Chapter 6

RESUME

This thesis focuses on the analysis of insurance policy lifetimes in the form of grouped
data, where the lifetime of a policy is measured from the inception date (entry month)
up to the lapsimg date (month in which policy lapsed) or a pre-determined cut-off date.
Data from the insurance industry are extensive data sets with very large sample sizes. The
focus in this thssis is on the estimation of lifetime distributions, based on a large sample
of discrete lifetimes of policies that are grouped into intervals of lifetimes. The aim of the
research is the statistical modelling of parametric survival distributions of grouped survival
data of long- and shortterm policies in the insurance industry, by means of a method of
maximum likelikcod estimation subject to constraints. This scenario has become extremely

important, not oaly for application in the actuarial context, but also in other fields.

In this thesis, the analysis takes account of the actual lifetime (duration) of the policy
rather than just recording the fact that the policy lapsed or was still alive after (say) twelve
months. In other words, the response variable, lifetime, is a continuous one, and the whole
distribution of lifstimes can be used. A general experimental design admits that all the
policies can be used in the analysis, even those policies with inception dates very close to

the cut-off point.

Special attention has been given to staggered entry of policies, where policies written in

different months or time-periods have different entry times.

The methodolozgy of maximum likelihood estimation subject to constraints, used in this

thesis, leads to explicit expressions for the estimates of the parameters, as well as for
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approximated variances and covariances of the estimates, which gives exact maximum like-
lihood estimates of the parameters. This makes direct extension to more complex designs

feasible.

Once the parameters of the survival distributions have been estimated, estimated hazard
and survivor functions, odds of a lapse, odds ratios and hazard ratios at time ¢ can
be directly calculated, as well as estimated percentiles for the fitted survival distributions.
These estimates form the statistical foundation for scientific decisionmaking with respect to

actuarial design, maintenance and marketing of insurance policies.

Parametric regression models are fitted and important indicators of the effect of the
covariates are defined such as risk scores (hazard ratios) and indices (odds ratios). This is
in contrast to the famous semiparametric Cox's proportional hazards model. David Oakes
states in the chapter on Survival Analysis in [39] that " following the incorporation of software
for fitting proportional hazards models into packages such as BMDP and SAS, this model
of Cox, for better or worse, became standard for the analysis of survival data. But the
assumption of proportional hazards has no compelling mathematical justification and is

often found to be false in applications.”

It is generally assumed in the actuarial industry that incorrect assumptions regarding life-
time distributions have severe implications with respect to lapse probabilities and estimated
income. For this reason non-parametric and semi-parametric models are standard practice.
The implications of a proper and sound parametric model are far-reaching for the charac-
terization of lapse probabilities and income, which are the corner stones of the insurance
industry. It directly determines lapse indices in terms of risk factors, including the period of
lapsing under consideration. It also determines the behaviour of such indices over time. It
can also be assumed that the use of grouped data for determining lifetime distributions is

more robust with respect to wrong assumptions than continuous data.

In this way a contribution is made to the global handling of lapse indices and risk scores.
For example, if a log-logistic distribution holds, the indices are constant, independent of the
lapsing period. If a Weibull distribution holds, the risk scores are constant, independent of
the lapsing period. In any event, if the lifetime distribution is known, the lapse indices for

any time period are known.

A complete exposition of these structural relationships and practical implications of it must
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be investigated further.

Although the methodology in this thesis is developed specifically for the insurance industry, it
may be applied in the normal context of research and scientific decisionmaking, that includes
for example survival distributions for the medical, biological, engineering, econometric

and sociological sciences.

The potential for extending the methodology to other realistic practical application is un-
limited. This can be to the advance of the insurance industry in general. The models
should reflect an interactive adaptability for direct application in practice by salesforce (the

marketing people on ground level), as well as for actuarial planning.



Appendix A

COMPUTER PROGRAMS

The SAS/IML programs appear under the appropriate chapter heading.

Al Chapter 3: Maximum Likelihood Estimation

A.1.1 A Fixed Censoring Time
Standard Program using PROC LIFEREG

Program for fitting a single survival distribution to grouped survival data

options nodate pagesize=500 pageno=1;
libname hsbc ’c:\hsbcl\sd2’;

titlel ’Fitting of a single survival model: the standard SAS method?’;
title2 ’Fixed censoring time’;

data fin;
input lower upper freq;
cards;

12 66

12 17 158
17 24 254
24 28 187
28 34 250
34 37 35
37 . 1666

3

proc lifereg data=fin covout outest=ops;

model (lower, upper) / dist=weibull; *default is Weibull;
model (lower, upper) / dist=llogistic;

model (lower, upper) / dist=lnormal;

weight fregq;

output out=weib cdf=cdf predicted=months

quantiles = 0.02 to 0.98 by .02 control=c;

title 'Fit single Weibull curve (SAS method)’;

title2 ’Fixed censoring time’;

data par;

set ops;

if _N_=1;
lambdaSAS=exp(-intercept/_scale_);
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alphaSAS=1/_scale_;
oualphaSAS=-intercept/_scale_;

proc print data=par;

var lambdaSAS oualphaSAS alphaSAS;
run;

A.1.2 Staggered Entry of Policies
Standard Program using PROC LIFEREG

Program for fitting one Weibull/log-logistic/lognormal distribution to the four his-
tograms of the entry groups

options nodate pagesize=500 pageno=1;
libname hsbc ’c:\hsbcll\sd2’;

titlel ’STAGGERED ENTRY OF POLICIES AT FOUR ENTRY TIMES’;
title2 ’Fit one survival distribution to the four histograms of the entry groups’;
title3 ’Standard SAS method’;

data fin;
input lower upper freq;
cards;

i2 66

12 17 168
17 24 264
24 28 157
28 34 250

34 37 35
a7 . 1666
12 118

12 17 166
17 24 229
24 28 200
28 34 172

34 . 1924
. 12 1564
12 17 99

17 24 242
24 28 117
28 . 1674

. 12 1756
12 17 166
17 24 207
24 . 1848

3

proc lifereg data=fin covout outest=ops;

model (lower, upper) / dist=weibull; *default is Weibull;
model (lower, upper) / dist=llogistic;

model (lower, upper) / dist=lnormal;

weight freq;

output out=weib cdf=cdf predicted=months

quantiles = 0,02 to 0.98 by .02 control=c;

title 'Fit single Weibull curve (SAS method)’;

title2 ’Four entry dates’;

o u

data par;

if _N_=1;
lambdaSAS=exp{-intercept/_scale_);
alphaSAS=1/_scale_;
oualphaSAS=-intercept/_scale_;

proc print data=par;
var lambdaSAS oualphaSAS alphaSAS;
run;
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A.2

A.2.

1.

Chapter 3: M L Estimation subject to Constraints

1 A Fixed Censoring Time - IML Programs

Program for fitting a Weibull distribution to grouped survival data

proc iml worksize=60;
reset nolog;

*kckxkkikckkkFrequency vector;
£={66,158,254,157,250,35,1666};

*¥xkkkkx**xVector of upper boundaries;
x={12,17,24,28,34,37};

*kxkkkkkkkRelative frequency vector;
n=f [+];

k=nrow(f);

d=k-1;

p=f/n;

*¥kkckkkxkkDesign matrix and matrix orthogonal to design matrix;
S1=J(d,1,1)@cusum(J(1,k,1));

S$2=J(1,k,1)Qcusum(J(d,1,1));
S=S1<=82; print S;

X1=J(d,1,1) | |log(x); print X1;
C=I(d)-X1*inv(X1¢*X1)*X1‘; print C;
projmatrix=Xixinv(X1‘*X1)*X1‘; print projmatrix;

*xx******* ITERATIVE PROCEDURE (double iterations over m and p);
*¥*kkxstarting value for m;

m=p; print p;

ms=S*m; ps=ms;

PO=p;

**x**x*iteration over m;
itr=0;

verskill=1;

i=0;

do while (verskili>le-6);
i=i+1;

p=p0;
Gm=-C*diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;

*kxkkkkkkkiteration over p;
verskil=1;
J=0;
do while (verskil>le-6);
3=3+1;
pl=p;
ps=S*p;
g=C*log(-log(1-ps)); *Weibull;
Gp=-C+diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
*kkx¥kkkkcovariance matrix;
sig=(1/n)*(diag(m)-m*m‘) ;

V=sig;

HAAA KA K KKK KA AA A KKK KKK
p=p- (Gm*V) ‘*ginv (Gp*V+Gm‘)*g; *Weibull;
verskil=sqrt ((p-pl ‘*(p-pl)%;

print i j p m;

end;
verskill=sqrt((p-m) ‘*(p-m));
m=p;ms=S*m; print m;

end;

*x*¥kkkkkkParameter vector for linear model;
par=inv (x1‘*x1)*x1‘*log(-log(1l-ms)); print par; *Weibull;

*kkkokkkkkkParameters for Weibull model;
lambda=exp (par[1]);
alpha=par 25;

print ’Weibull parameters: MLE subject to comstraints’;
print ’lambda=’ lambda ’alpha=’ alpha;

*xkkkorkokkkCompute Wald statistic;

p=p0;

ps=S*p;

Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
g=C*log(-log(1-ps)); *Weibull;

*¥kkkkcovariance matrix;
sig=(1/n)*(diag(p)-p*p);
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V=sig;

stk ok sk sk ok ok sk K ok ok ok ok ok ok koK ok KoK

wald=g‘*ginv(Gp*V*Gp‘)*g; nu=eigval(C); nu=nul[+];
discr=wald/n;

prob=1-probchi(wald,nu) ;

alpha=par[2];

Gini=1-0.5##(1/alpha);

print ’Measure of fit’;

print ’Wald=’wald ’Discrepancy=’ discr;

print ’prob=’ prob ’degrees of freedom=’ nu ’Gini=’ Gini;

Program for fitting a log-logistic distribution to grouped survival data

proc iml worksize=60;
reset nolog;

**kk*kk*kkkxkFrequency vector;
£={66,158,254,157,250,35,1666};

*kkkkkkxk*Vector of upper boundaries;
x={12,17,24,28,34,37};

*kkkkkkkkkRelative frequency vector;
n=f [+];

k=nrow(f);

d=k-1;

p=f/n;

*kkckkkkkkkDesign matrix and matrix orthogonal to design matrix;

S1=J(d,1,1)Q@cusum(J(1,k,1));
82=J(1,k,1)Q@cusum(J(d,1,1));
5=51<=52; print S;

X1=J(d,1,1) | |log(x); print X1;
C=I(d)-X1*inv(X1‘*X1)*X1‘; print C;
projmatrix=Xi*inv(X1‘*X1)*X1‘; print projmatrix;

***x**x**x* I TERATIVE PROCEDURE (double iterations over m and p);
*¥*xkxstarting value for m;

m=p; print p;

ms=S*m; ps=ms;

PO=p;

**x*x*kiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskili>0.00000001);
i=i+1;

P=p0;
Gm=C* (diag(1/ms)+diag(1/(1-ms)))*S; *loglogistic;

*kkdokkkkkkiteration over p;
verskil=1;
3=0;
do while (verskil>0.00000001);
j=i+;
pi=p;
ps=Sxp;
g=Cx (log(ps)-log(1-ps)); *xloglogistic;
Gp=C* (diag(1/ps)+diag(1/(1-ps)))*S; *loglogistic;
*kk¥kkkkkcovariance matrix;
sig=(1/n)*(diag(m)-m*m®) ;
V=sig;
Kok ok ok o ok ok ook ok o K ook oK ook o o kK ok KK o
p=p-(Gm*V) ‘*ginv (Gp*V*Gm*) *g; *loglogistic;
verskil=sqrt ((p-p1) ‘*(p-p1));
print i j p m;

end;
verskill=sqrt ((p-m) ‘*(p-m));
m=p;ms=S*m; print m;

end;

*¥xxkxkkxxParameter vector for linear model;

par=inv (x1°#*x1)*x1‘*(log(ms)-log(1-ms)); print par; *loglogistic;
*xkkkkkkkkParameters for loglogistic model;

lambda=exp (par[1]);

alpha=par%2§;

print ’Loglogistic parameters: MLE subject to constraints’;
print ’lambda=’ lambda ’alpha=’ alpha;

*xkkkkkkokkCompute Wald statistic;

P=p0;

ps=S*p;

Gp=C*(diag(1/ps)+diag(1/(1~ps)))*S; *loglogistic;
g=C* (Log(ps)-log(1-ps)); *loglogistic;

***kkkkcovariance matrix;
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sig=(1/n)*(diag(p)-p*p‘);

V=sig;

ks ok o sk ook ok o Kok ok sk ok Kok ok Sk ok K
wald=g‘*ginv(Gp*V*Gp‘)*g; nu=eigval(C); nu=nul+];
discr=wald/n;

prob=1-probchi(wald,nu) ;

alpha=par[2];

Gini=1-0.5##(1/alpha);

print ’Measure of fit’;

print ’Wald=’wald ’Discrepancy=’ discr;

print ’prob=’ prob ’degrees of freedom=’ nu ’Gini=’ Gini;

3. Program for fitting a lognormal distribution to grouped survival data

proc iml worksize=60;
reset nolog;

*FkxkkxkkkFrequency vector;
f={66,158,254,157,250,35,1666};

*xxkkkkxk*Vector of upper boundaries;
x={12,17,24,28,34,37};
x=log(x);

*xkckkkxx*k*Relative frequency vector;
n=f [+];

k=nrow(f) ;

d=k-1;

p=f/n;

pi=(gamma(0.5))##2;
**kkkkkkx*Design matrix and matrix orthogonal to design matrix;
$1=J(d,1,1)@cusum(J(1,k,1));

82=J(1,k,1)Q@cusum(J(d,1,1));
$=51<=52; print S;

X1=J(d,1,1) | |log(x) ; print X1;
C=I(d)-X1*inv(X1‘*X1)*X1‘; print C;
projmatrix=X1*inv(X1¢*X1)*X1¢; print projmatrix;

s***x+*x*+*x [ TERATIVE PROCEDURE (double iterations over m and p);
***x*x*kstarting value for m;

m=p; print p;

ms=S*m; ps=ms;

PO=p;

**x*k*x*kiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskill>le-6);

i=itl;

p=p0;

argl=2;

arg2=3;

par=inv( J(2,1,1) || rob1t(ms[arg1]//ms[argQ]) )*(x[arg1l]//x[arg2]);
u-par[i],51gma-par€

Gm—C*dlag(sqrt(2#p1)/(exp( (x-mu) #(x-mu) /2/sigma/sigma)))*S; *lognormal;

*xkkkkikokkiteration over p;
verskil=1;
j=0;
do whlle (verskil>le-6);

ps=S*p;
g=C*probit (ps); *Llognormal ;
parp=inv( J(2,1, 1)|Iproblt(ps[argl]//ps[argQ]) )*(x[argl]//x[arg2])
mup-parp[l],s1gmap
Gp-C*dlag(sqrt(2#p1§/(exp( (x-mup) #(x-mup) /2/sigmap/sigmap))) *S; *lognormal;
¥**kkkcovariance matrix;
sig=(1/n)*(diag(m)-m*m°);
V=sig;
kKKK K KKK K KKK
p=p-(Gm*V)‘*ginv(G *V*Gm‘) *g; *lognormal;
verskil=sqrt((p-p1§ “*(p-p1));
end;
verskill=sqrt ((p-m) ‘*(p-m));
m=p ; ms=S*m; print m;
end;

**xxxxxxx*Parameter vector for linear model
par=inv( J(2,1, 1)|Iproblt(ms[argl]//ms[arg2]) )*(x[argll]//x[arg2]);

*¥xkkkkxkkParameters for Lognormal model;
mu=par [1]; sigma=par[2];

print ’Lognormal parameters: MLE subject to constraints’;
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print ’mu=’ mu ’sigma=’ sigma;

*xkkxkkkkkCompute Wald statistic;

p=p0;

ps=S*p;
Gp=Cxdiag(sqrt (2#pi)/ (exp (- (x-mup)#(x-mup)/2/sigmap/sigmap)))*S;
g=C*probit (ps);

*****kcovariance matrix;

sig=(1/n)*(diag(p)-p*p‘);

V=sig;

KA KKK KA A KKK KKK KKK §

wald=(g) ‘*ginv(Gp*V*Gp‘)*g; nu=eigval(C); nu=nu[+];

discr=wald/n;

prob=1-probchi (wald,nu) ;

print ’Measure of fit’;

print ’Wald=’wald ’Discrepancy=’ discr;

print ’prob=’ prob ’degrees of freedom=’ nu;
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A.2.2 Staggered Entry of Policies - IML Programs

1. Program for fitting one survival distribution to the four histograms

Program for fitting one Weibull/log-logistic distribution to the four histograms
of the entry groups

titlel ’STAGGERED ENTRY OF POLICIES AT FOUR ENTRY TIMES’;
title2 ’Fit one survival distribution to the four histograms of the entry groups’;
title3 ’Constraints: specified model’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

*¥xxkkkkkxFrequency vector;
f1={66,158,254,157,250,35,1666};

*kxxxkk*xkxVector of upper boundaries;
x1={12,17,24,28,34,37§;

*¥xkkkkkkkFrequency vector;
£2={118,166,229,200,172,1924};

*xkckkxkkxkVector of upper boundaries;
x2={12,17,24,28,34};

*kkkkkkkkxFrequency vector;
£3={154,99,242,117,1674};

*xkkxkkkx*kVector of upper boundaries;
x3={12,17,24,28};

*kkkkkkkkkFrequency vector;
£4={175,166,207,1848};

*¥kkkikkkxkVector of upper boundaries;
x4={12,17,24};

*xkkk*kx*kk*Relative frequency vectors;

ni=f1[+]; n2=f2[+]; n3=£f3[+]; n4=f4[+]; n=ni1+n2+n3+n4;
ki=nrow(f1); di=ki-1;

k2=nrow (£2); d2=k2-1;

k3=nrow(£3); d3=k3-1;

k4=nrow(f4); d4=k4-1;

k=k1+k2+k3+k4;

d=d1+d2+d3+d4;

pl=f1/nl; p2=f2/n2; p3=£3/n3; p4=f4/n4d;
p=p1//p2//p3//p4;

*kickickkkkkDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)Q@cusum(J(1,k1,1));
$2=J(1,k1,1)Qcusum(J(d1,1,1));
S1=51<=52;

S2=S1[1:d2,1:41];
§3=S1[1:d3,1:d2];
S4=S1(1:d4,1:43];
S=block(S1,S82,S3,54);

1x1=J(d1,1,1) | |1log(x1);
1x2=J(d2,1,1) | |log(x2);
1x3=J(d3,1,1) | |log(x3);
1x4=J(d4,1,1) | |log(x4);

xc=1x1//1x2//1x3//1x4;
C=I(d)-xc*inv(xc‘*xc)*xc‘;

s**x**xx*** [ TERATIVE PROCEDURE (double iterations over m and p);
***xxstarting value for m;

m=p; print p;

ms=S*m; psS=ms;

pO=p;

*****xjiteration over m;
itr=0; !

verskill=1;

i=0;

do while (verskili>le-6);
i=i+1;

p=p0;
Gm=-C*diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
*Gm=C* (diag(1/ms)+diag(1/(1-ms)))*S; *Loglogistic;

*kkkkkkkkkiteration over p;
verskil=1;
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i=0;
io while (verskil>le-6);
J=i*1;
pi=p;
ps=S*p;
g=C*log(-log(1-ps)); *Weibull;
*g=Cx* (log(ps)-log(1-ps)); *Loglogistic;
Gp=-Cx*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
*Gp=C* (diag(1/ps)+diag(1/(1-ps)))*S; *loglogistic;
*kk¥kkk¥¥kkcovariance matrix;
mi=m([1:k1];

m2=m[k1+1:k1+k2];
m3=m [k1+k2+1:k1+k2+k3];
md=m [k1+k2+k3+1:k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(ml)-mi*mi‘);
sig2=(1/n2)*(diag(m2) -m2*m2°) ;
sig3=(1/n3)*(diag(m3) -m3*m3°) ;
sig4=(1/n4)*(diag(m4) -m4*md ) ;
sig=block(sigl,sig2,sig3,sigd);

V=sig;

KRR R Kok KK R K KKK K
p=p-(Gm*V) ‘*ginv (Gp*V*Gm‘)*g; *Weibull;
*p=p-(Gm*V) ‘*ginv (Gp*V*Gm‘)*g; *loglogistic;
verskil=sqrt ((p-p1) ‘*(p-p1));
end;

verskill=sqrt ((p-m) ‘*(p-m));
m=p; ms=S*m;

end;

print m; print i j;

*kx¥**kk*x*kParameter vector for linear model;

par=inv(xc ‘*xc)*xc ‘*log(-log(1-ms)); *Weibull;
*par=inv(xc ‘*xc)*xc‘* (log(ms)-log(1l-ms)); *Loglogisties;
print par;

