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proc nilmixed data=tree;
parms b1=190 b2=700 b3=350
s2u=1000 s2e=60;

+ NLINZOY D v ERIFE
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ETILDIETE

num = bl+ul;
ex = exp(-(day-b2)/b3);
den = 1 + ex;
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J . The Fovver fo Know.
o B =
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model y ~ normal(num/den,s2e);
random ul ~ normal(0,s2u) subject=tree;
run;
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J DClO The Fovwer fo Know.
HH (FREDH A X)
Dimensions
Observations Used 35
Observations Not Used 0
Total Observations 35
Subjects 5
Max Obs Per Subject 7
Parameters 5
Quadrature Points 1
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IterationHistory

Iter Calls NegLogLike Diff MaxGrad Slope
4 131.686742 0.805045 0.010269 -0.633
6 131.64466 0.042082 0.014783 -0.0182
8 131.614077 0.030583 0.009809 -0.02796
10 131.572522 0.041555 0.001186 -0.01344
11 131.571895 0.000627 0.0002 -0.00121
13 131.571889 5.549E-6 0.000092 -7.68E-6
15 131.571888 1.096E-6 6.097E-6 -1.29E-6

NOTE: GCONV convergence criterion satisfied.
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J Sas. The Fover to Knoaw.
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Fit Statistics
-2 Log Likelihood 263.1
AIC (smaller i1s better) 273.1
BIC (smaller is better) 271.2
Log Likelihood -131.6
AIC (larger is better) -136.6
BIC (larger is better) -135.6
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Parameter Estimates
Standard t
Parameter Estimate Error DF Value Pr> |t]| Alpha Lower Upper Gradient

Bl 192.05 15.6473 4 12.27 0.0003 0.05 148.61 235.50 1.154E-6
B2 727.90 35.2472 4 20.65 <.0001 0.05 630.04 825.76 5.289E-6
B3 348.07 27.0790 4 12.85 0.0002 0.05 272.88 423.25 -6.1E-6
S2u 999.88 647.44 4 1.54 0.1974 0.05 -797.70 2797.45 -3.84E-6

i VRO i =y

S2e 61.5139 15.8831 4 3.87 0.0179 0.05 17.4153 105.61 2.892E-6
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NLMIXEDDIZENEFER/ NS A2 DIETE

proc nimixed data=infection;
parms beta0O=-1 betal=1 s2u=2;

s UL boooooobobbod
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isas. The Ponaer fo Know.
el ipesce
ETILDIETE

eta = beta0 + betal*t + u;
expeta = exp(eta);
p = expeta/(l+expeta);
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J Sas. The Power to Know.
DTDIETE

model x ~ binomial(n,p);
random u ~ normal(0,s2u)
subject=clinic;

s JOLObOO0OOuobLbog
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J Sas. The Fovwer fo Know.
ATLaFIVGEE

predict eta out=eta;
estimate "1/betal” 1/betal;
run;

« JOOODOOO Empirical Bayes 0O 0[O0
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J Sas. The Power to Know.,
H A (BEDH A X)

Dimensions
Observations Used 16
Observations Not Used 0
Total Observations 16
Subjects 8
Max Obs Per Subject 2
Parameters 3
Quadrature Points 5
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J Sas. The Fower to Kninw.
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Parameter Estimates

Standard t
Parameter Estimate Error DF Value Pr> |t] Alpha Lower Upper Gradient
Betal -1.1974 0.5561 7 -2.15 0.0683 0.05 -2.5123 0.1175 -3.1E-7
Betal 0.7385 0.3004 7 2.46 0.0436 0.05 0.02806 1.4488 -2.08E-6
S2u 1.9591 1.1903 7 1.65 0.1438 0.05 -0.8554 4.7736 -2.48E-7

« J0O0O0ODOOS2u0 0000 O Overdispersiondd O
oooono

—000OLogisticO 0000000 OOOoOoO
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J Sas_ The Fover fo Know.
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ESTIMATERT—FAVRDER

Additional Estimates
Standard t
Label Estimate Error DF Value Pr > |t] Alpha Lower Upper
1/beta 11.3542 0.5509 7 2.46 0.0436 0.05 0.05146 2.6569

s JO0O0O0OODDODDOODODdODOUOOOUOOOO
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J Sas. The Fovwer fo Know.
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Cit = [(D kg ky)(Cli(ky - k)] [exp(-kq t) - exp(-k; 1)]
+ €

Cl. = exp(B b,y

ki = exp(B ,10;)

kg=exp(B3)

CiEE D:F=ZE kEH ClLOU7I30RX
B BEEMRE b: SO LB
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J - The Fonser fo Know.
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proc nlmixed data=theoph;
parms betal=-3.22 beta2=0.47 beta3=-2.45
s2b1=0.03 cbh12=0 s2b2=0.4 s2=0.5;
cl = exp(betal + bl);
ka = exp(beta2 + b2);
ke = exp(betald);
pred = dose*ke*ka*(exp(-ke*time)
-exp(-ka*time))/cl/(ka-ke);
model conc ~ normal(pred,s2);
random bl b2 ~ normal ([0,0].[s2bl,cb12,s2b2])
subject=subject;

run;
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