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[Abstract]

This article mainly introduced the related contents of constructing Cox’s proportional hazards regression model

based on Bayesian theory using the PHREG procedure and MCMC procedure, and its SAS software implementation. In the MCMC

procedure, there are two ways to build the model, one is to use the LAG function in the MODEL statement, the other is to use the

JOINTMODEL option in the MCMC procedure. The results obtained by the two procedures were basically the same, and the programs

of the PHREG procedure are relatively simple.
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data Myeloma;

input Time Vstatus LogBUN HGB Platelet Age
LogWBC

Frac LogPBM Protein SCalc;

label Time="survival time’ VStatus='0=alive 1=
dead’;

datalines;

1.25 1 2.2175 9.4 1 67 3.6628 1 1.9542
12 10

1.25 1 1.9395 12.0 1 38 3.9868 1 1.9542
20 18

2.00 1 1.5185 9.8 1 81 3.8751 1 2.0000

53.00 0 1.1139 12.0 166 3.6128 1 2.0000

57.00 0 1.2553 12.5 1663.9685 0 1.9542
0 11

77.00 0
0.9542 0 12;

run;
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proc phreg data=Myeloma;

model Time*VStatus (0) =LogBUN HGB Platelet
Age LogWBC

Frac LogPBM Protein Scalc;

Bayes seed=1 nme=10000 outpost=phout;

1.0792 14.0 1 60 3.6812 O
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28 N BifH
LogBUN 10000 1.7610
HGB 10000 -0. 1279
Platelet 10000 -0.2179
Age 10000 -0. 0130
LogWBC 10000 0.3150
Frac 10000 0.3766
LogPBM 10000 0.3792
Protein 10000 0.0102
SCalc 10000 0. 1248
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0. 6593 0.4107 2.9958
0.0727 -0. 2801 0. 00599
0.5169 -1.1871 0. 8341
0.0199 -0.0519 0. 0251
0.7451 -1.1783 1.7483
0.4152 -0. 4273 1.2021
0. 4909 -0. 5939 1.3241
0. 0267 -0. 0405 0. 0637
0. 1062 -0. 0846 0.3322
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h(r) = ho (1) exp(1.7610 X LogBUN)
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proc meme data=myeloma Moutpost=outi nmec=
50000 ntu=3000 seed=1;

array beta;

parms beta: 0;

prior beta: ~ normal (0, var=1e6) ;

bZ = betal * LogBUN + beta2 * HGB + beta3 *
Platelet

+ beta4 * Age + beta5 *LogWBC + beta6 *Frac +

beta7 *LogPBM + beta8 * Protein + beta9 *
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SCalc;
if ind =1 then do; /* first observation */
S =exp(bZ);
| =vstatus *bZ;
v =vstatus;
end;
else if (1<ind<&N) then do;
if (lagl (time) ne time) then do;
| =vstatus* bZ;
1=1-v *log(S); /* correct the loglike value */
v =vstatus; /* reset v count value */
S=S+exp(bZ);
end;
else doj /* still a tie */
| =vstatus™ bZ;
S=S+exp(bZ);
V = v + vstatus; /* add # of noncensored values */
end;
end;
else do; /* last observation */
if (lagl (time) ne time) then do;
1=—v*log(S); /* correct the loglike value */
S =S +exp(bZ);

L =1+ vstatus* (bZ —log(S));

end;

else do;

S =S +exp(bZ) ;

I =vstatus* bZ — (v + vstatus) * log(S) ;

end;

end;

model general (1) ;

run;
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Posterior Summaries and Intervals

Parameter N Mean
betal 50000 1.7600
beta2 50000 -0. 1308
beta3 50000 -0.2017
beta4 50000 -0. 0126
beta5 50000 0.3373
beta6 50000 0.3992
beta7 50000 0.3749
beta8 50000 0. 0106
beta9 50000 0. 1272
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Standard Deviation

95% HPD Interval

0. 6441 0.5117 3. 0465
0.0720 -0. 2746 0. 00524
0.5148 -1.2394 0.7984
0.0194 -0. 0512 0. 0245
0.7256 -1. 1124 1.7291
0. 4337 -0. 4385 1. 2575
0. 4861 -0. 5423 1.3689
0. 0271 -0. 0451 0.0616
0. 1064 -0. 0763 0. 3406
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