*x*kkx*kxx*Parameters for Weibull (*Loglogistic) model;
oualpha=par [1];

lambda=exp (par [1]) ;

alpha=par%2§;

print ’Weibull (*Loglogistic) parameters: MLE subject to constraints’;
print ’lambda=’ lambda oualpha ’alpha=’ alpha;

skxrkkkkkkHazard and Survival function, Oddsskokkkkskskskskskokkkskokkkokkkokkokkokk ok kkkokkkok ;
whaz12=(lambda*alpha*12** (alpha-1))/(1+lambda*12**alpha) ;
whaz24=(lambda*alpha*24** (alpha-1))/(1+lambda*24**alpha) ;
wsurvl2=(1+lambda*12%*alpha)**(-1) ;

wsurv24=(1+lambda*24**alpha)**(-1) ;

wodds12=(1-wsurvi2) /wsurvi2;

wodds24=(1-wsurv24) /wsurv24;

/*
1lhaz12=(lambda*alpha*12** (alpha-1))/(1+lambda*12**alpha) ;
11haz24=(lambda*alpha*24** (alpha-1))/(1+lambda*24**alpha) ;
1llsurvi2=(1+lambda*12**alpha)**(-1);
11lsurv24=(1+lambda*24**alpha)**(-1) ;
llodds12=(1-11lsurvi2)/llsurvi2;
110dds24=(1-}1surv24)/llsurv24;

*

print whaz12 whaz24 wsurv12 wsurv24 woddsl2 wodds24;
*print 1lhaz12 1llhaz24 1llsurvi2 1llsurv24 llodds12 llodds24;

KA KKK KK KD QT COIIT L L@ Kok ok ok ok ok o Kok o oK Kok K ok K ok oK K o o K ok o o ok o o K o K ok ok ook o o ok ok o ook oK K oK KK o
wmedian=((1/lambda)#log(2))##(1/alpha);

wperc5=((1/1lambda)#1og(100/ (100~ 5)))##(1/alpha);
wperc10=((1/lambda)#1og(100/(100-10)))##(1/alpha);
wperc20=((1/1lambda)#1log(100/(100-20)))##(1/alpha);
wperc25=((1/1lambda)#1og(100/(100-26)))##(1/alpha);
wperc30=((1/lambda)#1log(100/(100-30)))##(1/alpha) ;
wperc40=((1/lambda)#log(100/(100-40)))##(1/alpha) ;
wperc50=((1/lambda)#1og(100/(100-50)))##(1/alpha) ;
wperc60=((1/lambda)#log(100/(100-60)))##(1/alpha) ;
wperc70=((1/lambda)#log(100/(100-70)))##(1/alpha);
wperc75=((1/lambda)#1og(100/(100-75)))##(1/alpha) ;
wperc80=((1/1ambda)#1og(100/ (100-80) )) ##(1/alpha) ;
wperc90=((1/lambda)#log(100/(100-90)))##(1/alpha) ;
wperc95=((1/lambda) #10g(100/(100-95)))##(1/alpha) ;

/*
lmedian=(1/lambda)##(1/alpha) ;

llperc5=((1/lambda)#( 5/(100- 5)))##(1/alpha);
llperc10=((1/lambda)#(10/(100-10)))##(1/alpha);
11lperc20=((1/lambda)#(20/(100~20)))##(1/alpha) ;
llperc25=((1/lambda)#(25/(100-25)))##(1/alpha) ;
11lperc30=((1/lambda)#(30/(100-30)))##(1/alpha);
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1llperc40=((1/lambda)#(40/(100-40)))##(1/alpha);
1lperc50=((1/lambda)#(50/(100-50)))##(1/alpha) ;
1lperc60=((1/lambda)#(60/(100-60)))##(1/alpha) ;
11lperc70=((1/lambda)#(70/(100-70)))##(1/alpha) ;
1llperc75=((1/lambda)#(75/(100-75)))##(1/alpha);
11lperc80=((1/lambda)#(80/(100-80)))##(1/alpha);
11lperc90=((1/lambda)#(90/(100-90)))##(1/alpha) ;
1lperc95=((1/lambda)#(95/(100-95)))##(1/alpha);

*/

print wmedian;

print wperc5 wperclO wperc20 wperc25 wperc30;

print wperc40 wperc50 wperc60 wperc70;

print wperc75 wperc80 wperc90 wperc95;

*print lmedian;

*print llperc5 1llperciO llperc20 llperc25 llperc30;
*print llperc40 llperc50 llperc60 llperc70;

*print llperc75 llperc80 llperc90 llperc95;

sokkkkkkkkCompute Wald statistickksksikkmkskokkokskokkkohdokkokkokkokkkkokkkkokokokokokkkkkok

p=p0;

ps=S*p;

Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
*Gp=Cxdiag(1/ps+1/(1-ps))*S; *Loglogistic;
g=C*log(-log(1-ps)); *Weibull;
*g=C* (Log(ps)-log(1-ps)); *Loglogistic;

*¥kkkkcovariance matrix;
pi=pl[1:k1];

p2=p [k1+1:k1+k2];

p3=p [k1+k2+1:k1+k2+k3] ;

p4=p [k1+k2+k3+1 :k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(pl)-pl*pl‘);
sig2=(1/n2)*(diag(p2)-p2*p2°¢);
sig3=(1/n3)*(diag(p3)-p3*p3°‘);
sig4=(1/n4)*(diag(p4)-p4*pd‘);
sig=block(sigl,sig2,sig3,sigd);

V=sig;

kKKK oK KK oK KKKk KK KooK
wald=g‘*ginv(Gp*V*Gp‘)*g; nu=eigval(C); nu=nu[+];
discr=wald/n;

prob=1-probchi(wald,nu) ;

alpha=par[2];

Gini=1-0.5##(1/alpha) ;

print ’Measure of fit’;

print ’Wald=’wald ’Discrepancy=’ discr;

print ’prob=’ prob ’degrees of freedom=’ nu ’Gini=’ Gini;

Program for fitting one lognormal distribution to the four histograms of the
entry groups

titlel ’STAGGERED ENTRY OF POLICIES AT FOUR ENTRY TIMES’;
title2 ’Fit ome lognormal distribution to the four entry groups’;
title3 ’Constraints: specified model’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

ssckkkkkkkkFrequency vector;
£1={66,158,254,157,250,35,1666};

*¥xkxkkx*xkVector of upper boundaries;
x1={12,17,24,28,34,37§;

*kdokkkkkkkFrequency vector;
£2={118,166,229,200,172,1924};

sxkxkkkkkkVector of upper boundaries;
x2={12,17,24,28,34};

*xkkkkkkkkFrequency vector;
£3={154,99,242,117,1674};

*xkkkkkkkkVector of upper boundaries;
x3={12,17,24,28};

**kkkck*kkkFrequency vector;
£4={175,166,207,1848};

*¥xxxkikkkkVector of upper boundaries;
x4={12,17,24};

**kkkkkkkkkRelative frequency vectors;
ni=f1[+]; n2=f2[+]; n3=£f3[+]; n4=f4[+]; n=nl1+n2+n3+n4;
ki=nrow(f1); di=ki-1;
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k2=nrow (£f2); d2=k2-1;

k3=nrow(£3); d3=k3-1;

kd4=nrow(£f4); d4=k4-1;

k=k1+k2+k3+k4;

d=d1+d2+d3+d4;

pl=fi/n1; p2=£2/n2; p3=£3/n3; pé4=f4/n4;
p=p1//p2//p3//p4;

*xkxkkk*k**xDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)@cusum(J(1,k1,1));
S$2=J(1,k1,1)@cusum(J(d1,1,1));
S1=51<=S2;

S2=81[1:d42,1:d1];
S3=81[1:d43,1:d2];
S4=S1[1:d4,1:d3];
S=block(S1,S2,83,54); print S;

1x1=J(d1,1,1) | |log(x1l);
1x2=J(d2,1,1) | |1log(x2);
1x3=J(d3,1,1) | |1log(x3);
1x4=J(d4,1,1) | |log(x4);

xc=1x1//1x2//1x3//1x4; print xc;
C=I(d)-xc*inv(xc‘*xc)*xc‘;

s*x***%x**x [ TERATIVE PROCEDURE (double iterations over m and p);
*¥x*x*starting value for m;

m=p; print p;

ms=S*m; ps=ms;

PO=p;

***kx*kiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskili>le-6);

i=i+l;

P=po;

argl=2;

arg2=3;

par=inv( J(2,1,1) | |probit (ms[argl]//ms[arg2]) )*(x[argll//x[arg2]);
mu=par[1];sigma=par%2];

Gm=Cxdiag(sqrt (2#pi)/ (exp (- (x-mu)#(x-mu)/2/sigma/sigma)))*S;

*kkkkkkkkkiteration over p;
verskil=1;
j=0;
do while (verskil>le-6);
j=j+1;

P
g=C*probit (ps);

*1o,
parp=inv( J(2,1,1)||probit(ps[argll]//ps[arg2]) )*(x{argl]//x[argZ??;

mup=parp[1] ; sigmap=parp[2];
Gp=C*diag(sqrt%§#p;§

*kkkkkk*kk¥xcovariance matrix;

mi=m[1:k1];

m2=m[k1+1:k1+k2];

m3=m [k1+k2+1:k1+k2+k3];

mé=m[k1+k2+k3+1:k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(ml)-mi*mi‘);
sig2=(1/n2)* (diag(m2) -m2*m2°) ;
sig3=(1/n3)*(diag(m3)-m3*m3°);
sigd=(1/n4)*(diag(md) -m4*mé*);
sig=block(sigl,sig2,sig3,sig4);
V=sig;
ok ok ok ok ko ook ok ok KRk KKK
p=p- (Gm*V) ‘*ginv (Gp*V*Gm‘)*g;
verskil=sqrt ((p-pl ‘*(p-pl)%;
end;
verskill=sqrt ((p-m) ‘*(p-m));
m=p;ms=S*m;
end;
print m; print i j;
*xxkkkkkkkParameter vector for linear model;
par=inv( J(2,1,1) | |probit (ms[argl]//ms[arg2]) )*(x[argil//x[arg2]);

*xkkkxkkkkParameters for Lognormal model;
mu=par [1]; sigma=par([2];

print ’Lognormal parameters: MLE subject to constraints’;
print ’mu=’ mu ’sigma=’ sigma;
*kxkkkkckkkCompute Wald statistic;

p=p0;
ps=S*p;

*lognormal;

ormal;

/(exp(:(x-mup)#(x-mup)/2/sigmap/sigmap)))*S; *lognormal;

*lognormal;

*lognormal;

228
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Gp=Cx*diag(sqrt (2#pi)/ (exp (- (x-mup)# (x-mup) /2/sigmap/sigmap)))*S;  *lognormal;
g=C*probit (ps); *lognormal ;
**¥***covariance matrix;

pi=p[1:k1];

p2=p [k1+1:k1+k2] ;

p3=p [k1+k2+1:k1+k2+k3];

p4=p [k1+k2+k3+1:k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(p1)-pl*pl‘);
sig2=(1/n2)*(diag(p2)-p2*p2°);
sig3=(1/n3)*(diag(p3)-p3*p3°‘);
sigd=(1/n4)*(diag(p4)-ps*pd‘);
sig=block(sigl,sig2,sig3,sig4);

V=sig;

ks ok o sk ok ok sk ok ok ok o ok ok o sk ok sk ok ok sk ok 3
wald=g‘*ginv(Gp*V*Gp‘)*g; nu=eigval(C); nu=nu[+];
discr=wald/n;

prob=1-probchi(wald,nu) ;

alpha=par[2];

Gini=1-0.5##(1/alpha) ;

print ’Measure of fit’;

print ’Wald=’wald ’Discrepancy=’ discr;

print ’prob=’ prob ’degrees of freedom=’ nu ’Gini=’ Gini;

2. Programs for fitting four survival distributions to the four histograms and then
set the four sets of parameters equal

Program for fitting four Weibull/log-logistic distributions to the four hlstograms
and then set the lambda’s equal and the alpha’s equal

titlel ’STAGGERED ENTRY OF POLICIES AT FOUR ENTRY TIMES’;
title2 ’Fit four survival distributions to the four entry groups’;
title3 ’Restrictions: specified model AND set lambda’s equal and alpha’s equal’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

*dkkkkxkkkFrequency vector;
f£1={66,158,254,157,250,35,1666};

ssokkkkkkkkVector of upper boundaries;
x1={12,17,24,28,34,37¥;

®kxkkkkxkkFrequency vector;
£2={118,166,229,200,172,1924};

*kkckkkxkkkVector of upper boundaries;
x2={12,17,24,28,34};

**********Frequency vector;
£3={154,99,242,117,1674};

*xkkkxkkkxVector of upper boundaries;
x3={12,17,24,28};

*kkkkkxkkkFrequency vector;
£4={175,166,207,1848};

ssokkckkkokkkVector of upper boundaries;
x4={12,17,24};

skckkckkkkkkRelative frequency vectors;

ni=f1[+]; n2=f2[+]; n3=f3[+]; n4=f4[+]; n=n1+n2+n3+n4;
kil=nrow(f1); di=ki-1;

k2=nrow(f2); d2=k2-1;

k3=nrow(£3); d3=k3-1;

k4=nrow(f4); d4=k4-1;

k=k1+k2+k3+k4;

d=d1+d2+d3+d4;

pl=f1/nl; p2=£2/n2; p3=£3/n3; pé4=f4/n4;
p=p1//p2//p3//p4;

*xkkkxkkk*xDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)Q@cusum(J(1,k1,1));
$2=J(1,k1,1)@cusum(J(d1,1,1));
S1=51<=82;

S2=81[1:d42,1:4d1];
83=S1[1:d3,1:d2];
S4=81[1:d4,1:43];
S=block(S1,82,83,54); print S;

1x1=J(d1,1,1) | |log(x1);
1x2=J(d2,1,1) | |log(x2);
1x3=J(d3,1,1) | |log(x3);
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1x4=J(d4,1,1) | | log(x4);

xc=block(1x1,1x2,1x3,1x4);
C=I(d)-xc*inv(xc‘*xc)*xc‘;
CP=C;
€c=¢//({10-100000, 10

010-10000,01
print xc C;

00
00

3
} *inv(xc‘*xc)*xc‘);

*xxkx****xx [TERATIVE PROCEDURE (double iterations over m and p);

*¥x*x*k*kstarting value for m;
m=p; print p;

ms=S*m; ps=ms;

PO=p;

***xx*xiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskili>le-6);

i=i+1;

p=p0;
Gm=-C*diag(1/(log(1-ms)))*diag(1/(1-ms))*S;
*Gm=C* (diag(1/ms)+diag(1/(1-ms)))*S;

*xkkkkkkkkiteration over p;
verskil=1;
j=0;
do while (verskil>le-6);
j=j+1;
Pl‘g;
ps=S*p;
g=Cxlog(-log(1-ps));
*g=C* (log(ps)-log(i-ps));
Gp-—C*dlag(i/(log(l-ps)))*dlag(i/(i-ps))*s
*Gp=Cx (diag(1/ps)+diag(1/(1-ps)))*S;
*¥xkkk*kkkkcovariance matrix;
mi=m[1:k1];
m2=m[k1+1:k1+k2];
m3=m [k1+k2+1:k1+k2+k3];
méd=m [k1+k2+k3+1 :k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(ml)-mi*m1‘);
sig2=(1/n2)*(diag(m2) -m2+m2°) ;
sig3=(1/n3)*(diag(m3)-m3*m3°) ;
sigd=(1/n4)*(diag(m4)-m4*m4*) ;
sig=block(sigl,sig2,sig3,sig4);
V=sig;
oKk ok kKR kK KR KKK KK
p=p- (GmxV) ‘*ginv (Gp*V*Gm)*g;
*p=p- (Gm*V) ‘*ginv (Gp*V*Gm‘)*g;
verskil=sqrt%(p-p1 ‘*(p-p1)§
end;
verskill=sqrt ((p-m) ‘*(p-m));
m=p;ms=S*m;
end;
print m; print i j;

*kckkiokkkkkParameter vector for linear model;
par=inv(xc ‘*xc)*xc‘ *log( log(i-ms)); print par;
*par=inv(xc ‘*xc)*xc ‘* (log(ms) - log(l-msg

*kxxkxkkk*Parameters for Weibull (¥Loglogistic) model;

oualpha=par [1];
lambda=ex ar[1])
alpha=par{2§

*Weibull;
*Loglogistic;

*Weibull;
*Loglogistic;
*Weibull;
*Loglogistic;

*Weibull;
*Loglogistic;

*Weibull;
*Loglogistic;

print ’Weibull(*Loglogistic) parameters: MLE subject to constraints’;

print ’lambda=’ lambda oualpha ’alpha=’ alpha;

*xxkkkkkkkCompute Wald statistic;
p=p0;
ps=5S*p;

Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S;
*Gp=C*diag(1/ps+1/(1-ps))*S;
g=C*log(-log(1-ps));

*g=C* (log(ps)-log(1-ps));

**x***xcovariance matrix;
pl=pl1:k1];

p2=p[k1+1:k1+k2];

p3=p [k1+k2+1:k1+k2+k3] ;

p4=p [k1+k2+k3+1 :k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(p1)-pi*pl‘);
sig2=(1/n2)*(diag(p2)-p2*p2°);
sig3=(1/n3)*(diag(p3)-p3*p3°);
sigd=(1/nd)*(diag(pd)-p4*pd‘);

*Weibull;
*Loglogistic;
*Weibull;
*Loglogistic;
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sig=block(sigl,sig2,sig3,sig4);

V=sig;

stk ok ok o ok sk ok ok sk ok ok Kok sk ok sk ok ok o sk ok 3

wald=g‘*ginv(Gp*V*Gp‘)*g; nu=eigval(CP); nu=nu[+]+4;
discr=wald/n;

prob=1-probchi(wald,nu) ;

alpha=par[2];

Gini=1-0.5##(1/alpha);

print ’Measure of fit’;

print ’Wald=’wald ’Discrepancy=’ discr;

print ’prob=’ prob ’degrees of freedom=’ nu ’Gini=’ Gini;

Program for fitting four lognormal distributions to the four histograms and then
set the mu’s equal and the sigma’s equal

titlel ’STAGGERED ENTRY OF POLICIES AT FOUR ENTRY TIMES’;
title2 ’Fit four lognormal distributions to the four entry groups’;
title3 ’Restrictions: specified model AND set mu’s equal and sigma’s equal’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

*xxkkkkkkxFrequency vector;
f1={66,168,254,157,250,35,1666};

*kx%kkkkk*xVector of upper boundaries;
x1={12,17,24,28,34,37§;

*¥3kkkkkkkFrequency vector;
£2={118,166,229,200,172,1924};

*kckkikkkkkVector of upper boundaries;
x2={12,17,24,28,34};

*kxkkkkkkkFrequency vector;
£3={154,99,242,117,1674};

*xxkkkkkkxVector of upper boundaries;
x3={12,17,24,28};

*xdokkkkkkxkFrequency vector;
£4={175,166,207,1848};

*xkkxkkkkkVector of upper boundaries;
x4={12,17,24};

*x¥kkkkkkkxRelative frequency vectors;

ni=f1[+]; n2=f2[+]; n3=£3[+]; nd4=f4[+]; n=n1+n2+n3+n4;
kl=nrow(f1); di=ki-1;

k2=nrow(f2); d2=k2-1;

k3=nrow(£3); d3=k3-1;

k4=nrow(£f4); d4=k4-1;

k=k1+k2+k3+k4;

d=d1+d2+d3+d4;

pl=f1/n1; p2=£f2/n2; p3=£3/n3; p4=£f4/n4;
p=pl//p2//p3//p4;

*dckkkkkkkkDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)Q@cusum(J(1,k1,1));
S2=J(1,k1,1)Qcusum(J(d1,1,1));
S1=851<=82;

S2=S1[1:d2,1:d41];
S3=S1[1:d3,1:d2];
S4=51[1:d4,1:43];
S=block(S1,S2,83,54); print S;

1x1=J(d1,1,1) | |log(x1);
1x2=J(d2,1,1) | |log(x2);
1x3=J(d3,1,1) | |log(x3);
1x4=J(d4,1,1) | |log(x4);

xc=block(1x1,1x2,1x3,1x4);
C=I(d)-xc*inv(xc‘*xc)*xc‘;
CP=C;
c=c//({10-100000, 1

010-10000,0
print xc C;

000-1000, B
1000-100, } *inv(xc‘*xc)*xc);
***x****** [TERATIVE PROCEDURE (double iterations over m and p);

*xx*kkstarting value for m;

m=p; print p;

ms=S*m; ps=ms;

po=p;

***x**xiteration over m;
itr=0;

verskill=1;
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i=0;

do while (verskill>le-6);

i=i+1;

p=p0;

argl=2;

arg2=3;

par= 1nv( J(2,1,1) | |probit (ms[argl]l//ms[arg2]) )*(x[argl]l//x[arg2]);

mu=par [1] ; sigma=par [2] ;
m—C*dlag(sqrt(2#p1)/(exp(-(x-mu)#(x-mu)/2/sigma/sigma)))*S; *lognormal;

