCMC method was assembled Bayesian

theory, Markov chain, Monte Carlo methods and other contents. When the data basically met the prerequisites of a classical statistical

modeling, constructing the multiple linear regression models based on Bayesian statistical thought was equivalent to the one based on

the classical statistical method.
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proc meme data = cral seed =12345 nbi =10000
nmc = 100000 thin = 10 diag = all OUTPOST = POST
STATS = ALL MCHISTORY = DETAILED dic;
parms beta0 O betal 100 beta2 O beta3 10 ;
parms sigma2 20

prior betaO betal beta2 beta3 ~ normal (mean =0, var
=1leb);

prior sigma2 ~ igamma ( shape = 0.001, scale =
0.001)

mu = beta0 +betal * x2 + beta2 * x3 + beta3 * x4 ;
model y ~ normal (mu,var =sigma2) ;

run;

[ BEHI ] MCMC 5 & A 3 /A FHZe 30 9 255 SC L
Bk IR IR , Ak A
(2) ZE LA IR i) i 45

Posterior Summaries

Percentiles
Parameter N Mean Standard Deviation
25% 50% 75%
beta0 10000 4.9274 2.2398 3.4456 4.9053 6.3989
betal 10000 0.4389 0.1417 0.3454 0.4388 0.5333
beta2 10000 -0.3007 0.1009 -0.3666 -0.3000 -0.2346
beta3 10000 0.8120 0.2143 0.6744 0.8103 0.9547
sigma2 10000 3.2286 1.0766 2.4805 3.0266 3.7333
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proc meme data =cral seed =12345 nbi = 10000
nme = 100000 thin =10 diag = all OUTPOST = POST

STATS = ALL MCHISTORY = DETAILED dic;
parms betaO O betal 100 beta2 0 beta3 10;

parms sigma2 20 ;

prior betaQ betal beta2 beta3 ~ general (0) ;
priorsigma2 = — log( sigma2) ;

prior sigma2 ~ general ( priorsigma2) ;

mu = betaQ + betal * x2 + beta2 * x3 +beta3 *x4;
model y ~ normal(mu,var = sigma2) ;

run;
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Posterior Summaries

Percentiles
Parameter N Mean StandardDeviation
25% 50% 75%
beta0 10000 4.9222 2.2498 3.4316 4.9064 6.3549
betal 10000 0.4361 0. 1406 0.3443 0.4359 0.5278
beta2 10000 -0.3015 0.1012 -0.3688 -0.3009 -0.2349
beta3 10000 0.8135 0.2150 0.6749 0.8165 0.9525
sigma2 10000 3.1965 1.0689 2.4537 2.9872 3.7111
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