*kdkkkkkkkiteration over p;
verskil=1;
j=0;
do while (verskil>le-6);
j=j+1;
pi=p;
ps=S*p;
g-C*problt(ps), ormal;
parp—lnv( J(2 1, 1)||prob1t(ps[argl]//ps[arg2]) )*(x[argl]//x[arg2fn
mup=parp 1] ; sigmap
Gp—C*dlag(sqrt(2#p1§/(exp( (x~-mup) #(x-mup) /2/sigmap/sigmap)))*S; *lognormal;
skkkkkkkkkcovariance matrix;
mi=m[1:k1];
m2=m[k1+1:k1+k2];
m3=m [k1+k2+1:k1+k2+k3] ;
md=m [k1+k2+k3+1:k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(m1)-mi*mi‘);

sig2=(1/n2)*(diag(m2)-m2*m2°‘) ;

sig3=(1/n3)*(diag(m3)-m3*m3¢) ;

sig4=(1/n4)*(diag(m4) -mé*m4 ‘) ;

sig=block(sigl,sig2,sig3,sig4);

V=sig;

kKRR Aok KRR kKA K
p=p-(Gm*V) ‘*ginv (G VG Y*g; *lognormal ;
verskil=sqrt((p-p1§ ‘*(p-pl));
end;

verskill=sqrt ((p-m) ‘* (p-m));

m=p;ms=S*m;

end;

print m; print i j;

*kxkkkxkxxParameter vector for linear model;
par=inv( J(2,1,1) | |probit (ms[argl]//ms[arg2]) )*(x[argl]//x[arg2]); *lognormal;

*xkkkkkkkkParameters for Lognormal model;
mu=par [1]; sigma=par([2];

print ’Lognormal parameters: MLE subject to constraints’;
print ’mu=’ mu ’sigma=’ sigma;

*3kckkkkkkkCompute Wald statistic;
pP=p0;
Pps=S*p;

Gp=Cx*diag(sqrt (2#pi)/ (exp (- (x-mup) # (x-mup) /2/sigmap/sigmap)))*S;  *lognormal;
g=C*probit (ps) ; *lognormal;
*kkkxkcovariance matrix;
pl=p[1:k1];
p2—p[k1+1 k1+k2];
p3=p [k1+k2+1:k1+k2+k3] ;

p4=p [k1+k2+k3+1:k1+k2+k3+k4] ;
sigl=(1/n1)*(diag(p1)-pl*pl‘);
sig2=(1/n2)*(diag(p2) -p2*p2°) ;
sig3=(1/n3)*(diag(p3)-p3*p3°);

sigd=(1/nd)*(diag(p4) -p4+*ps‘);
sig=block(sigl,sig2,sig3,sigd);

V=sig;

KoK R KK KKK KKK KKK KKK
wald=g‘*ginv(Gp*V*Gp‘)*g; nu=eigval (CP); nu=nu[+]+4;
discr=wald/n;
prob=1-probchi (wald,nu) ;

alpha=par[2];

Gini=1-0.5##(1/alpha) ;
print ’Measure of fit’;
print ’Wald=’wald ’Discrepancy=’ discr;
print ’prob=’ prob ’degrees of freedom=’ nu ’Gini=’ Gini;

232

Program for fitting a joint histogram to the four histograms of the entry groups

titlel ’STAGGERED ENTRY OF POLICIES AT FOUR ENTRY TIMES’;
title2 ’Fit a joint histogram to the four histograms of the entry groups’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

*kkkkkkkxkFrequency vector;
f1={66,158,254,157,250,35,1666};
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**xxkxxx*kxkVector of upper boundaries;
x1={12,17,24,28,34,37§;

*kkkkkkkkkFrequency vector;
£2={118,166,229,200,172,1924};

*xkxxxkkkkVector of upper boundaries;
x2={12,17,24,28,34};

*kkkkkkkkkFrequency vector;
£3={164,99,242,117,1674};

*xkkxkkxk*Vector of upper boundaries;
x3={12,17,24,28};

*xkx*xkkx*Frequency vector;
£4={175,166,207,1848};

*kxkkkkkkkVector of upper boundaries;
x4={12,17,24};

*xkkxkkkkkRelative frequency vectors;
ni=f1[+]; n2=f2[+]; n3=£f3[+]; nd4=f4[+]; n=n1+n2+n3+n4;
ki=nrow(f1); di=ki-1;
k2=nrow(£2); d2=k2-1;
k3=nrow(£3); d3=k3-1;
k4=nrow(£f4); d4=k4-1;
k=k1+k2+k3+k4;
=d1+d2+d3+d4;
pl=£f1/nl; p2=£2/n2; p3=£3/n3; pé4=f4/n4;
p=pl//p2//p3//p4;
*¥kkkkkkkkConstraints imposed by the experimental design;

Gm=
(I1(dd) 113(d4,1,0)11J3(a4,1,0)113(d4,1,0)|13(d4,1,0)||-1(a4) 113(da4,1,0) ||
(I(a4) |13(a4,1,0)113(a4,1,0)|13(d4,1,0)||3(d4,1,0)||J(a4,d4,0)||J(d4,1,0) ||
(I1(d4) |113(a4,1,0)113(d4,1,0)|13(d4,1,0)|]I(d4,1,0)113(d4,d4,0)|1J(d4,1,0)|]
(J(1,d4,0) |1 1l 1l 1] 1113(1,44,0) || -1l
(J(1,d4,0) || 1l 1l 1] | 1113(1,d4,0) || ol
(J3(1,d4,0) || 1]l 1l 1| 1113(1,d4,0) || oll
(J(1,d4,0) || oll 1l oll 0l1J(1,d44,0) || oll
(J(1,d4,0) |1 1l ol oll ol1J(1,d44,0) || -1
J(d4,1,0)|13(d4,1,0)1J(d4,d4,0)|13(d4,1,0)|1J(d4,1,0)|]I(d4,d4,0)||I(d4,1,0))//
J(d4,1,0)|1J(d4,1,0)|1-1(d4) 11J(d4,1,0)|1J(d4,1,0)|1J(a4,d4,0)|1J3(d4,1,0))//
J(d4,1,0)|13(d4,1,0)|13(d4,d4,0)113(a4,1,0)|}J(d4,1,0)||-I(d4) 113(a4,1,0))//
-1/ -111J(1,d4,0) || oll 0l]J3(1,d4,0) || 0)//
oll 0l1J(1,d4,0) || -1/ -111J(1,4d4,0) || 0)//
ol 0l1J3(1,d4,0) 1| oll 0l1J(1,d4,0) || -1)//
-1 0l1J3(1,d4,0) || oll 0l13(1,d4,0) || 0)//
ol 0l13(1,d4,0) || oll ol13(1,d44,0) 11 0);

*print Gm;

*xkkkkkkkkstarting value for m;
m=p; Gp=Gm;

pO=p; ) .
*kkkkkkkkkjiteration over m;
verskil=1;

i=0;

do while (verskil>le-6);
i=i+l;

p=pO0;

g=Gm*p;

*kkkkkkkkkcovariance matrix;
mi=m[1:k1];

m2=m[k1+1:k1+k2];

m3=m [k1+k2+1:k1+k2+k3] ;

m4=m [k1+k2+k3+1:k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(m1)-mi*m1‘);
sig2=(1/n2)*(diag(m2) -m2*m2°) ;
sig3=(1/n3)*(diag(m3)-m3*m3°) ;
sigd=(1/n4)*(diag(mé)-mé*md*) ;
sig=block(sigl,sig2,sig3,sig4);
V=sig;

H AR K AR K HH AR KKK HK K KK KKK

p=p-(Gm*V) ‘ *ginv (Gp*V*Gm‘ ) *g;

*x*xx*Define joint frequencies;
pi=p[1:k1];

p2=p [k1+1:k1+k2];

p3=p [k1+k2+1:k1+k2+k3] ;

p4=p [k1+k2+k3+1 :k1+k2+k3+k4] ;
p=p1//p2//p3//p4;

npl=ni#pl; np2=n2#p2; np3=n3#p3; np4=nd#p4; np=n#p;
stk ok ok sk ok ok sk ok s ok sk sk ok skl ok ok ok ok Kok

*print i p m npl np2 np3 np4 np;
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verskil=sqrt ((p-m) ‘*(p-m));
m=p; ml=pl; m2=p2; m3=p3; md=pd;
end;

s#xxxPrint frequencies of joint histogram;
print ’Frequencies of joint histogram=’ np;
print ’Relative Frequencies of joint histogram=' p;

dokkkdookxkkCompute Wald statistic;
*kk*dkcovariance matrix;
pl=p[1:k1];

p2=p [k1+1:k1+k2];

p3=p [k1+k2+1:k1+k2+k3];

p4=p [k1+k2+k3+1:k1+k2+k3+k4] ;

sigl=(1/n1)*(diag(p1)-pl*pl‘);
sig2=(1/n2)*(diag(p2)~p2%p2°);
sig3=(1/n3)*(diag(p3)-p3*p3‘);
sigd=(1/n4)*(diag(p4)-pa*pi‘);
sig=block(sigl,sig2,sig3,sigd);
V=sig;

H Ak R Rk Sk R AR K KKK
Gp=Gm;
wald=g‘*ginv(Gp*V+Gp‘)*g;
discr=wald/n;

print ’Wald=’ wald ’Discrepancy=’ discr;
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A.3

A.3.

1.

Chapter 3: Simulation Studies

1 Program to simulate continuous right-censored lifetime data

Program to generate continuous right-censored lifetime data from the
Weibull(Loglogistic) distribution and to run simulations with the technique of
MLE under constraints as well as the standard technique of MLE

(1000 samples of size 100 from Weib(Logl)(0.15;0.5) - censored at 50)

proc iml worksize=6000 symsize=2000;
reset noname nocenter;

FAAAFFF KK KCONEENTS OF MOAULE KKKk kA A K Kook sk kA A A A A A KKK KA AAAA A KK KKK
start mod_est(x,f) global(lambda,alpha) ;

*x*xx*Relative frequencies;
n=100;

k=nrow(f);

d=k-1;

p=f/n;

***x**Design matrix and matrix orthogonal to design matrix;
S1=J(d,1,1)@cusum(J(1,k,1));

$2=J(1,k,1)@cusum(J(d,1,1));

8=51<=52;

x1=J(d,1,1) | |log(x);
C=I(d)-x1*inv(x1‘*x1)*x1‘;

#*xx*kx*x*TERATIVE PROCEDURE (double iterations over m and p);
***x*k*kstarting value for m;

m=p;

ms=S*m; ps=ms;

pO=p;

**x*x*kkiteration over m;
itr=0;

verskill=1;

i=0;

do while (verskilil>le-6);
i=i+1;

p=pO;
Gm=-C+diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
*Gm=C* (diag(1/ms)+diag(1/(1-ms)))*S; *Loglogistic;

*x**x*xiteration over p;
verskil=1;
j=0;
do while (verskil>le-6);
J=j+1;
pi=p;
Ps=S*p;
g=C*log(-log(1-ps)); *Weibull;
*g=C* (Log (ps)-log(1-ps)); xLoglogistic;
p=-Cxdiag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
*Gp=C* (diag(1/ps)+diag(1/(1-ps)))*S; *Loglogistic;
**x¥x*covariance matrix;
sig=(1/n)*(diag(m)-m*m) ;
V=sig;
KKK R KK KK K KKK KKK KKK KKK
p=p- (Gm*V) ‘*ginv (Gp*V*Gm* ) *g; *Weibull;
*p=p- (Gm*V) ‘ *ginv (Gp*V*Gm‘ ) *g; *Loglogistic;
verskil=sqrt ((p-p1l) ‘*(p-p1));
end;
verskill=sqrt ((p-m) ‘*(p-m));
m=p;ms=S*m;
end;

*¥*k*x*xxParameter vector for linear model;
par=inv(x1‘*x1)*x1‘*log(-log(1-ms)); *Weibull;
*par=inv(xc ‘*xc)*xc‘*(log(ms)-log(1-ms)); *xLoglogistic;

*kxkkkkkxxParameters for Weibull (*Loglogistic) model;
oualpha=par [1];

lambda=exp (par[1]);

alpha=par 2?;

finish mod_est;

KA oo oK o ok K AR K ok oKk ok ok ok o o ok ok ok ok o o o KKK KRR KRk ok KK KK K
*xxxxkxk%*xSimulate 1000 samples of size 100 from Weib(Logl) (0.15;0.5)
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- censored at 50;

lambda=0.15;

alpha=0.5;

n=100;

z=1000;

DT=((1/lambda)#(-log(1l-ranuni(J(n,z,0)))))##(1/alpha); *Weibull;
*FT=ranuni(J(n,z,0));

*DT=(FT/(lambda#(1-FT))) ##(1/alpha) ; *Loglogistic;
DT=DT><J(n,z,50); *censored at 50;

*kxkxxkkxkDefine class boundaries and a frequency vector for each sample
of continuous values, then run the module and store the 1000 estimates
of lambda and alpha in a file PARMS;

filename parms ’c:\sim\sd2\wiml100a.sd2’; *Weibull;
*filename parms ’c:\sim\sd2\11im1100a.sd2’; *Loglogistic;
file parms;

do w=1 to z;
T=DT[,w];

B=T;
T[rank(T),]=B;
spnr=J(n,1,1)#w;

Y=(T=J(n,1,50));

nc=Y[+];

if nc=0 then nc=le-4;

nl=n-nc;

ox=T[1:n1];

nc=le-4<>nc;

f=J(nl,1,1)//nc;

perccens=(nc/n)#100;
nr=nrow(ox); nri=nr-1;
x1=0x[1:nr1];x2=0x[2:nr];
x=(x1+x2)/2;
x=x//50;

run mod_est(x,f);
put lambda +3 alpha +3 perccens;
end;

closefile parms;

*xkokkiokkkkPut simulated data in a format that can be inputted in SAS
as a thousand continuous data sets;

Jmacro subgr(a);

Y%do i=1 %to &a;

name={"spnr" "time" "cens"};

di=DT[,&i];

cens=(di<J(n,1,50));

spnr=J(n,1,&i);

di=spnr||dil|cens;

create d&i from di [colname=name];

append from di;

Yend;

/mend subgr;

%subgr (1000) ;

skxkkxkkkkRepeat the LIFEREG procedure of SAS one thousand times to get
estimates for the intercept and scale parameters;

Ymacro mac(stel);
%do i=1 Yto &stel;

proc lifereg data=d&i noprint outest=out&i (keep=intercept _scale_);
model time*cens(0)= ; *Weibull;

*model time*cens(0)= / d=llogistic; *Loglogistic;

run;

%end;
Jmend mac;
Jmac (1000) ;

*xkkkkkkkkAppend the thousand estimates;

Ymacro ind(stel);
%do i=2 Yto &stel;

proc append base=outl data=out&i;
run;

%end;
Ymend ind;
%ind (1000) ;

st s o sk ko ok o sk ok sk o o ko ko ok K oK ks ko ok o o o ko ok ok ok o ok ok ko sk sk s e ok ok sk ok ok ko sk ok Kok
*xkkkkkkkkSampling distribution of parameter estimatesikkkkkkik;
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**x*x*%*xIML estimates;
data spv_iml;
infile ’c:\sim\sd2\wiml100a.sd2’; *Weibull;
*infile ’c:\sim\sd2\1iml100a.sd2’; *Loglogistic;
input lambda alpha;
titlel ’Sampling distribution: 1000 samples of size 100 from
Weib(Logl) (0.15;0.5) - censored at 507;
title2 ’IML method’;

proc univariate data=spv_iml normal plot;
var lambda alpha;
run;

**xx*SAS estimates;

data sim.wsas100a (keep=lambda alpha); *Weibull;
*data sim.lsas100a (keep=lambda alpha); *Loglogistic;
set outl;

lambda=exp(-intercept/_scale_);
alpha=1/_scale_;

titlel ’Sampling distribution: 1000 samples of size 100 from
Weib(Logl) (0.15;0.5) - censored at 507;
title2 ’SAS method’;

proc univariate data=sim.wsas100a normal plot; *Weibull;
*proc univariate data=sim.lsas100a normal plot; *Loglogistic;
var lambda alpha;

run;

2. Program to generate continuous right-censored lifetime data from the log-
normal distribution and to run simulations with the technique of MLE under
constraints as well as the standard technique of MLE
(1000 samples of size 200 from Lognormal -normal(2;0.5) - censored at 8)

proc iml worksize=60 symsize=2000;
reset noname nocenter;

sokskok ok koK kR CONEENTS OF MOGNLL @ sk ok ok sk ok ok ok sk ok ook ook ok b ook bk sk ok ok o o sk o ok ok ok o ook ook o K F 3
start mod_est(x,f,nl) global(mu,sigma) ;

*xx**xRelative frequencies;
x=log(x);

n=200;

k=nrow(f);

d=k-1;

p1—(gamma(0 5))**2;

p—f/n:

*x*xx*Design matrix and matrix orthogonal to design matrix;
S1=J(d,1,1)@cusum(J(1,k,1));

$2=J(1,k,1)@cusum(J(d,1,1));

S=51<=52;

x1=J(d,1,1) | Ix;
C=I(d)-x1*inv(x1‘*x1)*x1°;

*xxx**x*** ITERATIVE PROCEDURE (double iterations over m and p);
*x*k*x*kstarting value for m;

m=p;

ms=S*m; ps=ms;

PO=p;

**xx**iteration over m;

itr=0;

verskill=1;

i=0;

do while (verskili>le-6);

i=i+1;

p=po;

argl=15;

arg2=nl-15

par=inv( J(2 1,1) | |probit (ms[argl]//ms[arg2]) )*(x[argll//x[arg2]);
mu=par [1] ; sigma=par [2] ;

Gm—C*dlag(sqrt(2#p1)/(exp( (x-mu)#(x-mu)/2/sigma/sigma)))*S;

***k*kxiteration over p;
verskil=1;
j=0;
do while (verskil>le-6);
J=j+1;
pl=p;
s=S+p;
g=C*probit (ps) ;
parp-lnv( J(2,1, 1)|Iproblt(ps[argl]//ps[arg2]) )*(x[argl]//x[arg2]);
mup= parp[l],slgmap—parp[
Gp= C*d1ag(sqrt(2#p1)/(exp( (x-mup) # (x-mup) /2/sigmap/sigmap)) ) *S;
****kcovariance matrix;
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sig=(1/n)*(diag(m)-m*m‘) ;

V=sig;

AR AR KA KKK KKK A KK
p=p-(Gm*V) ‘*ginv (G V%G )*g;
verskil=sqrt ((p- plg ‘*(p-p1));
end;

verskill=sqrt((p-m)‘*(p-m));

m=p ; ms=S*m;

end;

*xikkkParameter vector for linear model
par=inv( J(2,1, 1)IIproblt(ms[argl]//ms[argzl) )*(x[argll]//x[arg2]);

**kkkkkk*kxkParameters for Lognormal model;
mu=par (1] ;
sigma=par [2];

finish mod_est;

ok ko oo KRR KSR KKK K oK oK S K K o KKK KKK KKKk KKKk
*kkkkkkkkkSimulate 1000 samples of size 200 from Lognormal(2;(0.5)°2)
- censored at 8;

n=200;

z=1000;

mean=2;

stddev=0.5;

AA=mean+stddev#normal (J(n,z,0));
DT=exp (AA) ;

DT=DT><J(n,z,8); *8=censor point;

**kkk*kkx**Define class boundaries and a frequency vector for each sample
of continuous values, then run the module and store the
1000 estimates of lambda and alpha in a file PARMS;

filename parmé ’c:\sim\sd2\1nik200a.sd2’;
file parms;

do w=1 to z;
T=DT[,w];

B=T;
T[rank(T),]=B;
spnr=J(n,1,1)#w;

Y=(T=J(n,1,8)); *8=censor point;
nc=Y[+];
if nc=0 then nc=le-4;
nl=n-nc;
ox=T[1:nl1];
nc=1e-4<>nc;
£=J(nl,1,1)//nc;
perccens=(nc/n)#100;
nr=nrow(ox); nri=nr-1;
x1=ox[1:nr1] ;x2=0x[2:nr];
x=(x1+x2)/2;
x=x//8; *8=censor point;
*print £ x nl;
run mod_est(x,f,nl);
put (mu) +3 (sigma) +3 (perccens) +3 (nl);
end;

closefile parms;

*kkkkkkkkkPut simulated data in a format that can be inputted in SAS
as a thousand continuous data sets;

%macro subgr(a);

%do i=1 %to &a;

name={"spnr" "time" "cens"};

di=DT[,&i];

cens=(di<J(n,1,8)); *8=censor point;

spnr=J(n,1,&i);

di=spnr||dil|cens;

create d&i from di [colname=name];

append from di;

%end ;

/mend subgr ;

%subgr (1000) ;

*kkxkkk*kkkRepeat the LIFEREG procedure of SAS one thousand times to get
estimates for the intercept and scale parameters;

Ymacro mac(stel);
%do i=1 Yto &stel;

proc lifereg data=d&i noprint outest=out&i (keep=intercept _scale_);
model time*cens(0)= / d=lnormal;
run;

%end;
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%mend mac;
Ymac (1000) ;

skkkkkkkkkAppend the thousand estimates;

Ymacro ind(stel);
%do i=2 %to &stel;

proc append base=outl data=out&i;
run;

%end;
Ymend ind;
%ind (1000) ;

ks ok ok sk ok ok oK ok o ok ok ok ok o K oK ok ok ok oK ok Kk K ok K oK o K o o K o o ok o ok o s sk ok ok ok ok sk ok ok sk ok sk sk ok ok
*xkkxkkk*kkSampling distribution of parameter estimateskkkkikskkx;

**x*x**xIML estimates;

data spv_iml;

infile ’c:\sim\sd2\1nik200a.sd2’;

input mu sigma;

*ods html body=’c:\sim\lnik200a.htm’;

titlel ’Sampling distribution: 1000 samples of size 200 from lognormal
- normal(2;0.5) - censored at 8’;

title2 ’IML method’;

proc univariate data=spv_iml normal plot;
var mu sigma;
run;

****k*SAS estimates;

data sim.lnsk200a (keep=mu sigma) ;

set outl;

mu=intercept;

sigma=_scale_;

titlel ’Sampling distribution: 1000 samples of size 200 from lognormal
- normal(2;0.5) - censored at 87;

title2 ’SAS method’;

proc univariate data=sim.lnsk200a normal plot;
var mu sigma;
run;

A.3.2 Program to simulate grouped right-censored lifetime data

1. Program to generate right-censored grouped lifetime data from the Weibull
(loglogistic) distribution and to run simulations with the technique of MLE
under constraints as well as the standard technique of MLE (1000 samples of
size 2000 from Weib(30;1.8) - censored at 0.15 (grouped into 5 classes))

proc iml worksize=6000 symsize=2000;
reset noname nocenter;

Fook Kok okk Kok kkCONLENES OF MOCULL@ sk sk sk sk sk kok sk ok o ok ok sk ok ok o o ok sk ok b ok ok ok ko sk ok ok o ok ok ok 3 o
start mod_est(x,f) global(lambda,alpha) ;

*x*x**Relative frequencies;
n=2000;

k=nrow(f);

=k-1;

p=f/n;

*****Design matrix and matrix orthogonal to design matrix;
S1=J(d,1,1)@cusum(J(1,k,1));

52=J(1,k,1)@cusum(J(d,1,1));

S=51<=52;

x1=J(d,1,1) | |log(x);
C=I(d)-x1*inv(x1‘*x1)*x1°;

skkkkk***x* TERATIVE PROCEDURE (double iterations over m and p);
*x*x**starting value for m;

**x*kx*iteration over m;
itr=0;

verskill=1;

i=0;
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do while (verskill>le-6);

i=i+1;

p=pO0;

Gm=-C*diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
*Gm=C* (diag(1/ms)+diag(1/(1-ms)))*S; *xLoglogistic;

**x*k*kiteration over p;
verskil=1;

J=0;

do while (verskil>le-6);

J=j+1;

pl=p;

ps=S*p;

g=C+log(-log(1-ps)); *Weibull;
*g=C* (log (ps)-log(1-ps)); *xLoglogistic;
Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
*Gp=C* (diag(1/ps)+diag(1/(1-ps)))*S; *Loglogistic;

***k¥xkcovariance matrix;

sig=(1/n)*(diag(m)-m*m‘);

V=sig;

KKK o KK KKK ok KKK KKK KK KK
p=p- (Gm*V) ‘ *ginv (Gp*V*Gm‘ ) *g; *Weibull;
*p=p- (Gm*V) ‘*ginv (Gp*V*Gm‘) *g; *Loglogistic;
verskil=sqrt ((p-p1) ‘*(p-p1));
end;

verskill=sqrt ((p-m) ‘*(p-m));

m=p;ms=S*m;

end;

**x¥x**x*xParameter vector for linear model;
par=inv(x1‘#*x1)*x1‘*log(-log(1-ms)); *Weibull;
*par=inv(xc ‘*xc)*xc‘* (log(ms)-log(1l-ms)); *Loglogistic;

**kxxx*x*kx*Parameters for Weibull(xLoglogistic) model;
oualpha=par[1];

lambda=exp(par[1]);

alpha=par?2§;

finish mod_est;

kK 3k o o K oK 3K o o K KoK oK KoK ok 3K oK oK ok o K K o oK o o 3 K ok o o K sk o ok ok o 3 o o oK o o K o s o ok o o k sk ok o sk Kk ok 3

skxkkxkkkxSimulate 1000 samples of size 2000 from Weib(Logl) (30;1.8) -
censored at 0.15 and then define lower and upper class boundaries
for 5 class intervals;

lambda=30;

alpha=1.8;

n=2000;

z=1000;

TT=((1/lambda) #(-log(1-ranuni(J(n,z,0)))))##(1/alpha) ; *Weibull;
*FT=ranuni(J(n,z,0));

*TT=(FT/(lambda#(1-FT)))##(1/alpha) ; *xLoglogistic;
x1={0,0.08,0.10,0.12,0.15}; *lower boundaries; *censored at 0.15;
x2={0.08,0.10,0.12,0.15,100}; *upper boundaries;

k=5;

sk o ok o K o o 3k o o K o K o o o o K ok o K ok o ok ok o K ok o o sk o K ook o K ok ok ok ok ok sk o K ok sk o ok ok ok ok ok KoK
*kkkkkkkkkcalculate the frequency vector for each sample, then run the
module and store the 1000 estimates of lambda and alpha in a file PARMS;

filename parms ’c:\sim\sd2\wigtwdcl.sd2’; *Weibull;
*filename parms ’c:\sim\sd2\ligtwdcl.sd2’; *Loglogistic;
file parms;

do w=1 to z;

T=TT[w,];
A=(J(k,1,1)*T)<=(x2%J(1,n,1));
B=(J(k,1,1)*T)>=(x1*J(1,n,1));
E=A=B;

f=E*J(n,1,1);
perccens=(f[5,1]/n)#100;
x=x2[1:4,];

run mod_est(x,f);
put lambda +3 alpha +3 perccens;
end;

closefile parms;

skkckkkikokkkPut simulated data in a format that can be inputted in SAS
as a thousand grouped data sets;

Ymacro subgr(a);

7%do i=1 Yto &a;

name={"lower" "upper" "frek"};

lower=.//x1[2:5,];

upper=x2[1:4,1//.;

T=TT [&i,];
A=(J(k,1,1)*T)<=(x2*J(1,n,1));
B=(J(k,1,1)*T)>=(x1*J(1,n,1));
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E=A=B;

frek=E*J(n,1,1);

di=lower| |upper| |frek;

create d&i from di [colname=name];
append from di;

%end;

%mend subgr;

%subgr (1000) ;

s*kxkxk*xkkRepeat the LIFEREG procedure of SAS for grouped data one thousand
times to get estimates for the intercept and scale parameters;

Ymacro mac(stel);
%do i=1 Yto &stel;

proc lifereg data=d&i noprint outest=out&i (keep=intercept _scale_);

model (lower,upper)= ; *Weibull;
*model (lower,upper)= / d=llogistic; *xLoglogistic;
weight frek;

run;

%end;

Ymend mac;

/mac (1000) ;

*kxkkkkkkkAppend the thousand estimates;

Jmacro ind(stel);
%do i=2 Y%to &stel;

proc append base=outl data=out&i;
run;

%end;
Ymend ind;
%ind (1000) ;
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*xckkckkkkkkSampling distribution of parameter estimateskkikikkkik;

**xx*x*IML estimates;

data spv_iml;

infile ’c:\sim\sd2\wigtwdcl.sd2’; *Weibull;

*infile ’c:\sim\sd2\ligtwdcl.sd2’; *Loglogistic;

input lambda alpha;

titlel ’Sampling distribution: 1000 samples of size 2000 from
Weib(Logl) (30;1.8) - censored at 0.15 (5 classes)’;

title2 ’IML method’;

proc univariate data=spv_iml normal plot;
var lambda alpha;
run;

***kk*xSAS estimates;

data sim.wsgtwdcl (keep=lambda alpha); *Weibull;
*data sim.lsgtwdcl (keep=lambda alpha); *Loglogistic;
set outl;

lambda=exp (-intercept/_scale_);
alpha=1/_scale_;

titlel ’Sampling distribution: 1000 samples of size 2000 from Weib(30;1.8)
- censored at 0.15 (5 classes)’;
title2 ’SAS method’;

proc univariate data=sim.wsgtwdcl normal plot; *Weibull;
*proc univariate data=sim.lsgtwdcl normal plot; *Loglogistic;
var lambda alpha;

run;

2. Program to generate right-censored grouped lifetime data from the lognormal
distribution and to run simulations with the technique of MLE under constraints
as well as the standard technique of MLE (1000 samples of size 2000 from
Lognormal - normal(2;0.5) - censored at 8 (grouped into 5 classes))

proc iml worksize=60 symsize=2000;
reset noname nocenter;

FAKKKAAKKKCONTENES OF MOAUL @Kok K skokokkskskk ok ok kok ok ok ok o ok ok ook KK oK K KA KKK KA
start mod_est(x,f) global (mu,sigma) ;

***x**Relative frequencies;
x=log(x);

n=2000;

k=nrow(f);

d=k-1;

pi=(gamma(0.5))**2;
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p=f/n; ;

***x**Design matrix and matrix orthogonal to design matrix;
S1=J(d,1,1)@cusum(J(1,k,1));

S2=J(1,k,1)@cusum(J(d,1,1));

S=S1<=52;

x1=J(d,1,1) | Ix;
C=I(d)-x1*inv(x1‘*x1)*x1°‘;

**xx*x**%**TERATIVE PROCEDURE (double iterations over m and p);
*¥x*kkstarting value for m;

m=p;

ms=S*m; ps=ms;

PO=p;

*x*x*xiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskill>le-6);

i=i+1;

p=p0;

argl=2;

arg2=3;

par=inv( J(2,1,1) 1| roblt(ms[argl]//ms[argz]) )*(x[argl]//x[arg2]);
mu-par[l],51gma- %

Gm-C*dlag(sqrt(2#p1)/(exp( (x-mu) #(x-mu) /2/sigma/sigma)) ) *S;

*x***iteration over p;
verskil=1;
j=0;
do while (verskil>le-6);
J=j+1;
pi=p;
ps=S*p;
g=Cxprobit(ps);
parp=inv( J(2,1, 1)|Iproblt(ps[argl]//ps[arg2]) )*(x[argl]//x[arg2]);
mup=parp [1] ; sigmap
Gp-C*d1ag(sqrt(2#p-§/(exp( (x—mup)#(x-mup)/2/s1gmap/slgmap)))*S
*¥¥*k*xcovariance matrix;
sig=(1/n)*(diag(m)-m*m*) ;
V=sig;
HARA A KKK KA A KA KKK KKK
p=p- (Gm*V) ‘*ginv (G *V*Cm ¢ )*g;
verskil=sqrt((p-p1§ “*(p-pl1));
end;
verskill=sqrt ((p-m) ‘*(p-m)) ;
m=p;ms=S*m;
end;

***xx*x*xParameter vector for linear model
par=inv( J(2,1, 1)|Iproblt(ms[argl]//ms[arg23) Y*(x[argll//x[arg2]);

**kkkkxkkkkParameters for Lognormal model;
mu=par [1] ;
sigma=par[2];

finish mod_est;
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**kxkkk*kk*kSimulate 1000 samples of size 2000 from Lognormal(2;(0.5)°2) -
censored at 8 and then define lower and upper boundaries for 5 class intervals;

n=2000;

2=1000;

mean=2;

stddev=0.5;

AA=mean+stddev#normal (J(z,n,0));

DT=exp (AA) ;

DT=DT><J(z,n,8); *8=censor point;

x1={0,4,6,7,8}; *lower boundaries; *censored at 8;
x2={4,6,7,8,10000}; *upper boundaries;

k=5;
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*kkkkkkkkkcalculate the frequency vector for each sample, then run
the module and store the 1000 estimates of lambda and alpha in a file PARMS;

filename parms ’c:\sim\sd2\lnigtwal.sd2’;
file parms;

do w=1 to z;

T=DT[w,];

A=(J(k,1,1)*T)< (x2*J(1,n,1));
B=(J(k,1,1)*T)>=(x1*J(1,n,1));
E=A=B;

f=E+xJ(n,1,1);

perccens=(f [5,1]/n)#100;
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x=x2[1:4,];

run mod_est (x,£);
put mu +3 sigma +3 perccens;
end;

closefile parms;

*kkkkckkkkkPut simulated data in a format that can be inputted in SAS
as a thousand grouped data sets;

Jmacro subgr(a);

%do i=1 Yto &a;

name={"lower" "upper" "frek"};

lower=.//x1[2:5,§;

upper=x2[1:4,1//.;

T=DT[&i,];

A=(J(k,1,1)*T)< (x2*xJ(1,n,1));
B=(J(k,1,1)*T)>=(x1*J(1,n,1));
E=A=B;

frek=ExJ(n,1,1);

di=lower| |upper| | frek;

create d&i from di [colname=name];
append from di;

%end;

/mend subgr ;

%subgr (1000) ;

*xkkkkkxkkRepeat the LIFEREG procedure of SAS for grouped data one thousand
times to get estimates for the intercept and scale parameters;

Jmacro mac(stel);
%do i=1 Yto &stel;

proc lifereg data=d&i noprint outest=out&i (keep=intercept _scale_ );
model (lower,upper)= / d=lnormal;

weight frek;

run;

Yend;
Jmend mac;
Ymac (1000) ;

**kkxkkk*kkAppend the thousand estimates;

Ymacro ind(stel);
%do i=2 Yto &stel;

proc append base=outl data=out&i;
run;

%end;
Ymend ind;
%ind (1000) ;
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*dkkckkkkkkSampling distribution of parameter estimateskkskksikkxk;

**x*x*xIML estimates;

data spv_iml;

infile ’c:\sim\sd2\lnigtwal.sd2’;

input mu sigma;

titlel ’Sampling distribution: 1000 samples of size 2000 from lognormal
- normal(2;0.5) ~ censored at 8 (5 classes)’;

title2 ’IML method’;

proc univariate data=spv_iml normal plot;
var mu sigma;
run;

**k*x**SAS estimates;

data sim.lnsgtwal (keep=mu sigma);

set outl;

mu=intercept;

sigma=_scale_;

titlel ’Sampling distribution: 1000 samples of size 2000 from lognormal
- normal(2;0.5) - censored at 8 (5 classes)’;

title2 ’SAS method’;

proc univariate data=sim.lnsgtwal normal plot;
var mu sigma;
run;
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Staggered Entry of Policies
Standard Programs using PROC LIFEREG
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1. Program for fitting a log-logistic/Weibull regression model with one predictor

to grouped survival data

options nodate pagesize=500 pageno=1;
libname hsbc ’c:\hsbci\sd2’;

title ’AGE:three levels (define two dummies)’;

data agegr;

input lower upper

cards;

12

12
17
17
17
24
24

28
28
28
34

34
37
37
37

12
12
12
17

17
24
24
24

28
28

12
12
12
17
17
17
24

=

12
12
12
17

17
24
24
24

i
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0
-1
1
0

1
0
-1
1
0
-1
1
0
-1
1

0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0
1
=i
0
1
=i
0
i
-1
0
1
-1
0
1
-1
0
1
-1
0
1
-1
0

573

agegrl agegr2 fregq;
*input lower upper agegr $
*at class statement: use one column A B C A B C etc.;
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24
24

data add;

c=1;
run;

data

fin;
set agegr add;

. 0 1 616
-1 -1

659

proc lifereg data=fin covout;
*class agegr;
*model (lower, upper) = agegr / dist=llogistic;

model (lower, upper) = agegrl agegr2 / dist=llogistic;

weight freq;

output out=llog cdf=cdf predicted=months
0.02 to 0.98 by .02

quantiles

control=c;

title ’Fit Loglogistic curve (SAS method) to HSBC: MPC policies - predictor AGE’;

title2 ’Four entry dates’;

run;

data par;

intercept=3.86266;
_scale_=0.48394;
thetal=-0.08757;
theta2= 0.01693;
theta3= -(thetal+thetal);

if _N_=1;

oualphaSASagel=-(intercept+thetal*l+theta2*0)/_scale_;

lambdaSASagel=exp(~(intercept+thetal*l+theta2+*0)/_scale_);

oualphaSASage2=-(intercept+thetal*O+theta2*1)/_scale_;

lambdaSASage2=exp (- (intercept+thetal*O+theta2*1)/_scale_);
oualphaSASage3=-(intercept+thetal*(-1)+theta2*(-1))/_scale_;
lambdaSASage3=exp(~(intercept+thetal*(-1)+theta2*(-1))/_scale_);

alphaSAS=1/_scale_;

oubetaSAS=1/_scale_;

oualphaBASELINESAS=-(intercept/_scale_ );
lambdaBASELINESAS=exp (- (intercept/_scale_));

proc print data=par;

var oualphaSASagel oualphaSASage2 oualphaSASage3

run;

lambdaSASagel lambdaSASage2 lambdaSASage3
alphaSAS oubetaSAS
oualphaBASELINESAS lambdaBASELINESAS;
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2. Program for fitting a log-logistic/Weibull regression model with two predictors
to grouped survival data

options nodate pagesize=500 pageno=1;
libname hsbc ’c:\hsbci\sd2’;

titlel ’AGE:three levels (define two dummies)’;
title2 ’SCORE:three levels (define two dummies)’;

data agegr;

input lower upper agegrl agegr2 scorel score2 freq;
*input lower upper agegr $ freq;

*at class statement:

cards;

12
17
24
28
34
37

12
17
24
28
34
37

12
17
24
28
34
37

12

12
17
24
28
34
37

12
17
24
28
34
37

12
17
24
28
34
37

12
17

PRRERPRRERRR RBRPRERE

e

oo

OO0OO0OO0OO0O00 0O0O00O0O0O0O OO0OO0OO0O0O0OO

[

[eNeNoNoRoNoNe]

OCOO0OO0OO0O00 RRERRERRRER

B e e

1
[y
1
-

-1
-1
-1
-1
-1
-1

| S I |
e

1 0
1 0

use one column of A B C A B C etc.;

165

13
14
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. 12 0 1 1 0 24
12 17 0 1 1 0 30
17 24 0 1 1 029
24 . 0 1 1 0 81

. 12 0 1 0 114
12 17 0 1 0 115
17 24 0 1 0 112
24 5 0 1 0 1307

. 12 0 1 -1 -116
12 17 0 1 -1 -1 16
17 24 0 1 -1 -127
24 5 0 1-1-1228

E 12 -1 -1 1 0 20
12 17 -1 -1 1 0 22
17 24 -1 -1 1 0 28
24 . -1 -1 1 0119

. 12 -1 -1 0 119
12 17 -1 -1 0 112
17 24 -1 -1 0 1 26
24 -1 -1 0 1 369

. 12 -1 -1 -1 -1 11
12 17 -1 -1 -1 -1 11
17 24 -1 -1 -1 -1 16
24 .o0-1-1-1-1171
data add;
c=1;
run;
data fin;

set agegr add;

proc lifereg data=fin covout;

*class agegr;

*model (lower, upper) = agegr / dist=llogistic;

model (lower, upper) = agegrl agegr2 scorel score2 / dist=llogistic;
weight freq;

output out=llog cdf=cdf predicted=months

quantiles = 0.02 to 0.98 by .02

control=c;

title ’Fit Loglogistic curve (SAS method) to HSBC: MPC policies - predictor AGE’;
title2 ’Four entry dates’;

run;

data par;

intercept=3.80119;
_scale_=0.44454;
thetaA1=-0.09129;

thetaA2= 0.0052689;
thetaA3= -(thetaAl+thetal2);
thetaS1=-0.46574;

thetaS2= 0.31782;

thetaS3= -(thetaSi+thetaS2);
if _N_=1;

oualphaSASalsl=-(intercept+thetaAl*1+thetaA2+0+thetaS1*1+thetaS2*0)/_scale_;
lambdaSASalsi=exp(-(intercept+thetaAl*1+thetaA2*0+thetaS1*1+thetaS2%0)/_scale_);
oualphaSASals2=-(intercept+thetaAl*1+thetaA2*0+thetaS1*0+thetaS2x1)/_scale_;
lambdaSASals2=exp(-(intercept+thetaAl*1+thetaA2*0+thetaS1*0+thetaS2+1)/_scale_);
oualphaSASals3=-(intercept+thetaAl*1+thetaA2*O+thetaS1*(-1)+thetaS2*(~1))/_scale_;
lambdaSASals3=exp(-(intercept+thetaAl*1+thetaA2*0+thetaS1*(-1)+thetaS2*(-1))/_scale_);
oualphaSASa2si=-(intercept+thetaA1*0+thetaA2*1+thetaS1*1+thetaS2*0)/_scale_;
lambdaSASa2si1=exp(-(intercept+thetaA1*O+thetaA2+1+thetaS1*1+thetaS2%0)/_scale_);
oualphaSASa2s2=-(intercept+thetaAl*0+thetaA2*1+thetaS1*0+thetaS2+1)/_scale_;
lambdaSASa2s2=exp (- (intercept+thetaA1*O+thetaA2*1+thetaS1*0+thetaS2+1)/_scale_);
oualphaSASa2s3=-(intercept+thetaAl*0+thetaA2*1+thetaS1*(~1)+thetaS2*(~1))/_scale_;
lambdaSASa2s3=exp (- (intercept+thetaA1*0+thetaA2*1+thetaS1i*(-1)+thetaS2*(-1))/_scale_);
oualphaSASa3sl1=-(intercept+thetaAl*(-1)+thetaA2*(-1)+thetaS1*1+thetaS2*0)/_scale_;
lambdaSASa3s1=exp(-(intercept+thetaAl*(-1)+thetaA2*(-1)+thetaSi*1+thetaS2*0)/_scale_);
oualphaSASa3s2=-(intercept+thetaAl*(-1)+thetaA2*(-1)+thetaS1*0+thetaS2*1)/_scale_;
lambdaSASa3s2=exp(-(intercept+thetaAl*(-1)+thetaA2*(~1)+thetaS1*0+thetaS2x1)/_scale_);
oualphaSASa3s3=-(intercept+thetaAl#* (-1)+thetaA2*(-1)+thetaSi*(-1)+thetaS2*(-1))/_scale_;
lambdaSASa3s3=exp(-(intercept+thetaAl*(~1)+thetaA2x*(-1)+thetaSi*(-1)+thetaS2*(-1))/_scale_);
alphaSAS=1/_scale_;

oubetaSAS=1/_scale_;

oualphaBASELINESAS=-(intercept/_scale_);

lambdaBASELINESAS=exp (-(intercept/_scale_));

proc print data=par;

var oualphaSASalsl oualphaSASals2 oualphaSASals3
lambdaSASalsl lambdaSASals2 lambdaSASals3;

proc print data=par;

var oualphaSASa2s1 oualphaSASa2s2 oualphaSASa2s3

248
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A5

A.5.

lambdaSASa2s1 lambdaSASa2s2 lambdaSASa2s3;
proc print data=par;
var oualphaSASa3sl oualphaSASa3s2 oualphaSASa3s3
lambdaSASa3s1 lambdaSASa3s2 lambdaSASa3s3;
proc print data=par;
var alphaSAS oubetaSAS oualphaBASELINESAS lambdaBASELINESAS;
run;
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Chapter 4: M L Estimation subject to Constraints

1 Staggered Entry of Policies - IML Programs

1. Program for fitting a log-logistic regression model (constant shape, one covari-

ate)

titlel ’Fitting of regression model with one covariate’;
title2 ’Staggered entry: constant shape parameter’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

*kxkkkkkxkFrequency vector (first entry,3 agegroups);
£11={29,69,95,73,108,15,642};
£12={21,50,91,45,75,13,553};
£13={16,49,68,39, 67, 7,471};

*xkkxkkkkkVector of upper boundaries;
x1={12,17,24,28,34,37};

*xkxkkkkkxFrequency vector (second entry,3 agegroups);
£21={41,75,103,92,83,628};
£22={49,62,61,66,54,753};
£23={28,29,65,42,35,543};

**xkkikkkk*kVector of upper boundaries;
x2={12,17,24,28,34};

*xkkkkkkkkFrequency vector (third entry,3 agegroups);
£31={68,34,99,57,570};
£32={40,44,83,33,533};
£33={46,21,60,27,571};

*xxkokkkkkkVector of upper boundaries;
x3={12,17,24,28};

*kkxkkkkkxFrequency vector (fourth entry,3 agegroups);
£41={71,60,69,573};
£42={54,61,68,616};
£43={50,45,70,659};

*xxkkkkkkkVector of upper boundaries;
x4={12,17,24};

*kkxdkkkkkRelative frequency vectors;

nil=£f11[+]; n21=f21?+]; n31=£31[+]; nd1=£41[+]; ni=n11+n21+n31+n41l;

ni12=£12[+]; n22=£22[+]; n32=£32[+]; nd2=£42[+]; n2=n12+n22+n32+n42;

n13=£13[+]; n23=£23[+]; n33=£33[+]; n43=£43[+]; n3=n13+n23+n33+n43;
n=nl+n2+n3;

ki=nrow(f11); di=ki-1;

k2=nrow(£21); d2=k2-1;

k3=nrow(£31); d3=k3-1;

k4=nrow(f41); d4=k4-1;

k=k1+k2+k3+k4;

d=d1+d2+d3+d4;

pli=£f11/n11; p21=£21/n21; p31=£31/n31; p41=£f41/n41; pl=p11//p21//p31//p41;

pl2=£12/n12; p22=£22/n22; p32=£32/n32; p42=£42/n42; p2=p12//p22//p32//p42;

p13=£13/n13; p23=£23/n23; p33=£33/n33; p43=£43/n43; p3=p13//p23//p33//p43;
p=p1//p2//p3;

*kkxkkkx**kDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)@cusum(J(1,k1,1));
S2=J(1,k1,1)@cusum(J(d1,1,1));
S1=S1<=82;

S2=S1[1:d2,1:d1];
S3=S1[1:d3,1:d2];
S4=S1[1:d4,1:d3];
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S=block(S1,52,83,54);
S=1(3)es;

AA=J(54,1,1); *54=3 times((7-1)+(6-1)+(5-1)+(4-1))=3 times 18=54;
BB=J(3,1,1);

CcC=(1(2)//3(1,2,-1));

DD=J(18,1,1); *d=18;

EE=J(9,1,1);

1x=BB@(log(x1)//log(x2)//1log(x3)//1log(x4));
xc=AA| | (CC@DD) | |1x; print xc;
C=I(3#d)-xc*inv(xc‘*xc)*xc‘;

*xx*x***%x [TERATIVE PROCEDURE (double iterations over m and p);
**x*k*kstarting value for m;

m=p;

ms=S*m; pPsS=ms;

pO=p;

**xx**xiteration over m;

itr=0;

verskilil=1;

i=0;

do while (verskill>0.00000001);

i=i+1;

pP=p0; .
*Gm=-Cxdiag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
Gm=C*diag(1/ms+1/(1-ms))*S; *log-logistic;

*kdokkkkkkkiteration over p;
verskil=1;

i=0;
&o while (verskil>0.00000001);

3=3+1;

pi=p;

ps=S*p;

*g=C*log(-log(1-ps)); *Weibull;
g=C*(log(ps)-log(1-ps)); *log-logistic;
*Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
Gp=Cx*(diag(1/ps)+diag(1/(1-ps)))*S; *log-logistic;

sokokok ko kokokokokokokkokokk covariance mart i xokokoksk sk ok sk ok sk ko ok ok ok sk ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok
mil=m[1:k1]; m21=m[ki1+1:k1+k2];
m31=m[k1+k2+1:k1+k2+k3]; mél=m[k1+k2+k3+1:k1+k2+k3+k4];

mi2=m[k+1:k+k1]; m22=m[k+ki+1:k+k1+k2];
m32=m [k+k1+k2+1:k+k1+k2+k3]; md2=m[k+k1+k2+k3+1:k+k1+k2+k3+k4];

m13=m[2#k+1:2#k+k1]; m23=m[2#k+k1+1:2#k+k1+k2];
m33=m[2#k+k1+k2+1: 2#k+k1+k2+k3]; m43=m[2#k+k1+k2+k3+1: 2#k+k1+k2+k3+k4] ;

sigl1=(1/n11)*(diag(mil)-m11*mi1‘);
sig21=(1/n21)* (diag(m21)-m21*m21°) ;
sig31=(1/n31)*(diag(m31)-m31*m31°) ;
sigd1=(1/n41)*(diag(mé1)-m41*md1‘);
sigl=block(sigll,sig21,sig31,sigdl);

sig12=(1/n12)*(diag(m12)-m12*m12‘);
s51g22=(1/n22)* (diag(m22)-m22*m22°¢) ;
si1g32=(1/n32)* (diag(m32)-m32*m32°¢) ;
sigd2=(1/n42)*(diag(mé2)-m42*m42°) ;
sig2=block(sigl2,sig22,sig32,sigd2);

sig13=(1/n13)*(diag(m13)-m13*mi3°);
sig23=(1/n23)* (diag(m23)-m23*m23°) ;
5i1g33=(1/n33)*(diag(m33)-m33*m33°) ;
sigd3=(1/n43)*(diag(m43)-m43*m43°) ;
sig3=block(sigl3,sig23,sig33,sig43);

sig=block(sigl,sig2,sig3);

V=sig;
****g;***************************************************************;
*p=p-(Gm*V) ‘*ginv (Gp*V*Gm‘ ) *g ; *Weibull;
p=p- (Gm*V) ‘*ginv (Gp*V*Gm*) *g; *log-logistic;

verskil=sqrt ((p-pl) ‘*(p-p1));
end;

verskill=sqrt ((p-m) ‘*(p-m));

m=p ; ms=S*m;

end;

print m; print i j;

*kxkkk*kkk*kParameter vector for linear model;

*par=inv (xc ‘*xc)*xc‘*log(-log(i-ms)); *Weibull;
par=inv (xc ‘*xc)*xc ‘*(log(ms)-log(1-ms)) ; *log-logistic;
print par[format=E20.];

**xkkkkkkkRegression coefficients;
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oualphaBASELINE=par[1];
betaAl=par [2];
betaA2=par[3];
betaA3=-(par[2]+par[3]);
lambdaBASELINE=exp (par[1]);
lambdaAi=exp (par [1]+par[2]);
lambdaA2=exp(par [1]+par[3]);
lambdaA3=exp(par[1]+betaA3);
alpha=par [45);

*kkkkkkkkkIndices, lambda’s and constant alpha for age levelskkkkkkskkkdokikkkikkk;
indexAl=exp(betaAl) ; *constant shape parameter;

indexA2=exp (betaA2) ;

indexA3=exp (betalA3);

lambdaAl=lambdaBASELINE#indexAl;  *same as lambdaAl=exp(par[1]+par[2]);
lambdaA2=1ambdaBASELINE#indexA2;  *same as lambdaA2=exp (par[1]+par([3]);
lambdaA3=1lambdaBASELINE#indexA3;  *same as lambdaA3=exp(par [1]+betaA3);
oualphaAl=log(lambdaAl); *same as oualphaAl=oualphaBASELINE+betaAl;
oualphaA2=log(lambdaA2);

oualphaA3=log(lambdaA3) ;

print ’ Loglogistic parameters, beta effects and indices for age levels Al A2 A3’;

print ’lambdaBASELINE=’ lambdaBASELINE [format=E20.]

’oualphaBASELINE=’ oualphaBASELINE alpha;

print ’lambda(age=A1)=’ lambdaAl[format=E20.]

’lambda(age=A2)=’ lambdaA2[format=E20.]

’lambda(age=A3)=’ lambdaA3[format=E20.];

print ’alpha=’ alphal[format=E20.] oualphaAl oualphaA2 oualphaA3;

print ’beta(age=A1)=’ betaAl ’beta(age=A2)=’ betaA2 ’beta(age=A3)=’ betaA3
’index(age=A1)=’ indexAl[format=E20.] ’index(age=A2)=’ indexA2[format=E20.]
’index (age=A3)=’ indexA3[format=E20.];

sxxkxkkkkkHazard ratio and 0dds Tatdoskskskskskskokskskokskok %ok kskskok s skok Kok ok ok ko ok ok dokok ok ok Kok koK ok §
hazBASELINE12=(lambdaBASELINE*alpha*12** (alpha-1))/(1+lambdaBASELINE*12**alpha) ;
hazBASELINE24=(lambdaBASELINE*alpha*24** (alpha-1))/(1+lambdaBASELINE*24**alpha) ;
survBASELINE12=(1+lambdaBASELINE*12#**alpha)**(-1) ;
survBASELINE24=(1+lambdaBASELINE*24**alpha)**(-1) ;
0ddsBASELINE12=(1-survBASELINE12) /survBASELINE12;
0ddsBASELINE24=(1~survBASELINE24) /survBASELINE24;

hazAGE_A1_12=(lambdaA1*alpha+12+*(alpha-1))/(1+lambdaA1%12+*alpha);
hazAGE_A1_24=(lambdaAl*alpha*24#*(alpha-1))/(1+lambdaAl*24**alpha);
survAGE_A1_12=(1+lambdaAl*12%*alpha)**(-1) ;
survAGE_A1_24=(1+lambdaAl*24**alpha)**(-1);
oddsAGE_A1_12=(1-survAGE_A1_12)/survAGE_A1_12;
oddsAGE_A1_24=(1-survAGE_A1_24)/survAGE_A1_24;

hazratioAGE_A1_12=hazAGE_A1_12/hazBASELINE12;
hazratioAGE_A1_24=hazAGE_A1_24/hazBASELINE24;
oddsratioAGE_A1_12=0ddsAGE_A1_12/0ddsBASELINE12;
oddsratioAGE_A1_24=0ddsAGE_A1_24/0ddsBASELINE24;

print hazBASELINE12 hazBASELINE24 survBASELINE12 survBASELINE24
0ddsBASELINE12 oddsBASELINE24;

print hazAGE_A1_12 hazAGE_A1_24;

print survAGE_A1_12 survAGE_A1_24;

print oddsAGE_A1_12 oddsAGE_A1_24;

print hazratioAGE_A1_12 hazratioAGE_A1_24 oddsratioAGE_A1_12 oddsratioAGE_A1_24;
okok o Kok ok ok ok ok Kk ok KKK ok KK kK kKK * Kk sk ok o o o sk o ko ok ok sk ok ok ok ok ek sk ok sk ok ok K o
hazAGE_A2_12=(lambdaA2+alpha*12+* (alpha-1))/(1+lambdaA2*12**alpha);
hazAGE_A2_24=(lambdaA2*alpha*24#**(alpha-1))/(1+lambdaA2*24**alpha) ;
survAGE_A2_12=(1+lambdaA2*12**alpha)**(-1);
survAGE_A2_24=(1+lambdaA2*24**alpha)**(-1);
oddsAGE_A2_12=(1-survAGE_A2_12)/survAGE_A2_12;
0ddsAGE_A2_24=(1-survAGE_A2_24)/survAGE_A2_24;

hazratioAGE_A2_12=hazAGE_A2_12/hazBASELINE12;
hazratioAGE_A2_24=hazAGE_A2_24/hazBASELINE24;
oddsratioAGE_A2_12=0ddsAGE_A2_12/0ddsBASELINE12;
oddsratioAGE_A2_24=0ddsAGE_A2_24/0ddsBASELINE24;

print hazAGE_A2_12 hazAGE_A2_24;

print survAGE_A2_12 survAGE_A2_24;

print oddsAGE_A2_12 oddsAGE_A2_24;

print hazratioAGE_A2_12 hazratioAGE_A2_24 oddsratioAGE_A2_12 oddsratioAGE_A2_24;
Sk ok ok ok K ok ok ok ok ok ok ok K ook ok ook ok ok ok ok ok ok ok o o K ok K Kok K ook oK K o KKK K Kok K ok ok KoK K Kok ok KK oK KK K oK K KK KKK
hazAGE_A3_12=(lambdaA3+*alpha*12** (alpha-1))/(1+lambdaA3*12**alpha) ;
hazAGE_A3_24=(lambdaA3+*alpha*24#*(alpha-1))/(1+lambdaA3*24**alpha) ;
survAGE_A3_12=(1+lambdaA3*12**alpha)**(-1);
survAGE_A3_24=(1+lambdaA3*24**alpha)**(-1);
0ddsAGE_A3_12=(1-survAGE_A3_12)/survAGE_A3_12;
oddsAGE_A3_24=(1-survAGE_A3_24)/survAGE_A3_24;

hazratioAGE_A3_12=hazAGE_A3_12/hazBASELINE12;
hazratioAGE_A3_24=hazAGE_A3_24/hazBASELINE24;
oddsratioAGE_A3_12=0ddsAGE_A3_12/0ddsBASELINE12;
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oddsratioAGE_A3_24=0ddsAGE_A3_24/0ddsBASELINE24;

print hazAGE_A3_12 hazAGE_A3_24;
print survAGE_A3_12 survAGE_A3_24;
print oddsAGE_A3_12 oddsAGE_A3_24;

print hazratioAGE_A3_12 hazratioAGE_A3_24 oddsratioAGE_A3_12 oddsratioAGE_A3_24;

sokskokkkkkkkMadian Lif et dmeskokskskkokok sk ok sk skok sk okok sk ok ok ok 3k ok ok ok ok ok 3ok ok 3Kk ok 3k ok o K ok 3 ok o oK ok o ok o 3ok o KoK KK oK

medianBASELINE=(1/lambdaBASELINE)##(1/alpha);
medianAl=(1/lambdaAl)##(1/alpha);
medianA2=(1/lambdaA2)##(1/alpha) ;
medianA3=(1/lambdaA3)##(1/alpha) ;

perc5BASELINE=((1/lambdaBASELINE)#( 5/(100- 5)))##(1/alpha);
perc10BASELINE=((1/1lambdaBASELINE)#(10/(100-10)))##(1/alpha);
perc20BASELINE=((1/lambdaBASELINE)#(20/(100-20)))##(1/alpha);
perc25BASELINE=((1/lambdaBASELINE)#(25/(100-25)))##(1/alpha) ;
perc30BASELINE=((1/1lambdaBASELINE)# (30/(100-30)))##(1/alpha);
perc40BASELINE=((1/1lambdaBASELINE)# (40/(100-40)))##(1/alpha);
perc50BASELINE=((1/1ambdaBASELINE)# (50/ (100-50)))##(1/alpha) ;
perc60BASELINE=( (1/lambdaBASELINE)# (60/(100-60)))##(1/alpha);
perc70BASELINE=((1/lambdaBASELINE)# (70/(100-70)))##(1/alpha);
perc75BASELINE=((1/lambdaBASELINE)#(75/(100-75)))##(1/alpha);
perc80BASELINE=((1/lambdaBASELINE)# (80/(100-80)))##(1/alpha);
perc9OBASELINE=((1/lambdaBASELINE)#(90/(100-90)))##(1/alpha);
perc95BASELINE=((1/1ambdaBASELINE)#(95/(100-95)))##(1/alpha);

perc5A1=((1/lambdaA1)#( 5/(100- 5)))##(1/alpha);
perc10A1=((1/lambdaA1)#(10/(100~10)))##(1/alpha);
perc20A1=((1/lambdaA1)#(20/(100-20)))##(1/alpha);
perc25A1=((1/lambdaAl)#(25/(100-25)) ) ##(1/alpha) ;
perc30A1=((1/lambdaA1)#(30/(100~30)))##(1/alpha);
perc40A1=((1/lambdaA1)#(40/(100-40)))##(1/alpha);
perc50A1=((1/lambdaA1)#(50/(100-50) ))##(1/alpha);
perc60A1=((1/lambdaAl)#(60/(100-60)))##(1/alpha);
perc70A1=((1/lambdaA1)#(70/(100-70)))##(1/alpha);
perc75A1=((1/lambdaA1)#(75/(100-75)) ) ##(1/alpha);
perc80A1=((1/lambdaA1)#(80/(100-80)))##(1/alpha);
perc90A1=((1/lambdaA1)#(90/(100-90)))##(1/alpha);
perc95A1=((1/lambdaA1)#(95/(100-95)))##(1/alpha);

perc5A2=((1/lambdaA2)#( 5/(100- 5)))##(1/alpha);
perc10A2=((1/lambdaA2)#(10/(100~-10)))##(1/alpha);
perc20A2=((1/lambdaA2)#(20/(100-20)))##(1/alpha);
perc25A2=((1/lambdaA2)#(25/(100~-25)))##(1/alpha) ;
perc30A2=((1/lambdaA2)#(30/(100-30)))##(1/alpha);
perc40A2=((1/lambdaA2)#(40/(100-40)))##(1/alpha);
perc50A2=((1/lambdaA2)#(50/(100-50)))##(1/alpha);
perc60A2=((1/1lambdaA2)#(60/(100-60)))##(1/alpha);
perc70A2=((1/lambdaA2)#(70/(100-70)))##(1/alpha);
perc75A2=((1/lambdaA2)#(75/(100-75) ) )##(1/alpha);
perc80A2=((1/lambdaA2)#(80/(100-80)))##(1/alpha);
perc90A2=((1/lambdaA2)#(90/(100-90)))##(1/alpha);
perc95A2=((1/lambdaA2)#(95/(100-95)) ) ##(1/alpha);

perc5A3=((1/lambdaA3)#( 5/(100- 5)))##(1/alpha);
perc10A3=((1/lambdaA3)#(10/(100-10)))##(1/alpha);
perc20A3=((1/lambdaA3)#(20/(100-20)))##(1/alpha);
perc25A3=((1/1lambdaA3)#(25/(100-25)))##(1/alpha);
perc30A3=((1/lambdaA3)#(30/(100-30)))##(1/alpha);
perc40A3=((1/lambdaA3)#(40/(100-40)) )##(1/alpha);
perc50A3=((1/lambdaA3)#(50/(100-50)))##(1/alpha);
perc60A3=((1/lambdaA3)#(60/(100-60)))##(1/alpha);
perc70A3=((1/lambdaA3)#(70/(100-70)))##(1/alpha);
perc75A3=((1/lambdaA3)#(75/(100~75)) ) ##(1/alpha);
perc80A3=((1/lambdaA3)#(80/(100-80)))##(1/alpha) ;
perc90A3=((1/lambdaA3)#(90/(100-90)))##(1/alpha);
perc95A3=((1/lambdaA3)#(95/(100-95) ) ) ##(1/alpha);

print perc5BASELINE perc1OBASELINE perc20BASELINE perc25BASELINE perc30BASELINE;
print perc40BASELINE perc50BASELINE perc60BASELINE perc70BASELINE;
print perc75BASELINE perc80BASELINE perc9OBASELINE perc95BASELINE;

print perc5A1 perc10Al perc20Al perc25A1 perc30Al;
print perc40Al perc50A1 perc60A1l perc70Al;
print perc75A1 perc80A1 perc90Al perc95A1;

print perc5A2 perc10A2 perc20A2 perc25A2 perc30A2;
print perc40A2 perc50A2 perc60A2 perc70A2;
print perc75A2 perc80A2 perc90A2 perc95A2;

print perc5A3 perc10A3 perc20A3 perc25A3 perc30A3;
print perc40A3 perc50A3 perc60A3 perc70A3;
print perc75A3 perc80A3 perc90A3 perc95A3;

print ’medianlifetimeBASELINE=’ medianBASELINE;

print ’medianlifetime(age=A1)=’ medianAil
‘medianlifetime (age=A2)=’ medianA2
‘medianlifetime (age=A3)=’ medianA3;
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2. Program for fitting a log-logistic regression model (shape alters, one covariate)

titlel ’Fitting of regression model with one covariate’;
title2 ’Staggered entry: shape parameter alters’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

**kx*xk*k*x**¥Frequency vector (first entry,3 agegroups);
f11={29,59,95,73,108,15,642%;
£12={21,50,91,45,75,13,553};
£13={16,49,68,39, 67, 7,471};

**xxxkk*kk*xVector of upper boundaries;
x1={12,17,24,28,34,37};

**kkxkkkxkkFrequency vector (second entry,3 agegroups);
£21={41,75,103,92,83,628};
£22={49,62,61,66,54,753};
£23={28,29,65,42,35,543};

**xxkxk*k*k*Vector of upper boundaries;
x2={12,17,24,28,34};

*¥xxkkkkk*kFrequency vector (third entry,3 agegroups);
£31={68,34,99,57,570};
£32={40,44,83,33,533};
£33={46,21,60,27,571};

*xxxk*k*k*k*xxVector of upper boundaries;
x3={12,17,24,28};

**kx*k¥*xxk*¥Frequency vector (fourth entry,3 agegroups);
£41={71,60,69,573};
£42={54,61,68,616};
£43={50,45,70,659};

*xxxx%kk*k*k*Vector of upper boundaries;
x4={12,17,24};

*dokkkkkxkx*kRelative fre?uency vectors;

nil=£f11[+]; n21=£21[+]; n31=£31[+]; n4i=£f41[+]; ni=n11+n21+n31+n4d1i;

ni12=£f12[+]; n22=£22[+]; n32=£32[+]; nd2=£42[+]; n2=n12+n22+n32+n42;

n13=£f13[+]; n23=£23[+]; n33=£33[+]; né3=£43[+]; n3=n13+n23+n33+n43;
n=nl+n2+n3;

ki=nrow(£f11); di=ki-1;
k2=nrow(£21); d2=k2-1;
k3=nrow(£31); d3=k3-1;
k4=nrow (£41); d4=k4-1;
k=k1+k2+k3+k4;
d=d1+d2+d3+d4;

pli=£f11/n11; p21=£21/n21; p31=£31/n31; p41=£41/nd1; pl=pi11//p21//p31//p41;
pl2=£12/n12; p22=£22/n22; p32=£32/n32; p42=£42/n42; p2=p12//p22//p32//p42;
p13=£13/n13; p23=£23/n23; p33=£33/n33; p43=£43/n43; p3=p13//p23//p33//p43;

p=p1//p2//p3;
*xkkxkkkkkDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)@cusum(J(1,k1,1));
S2=J(1,k1,1)@cusum(J(d1,1,1));
S1=51<=82;

S2=S1[1:d2,1:41];
S3=S1[1:d43,1:42];
S4=S1[1:d4,1:43];
S=block(S1,582,S3,54);
S=I(3)es;

AA=J(54,1,1); *54=3 times((7-1)+(6-1)+(5-1)+(4-1))=3 times 18=54;
BB=J(3,1,1);

CC=(I(2)//3(1,2,-1));

DD=J(18,1,1); *d=18;

EE=J(9,1,1);

1x=log(x1)//log(x2)//1log(x3)//log(x4);
xc=AA||(CCeDD) | |I(3)@lx; print xc;
C=I(3#d)-xc*inv(xc‘*xc)*xc*;

*#x**xx+xx* [ TERATIVE PROCEDURE (double iterations over m and p);
***xxxstarting value for m;

m=p;

ms=S*m; psS=ms;

pO=p;

**x**xiteration over m;
itr=0;



Appendix A: Computer Programs 254

verskili=1;
i=0;
do while (verskili1>0.00000001);
i=i+1;
p=p0; )
*Gm=~C+diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
Gm=C*diag(1/ms+1/(1-ms))*S; *log-logistic;
*k*xkkkkkk*kiteration over p;
verskil=1;
3=0;
do while (verskil>0.00000001);
j=j+1;
pi=p;
s=S*p;
*g=C*log(-log(1-ps)); *Weibull;
g=Cx*(log(ps)-log(1l-ps)); *log-logistic;
*Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
Gp=C*(diag(1/ps)+diag(1/(1-ps)))*S; *log-logistic;

F Kok KKK KKK KKK KKK COVATIANCE MATT LXK KKK ok koo ok ok Kok ok ok ok KK oK K ok KKK oK K KoK KoK
mii=m[1:k1]; m21=m[ki1+1:k1+k2];
m31=m[k1+k2+1:k1+k2+k3]; m41=m[ki1+k2+k3+1:k1+k2+k3+k4];

mi12=m[k+1:k+k1]; m22=m[k+ki1+1:k+k1+k2];
m32=m [k+k1+k2+1 :k+k1+k2+k3]; m42=m[k+k1+k2+k3+1:k+k1+k2+k3+k4];

m13=m[2#k+1:2#k+k1] ; m23=m[2#k+k1+1:2#k+k1+k2];
m33=m [2#k+k1+k2+1 : 2#k+k1+k2+k3] ; md3=m[2#k+k1+k2+k3+1:2#k+k1+k2+k3+k4];

sigl1=(1/n11)*(diag(mi11)-mi1*mi1°);
sig21=(1/n21)*(diag(m21)-m21*m21°) ;
sig31=(1/n31)*(diag(m31)-m31*m31°) ;
sig41=(1/n41)*(diag(m41)-m41*m41);
sigl=block(sigll,sig21,sig31,sigél);

sig12=(1/n12)* (diag(m12)-m12*m12°¢) ;
51g22=(1/n22) * (diag (m22)-m22*m22°) ;
s1g32=(1/n32)* (diag(m32)-m32*m32°) ;
sigd2=(1/n42)*(diag(m42)-m42*m42°) ;
sig2=block(sigl2,sig22,sig32,sigd2);

sig13=(1/n13)*(diag(m13)-m13*m13¢);
sig23=(1/n23)*(diag(m23)-m23*m23°) ;
sig33=(1/n33)*(diag(m33)-m33*m33°¢) ;
sigd3=(1/n43)*(diag(m43)-m43+m43°) ;
sig3=block(sigl3,sig23,sig33,sigd3);

sig=block(sigl,sig2,sig3);

V=sig;

-4 —————————————
*p=p-(Gm*V) ‘*ginv (Gp*V*Gm‘)*g; *Weibull;
p=p- (Gm*V) ‘*ginv (Gp*V*Gm‘)*g; *log-logistic;

verskil=sqrt ((p-pl) ‘*(p-p1));
end;

verskill=sqrt ((p-m) ‘*(p-m));
m=p; ms=S*m;

end;

print m; print i j;

*xk*kk**kx*xParameter vector for linear model;
*par=inv(xc ‘*xc)*xc‘*log(-log(l-ms)); *Weibull;
par=inv (xc ‘*xc)*xc‘*(log(ms)-log(1-ms)); print par; *log-logistic;

print par[format=E20.];

*xdckkkkkkkRegression coefficients;
oualphaBASELINE=par[1];
lambdaBASELINE=exp (par[1]);
betaAl=par[2];

betaA2=par[3];

betaA3=-(par [2]+par[3]);
lambdaAl=exp(par[1]+par[2]);
lambdaA2=exp (par[1]+par [3]);
lambdaA3=exp (par[1]+betaA3);
alphaA1=par$4§;

alphaA2=par [5] ;

alphaA3=par [6] ;
alphaBASELINE=(ni#alphaAl+n2#alphaA2+n3#alphaA3)/n;

*%kk*kkxxxk*k[,ambda’s and alpha’s for age levelskkkskkkkokkkkkkkkkkk ;
1ambdaA1=exp(par[1]+paI[2F);

lambdaA2=exp (par[1]+par[3]);

lambdaA3=exp (par [1]+betaA3) ;

oualphaAl=log(lambdaAl);

oualphaA2=log(lambdaA2) ;

oualphaA3=log(lambdaA3) ;

print ’ Loglogistic parameters and beta effects for age levels Al A2 A3’;
print ’lambdaBASELINE=’ lambdaBASELINE [format=E20.]
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’oualphaBASELINE=’ oualphaBASELINE alphaBASELINE;
print ’lambda(age=A1)=’ lambdaAl[format=E20.]
’lambda (age=A2)=’ lambdaA2[format=E20.]
’lambda(age=A3)=’ lambdaA3[format=E20.];
print oualphaAl oualphaA2 oualphaA3;
print ’alpha(age=A1)=’ alphaAl[format=E20.]
’alpha(age=A2)=’ alphaA2[format=E20.]
’alpha(age=A3)=’ alphaA3[format=E20.];

print ’beta(age=A1)=’ betaAl ’beta(age=A2)=’ betaA2 ’beta(age=A3)=’ betaA3;

sxkxkkxkkkHazard ratio and Odds ratiokkkskskskskskokskokkskkokskkokdok ok ko kok sk kK okkHkk K kok K Kok Kok ok §
hazBASELINE12=(lambdaBASELINE+alphaBASELINE*12** (alphaBASELINE-1))/(1+lambdaBASELINE*12**alphaBASELINE) ;
hazBASELINE24=(lambdaBASELINE*alphaBASELINE#24** (alphaBASELINE-1))/ (1+lambdaBASELINE*24**alphaBASELINE) ;
survBASELINE12=(1+lambdaBASELINE*12%*alphaBASELINE)** (-1);
survBASELINE24=(1+1lambdaBASELINE*24**alphaBASELINE) ** (-1) ;

0ddsBASELINE12=(1-survBASELINE12) /survBASELINE12;

0ddsBASELINE24=(1~-survBASELINE24) /survBASELINE24;

hazAGE_A1_12=(lambdaAl*alphaA1l*12* (alphaAi-1))/(1+lambdaA1*12**alphalAl);
hazAGE_A1_24=(lambdaA1*alphaAl*24+* (alphaAl-1))/(1+1lambdaA1*24+*alphaAl) ;
survAGE_A1_12=(1+lambdaA1l*12**alphalAl)**(-1);
survAGE_A1_24=(1+lambdaA1*24**alphaAl)**(-1);
oddsAGE_A1_12=(1-survAGE_A1_12)/survAGE_A1_12;
oddsAGE_A1_24=(1-survAGE_A1_24)/survAGE_A1_24;

hazratioAGE_A1_12=hazAGE_A1_12/hazBASELINE12;
hazratioAGE_A1_24=hazAGE_A1_24/hazBASELINE24;
oddsratioAGE_A1_12=0ddsAGE_A1_12/0ddsBASELINE12;
oddsratioAGE_A1_24=0ddsAGE_A1_24/0ddsBASELINE24;

print hazBASELINE12 hazBASELINE24 survBASELINE12 survBASELINE24
oddsBASELINE12 oddsBASELINE24;

print hazAGE_A1_12 hazAGE_A1_24;

print survAGE_A1_12 survAGE_A1_24;

print oddsAGE_A1_12 oddsAGE_A1_24;

print hazratioAGE_A1_12 hazratioAGE_A1_24 oddsratioAGE_A1_12 oddsratioAGE_A1_24;
KKK K KK KoK K o KK K KK K o KK oK K o K K ok oK o sk Kok o o KK oK K o K K oK K KK K K o KK KK K o o K oK K Sk K oK K o KKK KKK
hazAGE_A2_12=(lambdaA2*alphaA2* 12+ (alphaA2-1) )/ (1+lambdaA2+12++alphaA2) ;
hazAGE_A2_24=(1lambdaA2*alphaA2+24+# (alphaA2-1) )/ (1+1lambdaA2+24**alphah2) ;
survAGE_A2_12=(1+lambdaA2*12**alphaA2)**(-1) ;
survAGE_A2_24=(1+lambdaA2*24x**alphaA2)**(-1);

oddsAGE_A2_12=(1-survAGE_A2_12) /survAGE_A2_12;
oddsAGE_A2_24=(1-survAGE_A2_24)/survAGE_A2_24;

hazratioAGE_A2_12=hazAGE_A2_12/hazBASELINE12;
hazratioAGE_A2_24=hazAGE_A2_24/hazBASELINE24;
oddsratioAGE_A2_12=0ddsAGE_A2_12/0ddsBASELINE12;
oddsratioAGE_A2_24=oddsAGE_A2_24/0ddsBASELINE24;

print hazAGE_A2_12 hazAGE_A2_24;

print survAGE_A2_12 survAGE_A2_24;

print oddsAGE_A2_12 oddsAGE_A2_24;

print hazratioAGE_A2_12 hazratioAGE_A2_24 oddsratioAGE_A2_12 oddsratioAGE_A2_24;
Ko R oK R o o K o ook R oK R K R o o o o o R o ok s o o o o ok K Ko ok o o o K o o o K R o R o o ok o ok s o sk ok ok o o ks ko ke s ok sk K o sk ok ok K o 3
hazAGE_A3_12=(lambdaA3*alphaA3*12** (alphaA3-1))/(1+lambdaA3+*12**alphaA3) ;
hazAGE_A3_24=(lambdaA3*alphaA3+24** (alphaA3-1))/(1+lambdaA3*24**alphalA3) ;
survAGE_A3_12=(1+lambdaA3*12**alphaA3)**(-1) ;
survAGE_A3_24=(1+lambdaA3*24**alphaA3)**(-1) ;
oddsAGE_A3_12=(1-survAGE_A3_12)/survAGE_A3_12;
oddsAGE_A3_24=(1-survAGE_A3_24)/survAGE_A3_24;

hazratioAGE_A3_12=hazAGE_A3_12/hazBASELINE12;
hazratioAGE_A3_24=hazAGE_A3_24/hazBASELINE24;
oddsratioAGE_A3_12=0ddsAGE_A3_12/0ddsBASELINE12;
oddsratioAGE_A3_24=0ddsAGE_A3_24/0ddsBASELINE24;

print hazAGE_A3_12 hazAGE_A3_24;

print survAGE_A3_12 survAGE_A3_24;

print oddsAGE_A3_12 oddsAGE_A3_24;

print hazratioAGE_A3_12 hazratioAGE_A3_24 oddsratioAGE_A3_12 oddsratioAGE_A3_24;

sokkokorkokkkMedian Lifet ime sk ks dokdok koo sk bk ok ook ok ok ok okok ok Kok ook ok ok ok 3
medianBASELINE=(1/1ambdaBASELINE) ## (1/alphaBASELINE) ;
medianAl=(1/lambdaA1)##(1/alphaAl);

medianA2=(1/lambdaA2) ##(1/alphaA2);

medianA3=(1/lambdaA3)##(1/alphaA3) ;

perc5BASELINE=((1/lambdaBASELINE)#( 5/(100- 5)))##(1/alphaBASELINE) ;
perc10BASELINE=((1/lambdaBASELINE)# (10/(100~10)))##(1/alphaBASELINE) ;
perc20BASELINE=((1/lambdaBASELINE)# (20/(100-20)))##(1/alphaBASELINE) ;
perc25BASELINE=((1/lambdaBASELINE)#(25/(100-25)))##(1/alphaBASELINE) ;
perc30BASELINE=((1/1lambdaBASELINE)# (30/(100-30)))##(1/alphaBASELINE) ;
perc40BASELINE=((1/1lambdaBASELINE)# (40/(100-40)))##(1/alphaBASELINE) ;
perc50BASELINE=((1/lambdaBASELINE)# (50/(100-50)))##(1/alphaBASELINE) ;
perc60BASELINE=((1/lambdaBASELINE)# (60/(100-60)))##(1/alphaBASELINE) ;
perc70BASELINE=((1/1lambdaBASELINE)# (70/(100-70)))##(1/alphaBASELINE) ;
perc75BASELINE=((1/1lambdaBASELINE) #(75/(100-75))) ##(1/alphaBASELINE) ;
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perc80BASELINE=((1/1ambdaBASELINE)# (80/(100-80)))##(1/alphaBASELINE) ;
perc90BASELINE=((1/1lambdaBASELINE)# (90/(100-90)))##(1/alphaBASELINE) ;
perc95BASELINE=((1/lambdaBASELINE)# (95/(100-95)))##(1/alphaBASELINE) ;

perc5A1=((1/lambdaA1)#( 5/(100- 5)))##(1/alphaAl);
perc10A1=((1/lambdaAl)#(10/(100-10)))##(1/alphaAl);
perc20A1=((1/lambdaAl)#(20/(100-20)))##(1/alphall);
perc25A1=((1/lambdaAl)#(25/(100-25)))##(1/alphaAl);
perc30A1=((1/1lambdaAl)#(30/(100-30)))##(1/alphalAl);
perc40A1=((1/lambdaA1)#(40/(100-40)))##(1/alphaAl);
perc50A1=((1/lambdaAl)#(50/(100-50)))##(1/alphall);
perc60A1=((1/lambdaAl)#(60/(100-60)))##(1/alphall);
perc70A1=((1/lambdaAl)#(70/(100-70)))##(1/alphalAl);
perc75A1=((1/1lambdaA1)#(75/(100-75)))##(1/alphaAl);
perc80A1=((1/lambdaAl)#(80/(100-80)))##(1/alphaAl);
perc90A1=((1/1lambdaAl)#(90/(100-90)))##(1/alphaAl);
perc95A1=((1/lambdaAl)#(95/(100-95)))##(1/alphaAl);

perc5A2=((1/lambdaA2)#( 5/(100- 5)))##(1/alphaA2);
perc10A2=((1/lambdaA2)#(10/(100-10)))##(1/alphalA2);
perc20A2=((1/lambdaA2)#(20/(100-20)))##(1/alphal2);
perc25A2=((1/lambdaA2)#(25/(100-25)))##(1/alphalA2);
perc30A2=((1/1lambdaA2)#(30/(100-30)))##(1/alphaA2);
perc40A2=((1/lambdaA2)#(40/(100-40)) ) ##(1/alphal2);
perc50A2=((1/lambdaA2)#(50/(100-50) ) )##(1/alphaA2);
perc60A2=((1/1lambdaA2)#(60/(100-60)))##(1/alphaA2);
perc70A2=((1/1lambdaA2)#(70/(100-70)))##(1/alphaA2);
perc75A2=((1/lambdaA2)#(75/(100-75)))##(1/alphaA2);
perc80A2=((1/lambdaA2)#(80/(100-80)))##(1/alphalA2);
perc90A2=((1/lambdaA2)#(90/(100-90) ) )##(1/alphal2);
perc95A2=((1/lambdaA2)#(95/(100-95) ) )##(1/alphaA2) ;

perc5A3=((1/lambdaA3)#( 5/(100- 5)))##(1/alphaA3);
perc10A3=((1/lambdaA3)#(10/(100-10)))##(1/alphaA3);
perc20A3=((1/lambdaA3)#(20/(100-20)))##(1/alphal3);
perc25A3=((1/lambdaA3)#(25/(100-25)) ) ##(1/alphaA3);
perc30A3=((1/lambdaA3)#(30/(100-30)))##(1/alphaA3);
perc40A3=((1/lambdaA3)#(40/(100-40)))##(1/alphal3);
perc50A3=((1/lambdaA3)#(50/(100-50) ) )##(1/alphal3);
perc60A3=((1/lambdaA3)#(60/(100-60) ))##(1/alphaA3);
perc70A3=((1/lambdaA3)#(70/(100-70) ) )##(1/alphaA3);
perc75A3=((1/lambdaA3)#(75/(100-75)))##(1/alphaA3);
perc80A3=((1/lambdaA3)#(80/(100-80)))##(1/alphaA3);
perc90A3=((1/lambdaA3)#(90/(100-90)))##(1/alphaA3);
perc95A3=((1/lambdaA3)#(95/(100-95)) ) ##(1/alphaA3);

print perc5BASELINE perclOBASELINE perc20BASELINE perc25BASELINE perc30BASELINE;
print perc40BASELINE perc50BASELINE perc60BASELINE perc70BASELINE;
print perc75BASELINE perc80BASELINE perc90BASELINE perc95BASELINE;

print perc5Al percl10Al perc20A1l perc25A1 perc30A1l;
print perc40Al perc50A1 perc60Al perc70Al;
print perc75A1 perc80Al perc90Al perc95A1l;

print perc5A2 percl0A2 perc20A2 perc25A2 perc30A2;
print perc40A2 perc50A2 perc60A2 perc70A2;
print perc75A2 perc80A2 perc90A2 perc95A2;

print perc5A3 percl0A3 perc20A3 perc25A3 perc30A3;
print perc40A3 perc50A3 perc60A3 perc70A3;
print perc75A3 perc80A3 perc90A3 perc95A3;

print ’medianlifetimeBASELINE=’ medianBASELINE;

print ’medianlifetime(age=A1)=’ medianAl
’medianlifetime (age=A2)=’ medianA2
‘medianlifetime (age=A3)=’ medianA3;

3. Program for fitting a Weibull regression model (constant shape, one covariate)

titlel ’Fitting of regression model with one covariate’;
title2 ’Staggered entry: constant shape parameter’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

**xxkkkxkxFrequency vector (first entry,3 agegroups);
£11={29,59,95,73,108,15,642};
£12={21,50,91,45,75,13,563};
£13={16,49,68,39, 67, 7,471};

*¥xkkkkk*k*Vector of upper boundaries;
x1={12,17,24,28,34,37};

**k*k*kk*kx*Frequency vector (second entry,3 agegroups);
£21={41,75,103,92,83,628};
£22={49,62,61,66,54,753};
£23={28,29,65,42,35,543};
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*¥xkkkkx*k*xVector of upper boundaries;
x2={12,17,24,28,34};

***x**k**k**kFrequency vector (third entry,3 agegroups);
£31={68,34,99,57,570};
£32={40,44,83,33,533};
£33={46,21,60,27,571};

*kckkkkkkkVector of upper boundaries;
x3={12,17,24,28};

**kx¥*kkx*xxkFrequency vector (fourth entry,3 agegroups);
£41={71,60,69,573};
£42={54,61,68,616};
£43={50,45,70,659};

*xkxkkxkkxVector of upper boundaries;
x4={12,17,24};

*xkkkkk*kkkRelative fre?uency vectors;

nil=£f11[+]; n21=£21[+]; n31=£31[+]; nd1=£41[+]; ni=n11+n21+n31+n41;

ni12=£12[+]; n22=£22[+]; n32=£32[+]; nd42=£42[+]; n2=n12+n22+n32+n42;

ni13=£f13[+]; n23=£23[+]; n33=£33[+]; nd3=£43[+]; n3=n13+n23+n33+n43;
n=nl+n2+n3;

ki=nrow(f11); di=ki-1;
k2=nrow(£21); d2=k2-1;
k3=nrow(£f31); d3=k3-1;
kd4=nrow(f41); d4=k4-1;
k=k1+k2+k3+k4;
d=d1+d2+d3+d4;

pli=f11/ni1; p21=£21/n21; p31=£31/n31; p41=£41/nd1; pl=p11//p21//p31//p41;

pl2=£12/n12; p22=£22/n22; p32=£32/n32; p42=£42/n42; p2=p12//p22//p32//p42;

p13=£13/n13; p23=£23/n23; p33=£33/n33; p43=£43/n43; p3=p13//p23//p33//p43;
p=p1//p2//p3;

*xkkckkkkkkDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)Qcusum(J(1,k1,1));
§2=J(1,k1,1)@cusum(J(d1,1,1));
S1=81<=82;

S2=S1[1:d2,1:d1];
S$3=81[1:d3,1:42];
S4=51[1:d4,1:43];
S=block(S1,S52,83,54);
S=I(3)es;

AA=J(54,1,1); *54=3 times((7-1)+(6-1)+(5-1)+(4-1))=3 times 18=54;
BB=J(3,1,1);

CC=(I(2)//3(1,2,-1));

DD=J(18,1,1); *d=18;

EE=J(9,1,1);

1x=BB@(log(x1)//log(x2)//log(x3)//log(x4));
xc=AA| | (CCeDD) | |1x; print xc;
C=I(3#d)-xc*inv(xc‘*xc)*xc‘;

#**x****x** [TERATIVE PROCEDURE (double iterations over m and p);
*xx*k*kstarting value for m;

m=p;

ms=S*m; ps=ms;

pO=p;

***k*x*kiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskill>0.00000001);
i=i+1;

P=p0;
Gm=-C*diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
*Gm=C+diag(1/ms+1/(1-ms))*S; *log-logistic;

*kkkkkkkkkiteration over p;
verskil=1;
3=0;
do while (verskil>0.00000001);
J=j+1;

g=C*log(-log(1-ps)); *Weibull;
*g=C* (log(ps)-log(1-ps)); *Loglogistic;
Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
*Gp=C* (diag(1/ps)+diag(1/(1-ps)))*S; *loglogistic;
HAAAK AR KKK HAKKHKKCOVATIANCE MALTLIH KA AR AR KKK A KA A A KKK KKK KK KK
mil=m[1:k1]; m21i=m[ki+1:k1+k2];
m31=m[k1+k2+1:k1+k2+k3]; m41=m[k1+k2+k3+1:k1+k2+k3+k4];
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mi12=m[k+1:k+k1]; m22=m[k+k1+1:k+k1+k2];

m32=m [k+k1+k2+1 :k+k1+k2+k3] ; m42=m[k+k1+k2+k3+1:k+k1+k2+k3+k4] ;

m13=m[2#k+1:2#k+k1]; m23=m[2#k+k1+1:2#k+k1+k2];

n33=m[2#k+k1+k2+1: 2#k+k1+k2+k3] ; m43=m[2#k+k1+k2+k3+1: 2#k+k1+k2+k3+k4];

sigl1=(1/n11)*(diag(m11)-mi1*mi1°¢);
sig21=(1/n21)*(diag(m21)-m21*m21°) ;
sig31=(1/n31)*(diag(m31)-m31*m31°);
sig41=(1/n41)*(diag(mé1)-m41*mé1¢);
sigl=block(sigll,sig21,sig31,sigll);

sigl12=(1/n12)*(diag(m12)-m12+m12°);
si1g22=(1/n22)*(diag(m22)-m22*m22°) ;
sig32=(1/n32)* (diag(m32)-m32*m32°¢) ;
s5i1g42=(1/n42)* (diag(m42)-m42*m42°) ;
sig2=block(sigl2,sig22,sig32,sigd2);

sig13=(1/n13)*(diag(m13)-m13*m13¢);
51g23=(1/n23)* (diag(m23) -m23*m23°) ;
sig33=(1/n33)* (diag(m33)-m33*m33°) ;
sig43=(1/n43)*(diag(m43)-m43*md3°) ;
sig3=block(sig13,sig23,sig33,sig43);

sig=block(sigl,sig2,sig3);
V=sig;

3k ok ok o e ok ok 3 ok o ok ok ok oK o ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok Sk ok ko ok ok ok ok ok o ok ke o ok ok ok sk ok o ok ok ok ok ok ok ok ok ok ok k |

p=p-(Gm*V) ‘*ginv(Gp*V*Gm*) *g;
*p=p-(Gm*V) ‘*ginv (Gp*V*Gm*) *g;
verskil=sqrt ((p-p1) ‘*(p-p1));
end;
verskill=sqrt ((p-m) ‘*(p-m));
m=p;ms=S*m;
end;
print m; print i j;

*¥*kkk*kkk*xParameter vector for linear model;
par=inv(xc‘*xc)*xc ‘*log(-log(1-ms)) ;
*par=inv(xc‘*xc)*xc‘*(log(ms)-log(i-ms)); print par;

print par[format=E20.];

*xkxkkkkkkRegression coefficients;
oualphaBASELINE=par [1];
betaAl=par[2];

betaA2=par[3];

betaA3=-(par [2]+par[3]);
lambdaBASELINE=exp (par[1]);
lambdaAi=exp(par [1]+par[2]);
lambdaA2=exp (par [1]+par [3]);
lambdaA3=exp (par [1]+betaA3) ;
alpha=par[4§;

*xxkkkkk**kRisk scores, lambda’s and constant alpha for age levelskkkkskkkkksiokkkkkk;
riskscoreAl=exp(betaAl); *constant shape parameter;

riskscoreA2=exp(betaA2) ;
riskscoreA3=exp(betalA3);

lambdaA1l=lambdaBASELINE#riskscoreAl;
lambdaA2=lambdaBASELINE#riskscoreA2;
lambdaA3=1lambdaBASELINE#riskscoreA3;
oualphall=log(lambdaAl) ;
oualphaA2=log(lambdaA2) ;
oualphaA3=log(lambdaA3) ;

print ’ Weibull parameters, beta effects and risk scores for age levels Al A2 A3’;

print ’lambdaBASELINE=’ lambdaBASELINE[format=E20.]
’oualphaBASELINE=’ oualphaBASELINE

’lambda (age=A1)=’ lambdaAl[format=E20.]
’lambda(age=A2)=’ lambdaA2[format=E20.]

’lambda (age=A3)=’ lambdaA3[format=E20.]

*Weibull;
*loglogistic;

*Weibull;
*log-logistic;

’alpha=’ alpha[format=E20.] oualphaAl oualphaA2 oualphaA3
’beta(age=A1)=’ betaAl ’beta(age=A2)=’ betaA2 ’beta(age=A3)=’ betaA3

’riskscore(age=A1)=’ riskscoreAl[format=E20.] ’riskscore(age=A2)=’ riskscoreA2[format=E20.]

’riskscore(age=A3)=’ riskscoreA3[format=E20.];

skkkkkkkkkHazard ratio and Odds Tatdokskskkskskskskokskokokskokok sk skok ok skokskok ok skokok sk ok kokok Kook Kok kKoK 3

hazBASELINE12=1ambdaBASELINE*alpha*12** (alpha-1);
hazBASELINE24=1ambdaBASELINE*alpha*24+* (alpha-1);
survBASELINE12=exp (~1ambdaBASELINE*12**alpha) ;
survBASELINE24=exp (-1ambdaBASELINE*24**alpha) ;
oddsBASELINE12=(1-survBASELINE12)/survBASELINE12;
0ddsBASELINE24=(1-survBASELINE24) /survBASELINE24;

hazAGE_A1_12=lambdaAl*alpha*12** (alpha-1);
hazAGE_A1_24=]lambdaAl*alpha*24** (alpha-1);
survAGE_A1_12=exp(-lambdaAl*12**alpha) ;
survAGE_A1_24=exp (-lambdaA1*24**alpha) ;
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oddsAGE_A1_12=(1-survAGE_A1_12)/survAGE_A1_12;
oddsAGE_A1_24=(1-survAGE_A1_24)/survAGE_A1_24;

hazratioAGE_A1_12=hazAGE_A1_12/hazBASELINE12;
hazratioAGE_A1_24=hazAGE_A1_24/hazBASELINE24;
oddsratioAGE_A1_12=oddsAGE_A1_12/0ddsBASELINE12;
oddsratioAGE_A1_24=0ddsAGE_A1_24/0ddsBASELINE24;

print hazBASELINE12 hazBASELINE24 survBASELINE12 survBASELINE24
oddsBASELINE12 oddsBASELINE24;

print hazAGE_A1_12 hazAGE_A1_24;

print survAGE_A1_12 survAGE_A1_24;

print oddsAGE_A1_12 oddsAGE_A1_24;

print hazratioAGE_A1_12 hazratioAGE_A1_24 oddsratioAGE_A1_12 oddsratioAGE_A1_24;
KKk K oK o K o K K oK K oK K KoK K o R oK K oK o K K ok K oK K o KK oK KK o KoK K o o KK o K oK K ok oK o oK ok ok oK o oK K KoK K oK K o KK KK K
hazAGE_A2_12=lambdaA2*alpha*12%* (alpha-1) ;
hazAGE_A2_24=lambdaA2+*alpha*24#** (alpha-1);

survAGE_A2_12=exp (-lambdaA2*12**alpha) ;

survAGE_A2_24=exp (-lambdaA2*24**alpha) ;
oddsAGE_A2_12=(1-survAGE_A2_12)/survAGE_A2_12;
oddsAGE_A2_24=(1~survAGE_A2_24)/survAGE_A2_24;

hazratioAGE_A2_12=hazAGE_A2_12/hazBASELINE12;
hazratioAGE_A2_24=hazAGE_A2_24/hazBASELINE24;
oddsratioAGE_A2_12=0ddsAGE_A2_12/0ddsBASELINE12;
oddsratioAGE_A2_24=0ddsAGE_A2_24/0ddsBASELINE24;

print hazAGE_A2_12 hazAGE_A2_24;

print survAGE_A2_12 survAGE_A2_24;

print oddsAGE_A2_12 oddsAGE_A2_24;

print hazratioAGE_A2_12 hazratioAGE_A2_24 oddsratioAGE_A2_12 oddsratioAGE_A2_24;
ko oo o o o oK R oK o oK o o K o o o s ok o o ok s o s o sk o o e ok o ok ks ks ko ok sk ko o o ks ok s ok sk ko o s ke e ks o o ko ok o ok ok ok ook o
hazAGE_A3_12=1lambdaA3*alpha*12+* (alpha-1);
hazAGE_A3_24=lambdaA3*alpha*24** (alpha-1) ;
survAGE_A3_12=exp(-lambdaA3*12**alpha) ;

survAGE_A3_24=exp (-lambdaA3*24**alpha) ;
oddsAGE_A3_12=(1-survAGE_A3_12)/survAGE_A3_12;
0ddsAGE_A3_24=(1-survAGE_A3_24)/survAGE_A3_24;

hazratioAGE_A3_12=hazAGE_A3_12/hazBASELINE12;
hazratioAGE_A3_24=hazAGE_A3_24/hazBASELINE24;
oddsratioAGE_A3_12=0oddsAGE_A3_12/0ddsBASELINE12;
oddsratioAGE_A3_24=0ddsAGE_A3_24/0ddsBASELINE24;

print hazAGE_A3_12 hazAGE_A3_24;

print survAGE_A3_12 survAGE_A3_24;

print oddsAGE_A3_12 oddsAGE_A3_24;

print hazratioAGE_A3_12 hazratioAGE_A3_24 oddsratioAGE_A3_12 oddsratioAGE_A3_24;

sokkokkokkokkkMedian Lifetime stkokskskoksk sk ok skosk ook sk sk ok ok ok sk ok ke k ok ke ok sk ok ok sk ok k sk ok ok ok ok e ok ok ks ok ok ok o ok ok ok sk ok kK 5k 5
medianBASELINE=((1/lambdaBASELINE)#1log(2))##(1/alpha);
medianA1=((1/lambdaAl)#log(2))##(1/alpha);
medianA2=((1/lambdaA2)#log(2))##(1/alpha);
medianA3=((1/lambdaA3)#log(2))##(1/alpha);

perc5BASELINE=((1/1lambdaBASELINE)#1log(100/ (100~ 5)))##(1/alpha);
perc10BASELINE=((1/1lambdaBASELINE)#1log(100/(100-10)))##(1/alpha);
perc20BASELINE=((1/1lambdaBASELINE)#1og(100/(100-20)))##(1/alpha);
perc25BASELINE=((1/1lambdaBASELINE)#1og(100/(100-25)))##(1/alpha);
perc30BASELINE=((1/lambdaBASELINE)#1og(100/(100-30)))##(1/alpha);
perc40BASELINE=((1/1lambdaBASELINE)#10g(100/(100-40)))##(1/alpha);
perc50BASELINE=((1/1ambdaBASELINE)#1og(100/(100-50)))##(1/alpha);
perc60BASELINE=((1/lambdaBASELINE)#1og(100/(100-60)))##(1/alpha);
perc70BASELINE=((1/1ambdaBASELINE)#1og(100/(100-70)))##(1/alpha);
perc75BASELINE=((1/1ambdaBASELINE)#1log(100/(100-75)))##(1/alpha);
perc80BASELINE=((1/1lambdaBASELINE)#1og(100/(100-80)))##(1/alpha);
perc90BASELINE=((1/lambdaBASELINE)#1og(100/(100-90)))##(1/alpha);
perc95BASELINE=((1/1ambdaBASELINE)#1log(100/(100-95))) ##(1/alpha);

perc5A1=((1/lambdaA1)#1og(100/ (100~ 5)))##(1/alpha);
perc10A1=((1/lambdaA1)#1log(100/(100-10)))##(1/alpha) ;
perc20A1=((1/lambdaA1)#1log(100/(100-20)))##(1/alpha);
perc25A1=((1/1lambdaA1)#1log(100/(100-25)))##(1/alpha);
perc30A1=((1/lambdaA1)#1og(100/(100-30)))##(1/alpha);
perc40A1=((1/lambdaA1l)#log(100/(100-40)))##(1/alpha);
perc50A1=((1/1lambdaAl)#log(100/(100-50)))##(1/alpha);
perc60A1=((1/lambdaA1)#1og(100/(100-60)))##(1/alpha);
perc70A1=((1/lambdaA1)#1og(100/(100-70)))##(1/alpha);
perc75A1=((1/lambdaA1)#1og(100/(100-75)))##(1/alpha) ;
perc80A1=((1/lambdaA1)#log(100/(100-80)))##(1/alpha) ;
perc90A1=((1/1lambdaA1l)#1log(100/(100-90)))##(1/alpha);
perc95A1=((1/1lambdaAl)#1og(100/(100-95)))##(1/alpha) ;

perc5A2=((1/lambdaA2)#log(100/(100- 5)))##(1/alpha);
perc10A2=((1/1lambdaA2)#1og(100/(100-10)))##(1/alpha) ;
perc20A2=((1/lambdaA2)#log(100/(100-20)))##(1/alpha);
perc25A2=((1/1lambdaA2)#1og(100/(100-25)))##(1/alpha) ;
perc30A2=((1/lambdaA2)#1og(100/(100-30)))##(1/alpha) ;
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perc40A2=((1/lambdaA2)#10g(100/(100-40)))##(1/alpha);
perc50A2=((1/lambdaA2)#1og(100/(100-50)))##(1/alpha);
perc60A2=((1/lambdaA2)#1log(100/(100-60)))##(1/alpha);
perc70A2=((1/lambdaA2)#1log(100/(100-70)))##(1/alpha);
perc75A2=((1/lambdaA2)#log(100/(100-75)))##(1/alpha);
perc80A2=((1/lambdaA2)#1log(100/(100-80)))##(1/alpha);
perc90A2=((1/lambdaA2)#1og(100/(100-90)))##(1/alpha) ;
perc95A2=((1/lambdaA2)#1og(100/(100-95)))##(1/alpha);

perc5A3=((1/lambdaA3)#1log(100/(100- 5)))##(1/alpha);
perc10A3=((1/lambdaA3)#1log(100/(100-10)))##(1/alpha);
perc20A3=((1/lambdaA3)#1log(100/(100-20)))##(1/alpha);
perc25A3=((1/lambdaA3)#10g(100/(100-25)))##(1/alpha);
perc30A3=((1/lambdaA3)#log(100/(100-30)))##(1/alpha);
perc40A3=((1/lambdaA3)#1log(100/(100-40)))##(1/alpha) ;
perc50A3=((1/lambdaA3)#1log(100/(100-50)))##(1/alpha);
perc60A3=((1/lambdaA3)#log(100/(100-60)))##(1/alpha);
perc70A3=((1/lambdaA3)#log(100/(100-70)))##(1/alpha);
perc75A3=((1/lambdaA3)#log(100/(100-75)))##(1/alpha);
perc80A3=((1/1ambdaA3)#1og(100/(100-80)))##(1/alpha);
perc90A3=((1/lambdaA3)#1og(100/(100-90)))##(1/alpha);
perc95A3=((1/lambdaA3)#1og(100/(100-95)))##(1/alpha);

print perc5BASELINE perc1OBASELINE perc20BASELINE perc25BASELINE perc30BASELINE;
print perc40BASELINE perc50BASELINE perc60BASELINE perc70BASELINE;
print perc75BASELINE perc80BASELINE perc9OBASELINE perc95BASELINE;

print perc5Al perc10Al perc20Al perc25A1 perc30Al;
print perc40Al perc50A1 perc60Al perc70Al;
print perc75A1 perc80A1 perc90Al perc95A1;

print perc5A2 percl0A2 perc20A2 perc25A2 perc30A2;
print perc40A2 perc50A2 perc60A2 perc70A2;
print perc75A2 perc80A2 perc90A2 perc95A2;

print perc5A3 perc10A3 perc20A3 perc25A3 perc30A3;
print perc40A3 perc50A3 perc60A3 perc70A3;
print perc75A3 perc80A3 perc90A3 perc95A3;

print ’medianlifetimeBASELINE=’ medianBASELINE;

print ’medianlifetime(age=A1)=’ medianAl
’medianlifetime (age=A2)=’ medianA2
‘medianlifetime (age=A3)=’ medianA3;

4. Program for fitting a Weibull regression model (shape alters, one covariate)

titlel ’Fitting of regression model with one covariate’;
title2 ’Staggered entry: shape parameter alters’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

***xk*kk*x*k*Frequency vector (first entry,3 agegroups);
f11={29,59,95,73,108,15,642%;
£12={21,50,91,45,75,13,553};
£13={16,49,68,39, 67, 7,471};

**kkckxkkk*kVector of upper boundaries;
x1={12,17,24,28,34,37};

*#xxxxxkx*x*Frequency vector (second entry,3 agegroups);
£21={41,75,103,92,83,628};
£22={49,62,61,66,54,753};
£23={28,29,65,42,35,543};

*xkkkxk*kkxVector of upper boundaries;
x2={12,17,24,28,34};

*®kkkkkk*kkFrequency vector (third entry,3 agegroups) ;
£31={68,34,99,57,570};
£32={40,44,83,33,533};
£33={46,21,60,27,571};

*kkkkkkkkxVector of upper boundaries;
x3={12,17,24,28};

**xx*kkxxx%Frequency vector (fourth entry,3 agegroups);
£41={71,60,69,573};
£42={54,61,68,616};
£43={50,45,70,659};

*xkkkiokkkkVector of upper boundaries;
x4={12,17,24};

*xxkkkk*kk*xRelative frequency vectors;

ni1=£f11[+]; n21=f21?+]; n31=£f31[+]; nd1=£41[+]; ni=ni1+n21+n31+n4i;
n12=£f12[+]; n22=£22[+]; n32=£32[+]; n42=£42[+]; n2=n12+n22+n32+n42;
n13=£f13[+]; n23=£f23[+]; n33=f33[+]; n43=£43[+]; n3=n13+n23+n33+n43;
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n=ni+n2+n3;
ki=nrow(f11); di=ki-1;
k2=nrow(£f21); d2=k2-1;
k3=nrow(£f31); d3=k3-1;
kd4=nrow (£f41); d4=k4-1;
k=k1+k2+k3+k4;
d=d1+d2+d3+d4;

pli=f11/nii; p21=£21/n21; p31=£31/n31; p41=£41/n41; pl=p11//p21//p31//p41;

pl2=£12/n12; p22=£22/n22; p32=£32/n32; p42=£42/n42; p2=p12//p22//p32//p42;

p13=£13/n13; p23=£23/n23; p33=£33/n33; p43=£43/n43; p3=p13//p23//p33//p43;
p=p1//p2//p3;

*¥kkkkkkk*kDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)Qcusum(J(1,k1,1));
S2=J(1,k1,1)Q@cusum(J(d1,1,1));
S1=S1<=S2;

S2=81[1:d2,1:d1];
S3=S1[1:d43,1:d42];
S4=51[1:d4,1:d3];
S=block(S1,S2,83,54);
S=I(3)@s;

AA=J(54,1,1); *54=3 times((7-1)+(6-1)+(5-1)+(4~-1))=3 times 18=54;
BB=J(3,1,1);

cC=(1(2)//3(1,2,-1));

DD=J(18,1,1); *d=18;

EE=J(9,1,1);

1x=log(x1)//log(x2)//1log(x3)//log(x4);
xc=AA| | (CC@DD) | II(3)@1lx; print xc;
C=I(3#d)-xc*inv(xc ‘*xc)*xc‘;

#*****x+** ITERATIVE PROCEDURE (double iterations over m and p);
**xxxstarting value for m;

m=p;

ms=S*m; ps=ms;

pO=p;

*xx*x*iteration over m;

itr=0;

verskili=1;

i=0;

do while (verskil1>0.00000001);

izit+l;

p=p0; .
Gm=-C*diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
*Gm=C*diag(1/ms+1/(1-ms))*S; *log-logistic;

*kskkkkkkkxiteration over p;
verskil=1;
j=0;
do while (verskil>0.00000001);
§=3+1;
pl=p;
ps=S*p;
g=C*log(-log(1-ps)); *Weibull;
*g=C* (log(ps)-log(1-ps)); *Loglogistic;
Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
*Gp=C* (diag(1/ps)+diag(1/(1-ps)))*S; xloglogistic;
skskkokkokokkokokkkkkkkkcovariance matrix R A KA KK KKK
mil=m[1:k1]; m21=m[ki1+1:k1+k2];
m31=m[k1+k2+1:k1+k2+k3]; m41=m[k1+k2+k3+1:k1+k2+k3+k4];

mi12=m[k+1:k+k1]; m22=m[k+ki+1:k+k1+k2];
m32=m [k+k1+k2+1 :k+k1+k2+k3]; m42=m[k+k1+k2+k3+1:k+k1+k2+k3+k4];

mi13=m[2#k+1:2#k+k1]; m23=m[2#k+k1+1:2#k+k1+k2];
m33=m [2#k+k1+k2+1: 2#k+k1+k2+k3] ; md3=m[2#k+k1+k2+k3+1:2#k+k1+k2+k3+k4];

sigli=(1/n11)*(diag(ml1)-m11*mil1);
sig21=(1/n21)*(diag(m21)-m21*m21°);
sig31=(1/n31)*(diag(m31)-m31*m31°);
sig41=(1/n41)*(diag(m41)-mé1*md1‘);
sigl=block(sigll,sig21,sig31,sigél);

sigl12=(1/n12)*(diag(m12)-m12+m12);
5ig22=(1/n22)* (diag(m22) -m22%m22°) ;
5ig32=(1/n32)*(diag(m32) -m32+m32°) ;
sig42=(1/n42)*(diag(m42)-m42+md2°) ;
sig2=block(sigl2,sig22,sig32,sig42);

sig13=(1/n13)*(diag(m13)-m13*m13);
s1g23=(1/n23)*(diag(m23)-m23+m23°) ;
5ig33=(1/n33)*(diag(m33)-m33*m33°) ;
sig43=(1/n43)*(diag(m43)-m43+m43°) ;
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sig3=block(sigl3,sig23,sig33,sigd3);

sig=block(sigl,sig2,sig3);

V=sig;
****5;***************************************************************;
p=p- (Gm*V) ‘*ginv (Gp*V*Gm*) *g; *Weibull;
* p=p-(Gm*V) “*ginv (Gp*V*Gm*) *g; *xloglogistic;
verskil=sqrt ((p-pl) ‘*(p-p1));
end;

verskill=sqrt((p-m) ‘*(p-m));
m=p;ms=S*m;

end;

print m; print i j;

*xxkk*k*kx*kParameter vector for linear model;
par=inv(xc ‘*xc)*xc‘*log(-log(1-ms)); *Weibull;
*par=inv(xc‘*xc)*xc‘*(log(ms)-log(l-ms)); print par; *log-logistic;

print par[format=E20.];

*kkkokkkkkkRegression coefficients;
oualphaBASELINE=par[1];
lambdaBASELINE=exp (par[1]);
betaAl=par [2];

betaA2=par [3];

betaA3=-(par [2]+par[3]);
1ambdaA1=exp(par%1]+par[2]);
lambdaA2=exp (par [1]+par [3]);
lambdaA3=exp (par[1]+betaA3);
alphaA1=par%4T;

alphaA2=par[5] ;

alphaA3=par[6] ;
alphaBASELINE=(nl#alphaAl+n2#alphaA2+n3#alphaA3)/n;

skkokkkkkkkxk]ambda’s and alpha’s for age Levelsskskokokskskokskskkk kokkkkkk ;
lambdaA1=1ambdaBASELINE#exp (par [2]);
lambdaA2=1ambdaBASELINE#exp (par [3]) ;
lambdaA3=1ambdaBASELINE#exp (betaA3) ;

oualphaAi=log(lambdaAl);

oualphaA2=1og(lambdaA2) ;

oualphaA3=log(lambdaA3) ;

print ’ Weibull parameters, beta effects for age levels Al A2 A3’;
print ’lambdaBASELINE=’ lambdaBASELINE[format=E20.]
’oualphaBASELINE=’ oualphaBASELINE alphaBASELINE;
print ’lambda(age=A1)=’ lambdaAl[format=E20.]
’lambda(age=A2)=’ lambdaA2[format=E20.]
’lambda(age=A3)=’ lambdaA3[format=E20.];
print oualphaAl oualphaA2 oualphaA3;
print ’alpha(age=A1)=’ alphaAl[format=E20.]
’alpha(age=A2)=’ alphaA2[format=E20.]
’alpha(age=A3)=’ alphaA3[format=E20.];

print ’beta(age=A1)=’ betaAl ’beta(age=A2)=’ betaA2 ’beta(age=A3)=’ betaA3;

skkokkkokkkkHazard ratio and OAds ratdoskskskskskoskskokskskokskkokskokkok sk kskok ok skok sk ok skok ko okok ook ok Kok ok ¥ 3
hazBASELINE12=1ambdaBASELINE*alphaBASELINE*12* (alphaBASELINE-1);
hazBASELINE24=1ambdaBASELINE*alphaBASELINE*24+* (alphaBASELINE-1) ;
survBASELINE12=exp (-1ambdaBASELINE*12**alphaBASELINE) ;

survBASELINE24=exp (-1lambdaBASELINE*24**alphaBASELINE) ;
0ddsBASELINE12=(1-survBASELINE12)/survBASELINE12;
0ddsBASELINE24=(1-survBASELINE24) /survBASELINE24;

hazAGE_A1_12=lambdaAl*alphaAl*12+%*(alphaAl-1);
hazAGE_A1_24=lambdaAl*alphaA1%24#*(alphaAl-1);
survAGE_A1_12=exp(-lambdaAl*12**alphaAl);
survAGE_A1_24=exp (-lambdaA1*24**alphaAl);
0ddsAGE_A1_12=(1-survAGE_A1_12)/survAGE_A1_12;
oddsAGE_A1_24=(1-survAGE_A1_24)/survAGE_A1_24;

hazratioAGE_A1_12=hazAGE_A1_12/hazBASELINE12;
hazratioAGE_A1_24=hazAGE_A1_24/hazBASELINE24;
oddsratioAGE_A1_12=o0ddsAGE_A1_12/0ddsBASELINE12;
oddsratioAGE_A1_24=oddsAGE_A1_24/0ddsBASELINE24;

print hazBASELINE12 hazBASELINE24 survBASELINE12 survBASELINE24
oddsBASELINE12 oddsBASELINE24;

print hazAGE_A1_12 hazAGE_A1_24;

print survAGE_A1_12 survAGE_A1_24;

print oddsAGE_A1_12 oddsAGE_A1_24;

print hazratioAGE_A1_12 hazratioAGE_A1_24 oddsratioAGE_A1_12 oddsratioAGE_A1_24;
KK ok o KK K o K KK oK KK K oK K o KK o K K oK K K o KK oK K o oo K K o K K o K oK KK o KK oK oK oK K o K oK ok K o K oK ok KK ok K o KK KoK K
hazAGE_A2_12=lambdaA2*alphaA2+12x* (alphaA2-1) ;
hazAGE_A2_24=lambdaA2*alphaA2+24** (alphaA2-1) ;
survAGE_A2_12=exp(-lambdaA2*12**alphad2) ;

survAGE_A2_24=exp (-lambdaA2*24**alphaA2) ;
oddsAGE_A2_12=(1-survAGE_A2_12)/survAGE_A2_12;
0ddsAGE_A2_24=(1-survAGE_A2_24)/survAGE_A2_24;
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hazratioAGE_A2_12=hazAGE_A2_12/hazBASELINE12;
hazratioAGE_A2_24=hazAGE_A2_24/hazBASELINE24;
oddsratioAGE_A2_12=oddsAGE_A2_12/0ddsBASELINE12;
oddsratioAGE_A2_24=0ddsAGE_A2_24/0ddsBASELINE24;

print hazAGE_A2_12 hazAGE_A2_24;

print survAGE_A2_12 survAGE_A2_24;

print oddsAGE_A2_12 oddsAGE_A2_24;

print hazratioAGE_A2_12 hazratioAGE_A2_24 oddsratioAGE_A2_12 oddsratioAGE_A2_24;
Kok o ok o K K K o ko o K o K ok oKk ok oK o ok ook o sk ok ok ok o ko K ok ok R ok K ok o ok o koK ok o K o K ok K ko o ok ok sk ok ook oK o K oK K
hazAGE_A3_12=lambdaA3*alphaA3+*12**(alphaA3-1);
hazAGE_A3_24=1lambdaA3*alphaA3*24**(alphaA3-1);
survAGE_A3_12=exp(-lambdaA3*12**alphaA3) ;

survAGE_A3_24=exp (-lambdaA3*24**alphaA3) ;
0ddsAGE_A3_12=(1-survAGE_A3_12)/survAGE_A3_12;
oddsAGE_A3_24=(1-survAGE_A3_24)/survAGE_A3_24;

hazratioAGE_A3_12=hazAGE_A3_12/hazBASELINE12;
hazratioAGE_A3_24=hazAGE_A3_24/hazBASELINE24;
oddsratioAGE_A3_12=0ddsAGE_A3_12/0ddsBASELINE12;
oddsratioAGE_A3_24=oddsAGE_A3_24/0ddsBASELINE24;

print hazAGE_A3_12 hazAGE_A3_24;

print survAGE_A3_12 survAGE_A3_24;

print oddsAGE_A3_12 oddsAGE_A3_24;

print hazratioAGE_A3_12 hazratioAGE_A3_24 oddsratioAGE_A3_12 oddsratioAGE_A3_24;

soksksorkokkkMedian Lifet ime sokskskskskok sokokok ok sk sk sk kokok oo okokok ok ook ook ook ok ook ok sk ok ok ok ok
medianBASELINE=((1/lambdaBASELINE)#log(2))##(1/alphaBASELINE) ;
medianA1=((1/lambdaAl)#log(2))##(1/alphaAl);
medianA2=((1/lambdaA2)#log(2))##(1/alphaA2);
medianA3=((1/lambdaA3)#log(2))##(1/alphaA3);

perc5BASELINE=( (1/1ambdaBASELINE)#1og(100/ (100~ 5)))##(1/alphaBASELINE) ;
perc10BASELINE=((1/1lambdaBASELINE)#1og(100/(100-10)))##(1/alphaBASELINE) ;
perc20BASELINE=( (1/1ambdaBASELINE)#1og(100/(100~20)))##(1/alphaBASELINE) ;
perc25BASELINE= ( (1/1ambdaBASELINE) #1og (100/ (100-25) ) ) ## (1/alphaBASELINE) ;
perc30BASELINE=( (1/1ambdaBASELINE)#1og(100/(100-30)))##(1/alphaBASELINE) ;
perc40BASELINE=( (1/1ambdaBASELINE)#1og(100/(100-40)))##(1/alphaBASELINE) ;
perc50BASELINE= ( (1/1ambdaBASELINE)#1og (100/ (100-50) ) ) ##(1/alphaBASELINE) ;
perc60BASELINE= ( (1/1ambdaBASELINE)#1og(100/(100-60) ) )##(1/alphaBASELINE) ;
perc70BASELINE=( (1/1ambdaBASELINE)#1og(100/(100-70)))##(1/alphaBASELINE) ;
perc75BASELINE= ( (1/1ambdaBASELINE)#1og(100/(100-75)) ) ##(1/alphaBASELINE) ;
perc80BASELINE=( (1/1ambdaBASELINE)#1og(100/(100-80)) ) ##(1/alphaBASELINE) ;
percOOBASELINE=( (1/1lambdaBASELINE)#1og(100/(100-90)) ) ##(1/alphaBASELINE) ;
perc95BASELINE= ( (1/1ambdaBASELINE) #1og(100/(100-95)) ) ##(1/alphaBASELINE) ;

perc5A1=((1/lambdaAl)#1log(100/(100- 5)))##(1/alphaAl);
perc10A1=((1/lambdaAl)#1log(100/(100-10)))##(1/alphaAl);
perc20A1=((1/lambdaAl)#1log(100/(100-20)))##(1/alphail);
perc25A1=((1/lambdaAl)#log(100/(100-25)))##(1/alphaAl);
perc30A1=((1/lambdaAl)#1og(100/(100-30)))##(1/alphahl);
perc40A1=((1/lambdaAl)#1log(100/(100-40)))##(1/alphaAl);
perc50A1=((1/lambdaAl)#log(100/(100-50)))##(1/alphaAl);
perc60A1=((1/lambdaAl)#1og(100/(100-60)))##(1/alphaAl);
perc70A1=((1/lambdaAl)#1log(100/(100-70)))##(1/alphahl);
perc75A1=((1/lambdaAl)#1og(100/(100-75)))##(1/alphaAl);
perc80A1=((1/lambdaAl)#1log(100/(100-80)))##(1/alphahl);
perc90A1=((1/lambdaAl)#1log(100/(100-90)))##(1/alphahl);
perc95A1=((1/lambdaAl)#1og(100/(100-95)))##(1/alphaAl);

perc5A2=((1/lambdaA2)#1log(100/ (100~ 5)))##(1/alphaA2);
perc10A2=((1/lambdaA2)#1og(100/(100-10)))##(1/alphaA2);
perc20A2=((1/lambdaA2)#1og(100/(100-20)))##(1/alphaA2);
perc25A2=((1/lambdaA2)#1og(100/(100~-25)))##(1/alphaA?2);
perc30A2=((1/lambdaA2)#1log(100/(100-30)))##(1/alphaA2) ;
perc40A2=((1/lambdaA2)#log(100/(100-40)))##(1/alphaA2);
perc50A2=((1/lambdaA2)#1og(100/(100-50) ))##(1/alphaA2);
perc60A2=((1/lambdaA2)#1og(100/(100-60) ) )##(1/alphaA2);
perc70A2=((1/lambdaA2)#1og(100/(100-70)))##(1/alphaA2);
perc75A2=((1/lambdaA2)#1og(100/(100-75)))##(1/alphal2);
perc80A2=((1/lambdaA2)#1log(100/(100-80)))##(1/alphaA2);
perc90A2=((1/lambdaA2)#1og(100/(100-90)))##(1/alphaA?2);
perc95A2=((1/1lambdaA2)#1og(100/(100-95)))##(1/alphaA2);

percb5A3=((1/lambdaA3)#log(100/ (100~ 5)))##(1/alphaA3);
perc10A3=((1/lambdaA3)#1log(100/(100-10)))##(1/alphaA3);
perc20A3=((1/lambdaA3)#1og(100/(100-20)))##(1/alphaA3);
perc25A3=((1/lambdaA3)#1log(100/(100-25) ) )##(1/alphaA3) ;
perc30A3=((1/lambdaA3)#1log(100/(100-30)))##(1/alphaA3);
perc40A3=((1/lambdaA3)#1og(100/(100-40)))##(1/alphaA3);
perc50A3=((1/lambdaA3)#1log(100/(100-50)))##(1/alphaA3);
perc60A3=((1/lambdaA3)#log(100/(100-60)))##(1/alphaA3);
perc70A3=((1/lambdaA3)#log(100/(100-70)))##(1/alphaA3);
perc75A3=((1/lambdaA3)#log(100/(100~75)))##(1/alphaA3);
perc80A3=((1/lambdaA3)#1log(100/(100-80)))##(1/alphaA3);
perc90A3=((1/lambdaA3)#10g(100/(100-90)))##(1/alphaA3);
perc95A3=((1/lambdaA3)#1og(100/(100-95))) ##(1/alphaA3);
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print perc5BASELINE perc1OBASELINE perc20BASELINE perc25BASELINE perc30BASELINE;
print perc40BASELINE percS50BASELINE perc60BASELINE perc70BASELINE;
print perc75BASELINE perc80BASELINE perc9OBASELINE perc95BASELINE;

print perc5Al1 percl0Al perc20Al perc25A1 perc30A1;
print perc40Al perc50A1 perc60Al perc70Al;
print perc75A1 perc80A1 perc90Al perc95A1;

print perc5A2 percl0A2 perc20A2 perc25A2 perc30A2;
print perc40A2 percb50A2 perc60A2 perc70A2;
print perc75A2 perc80A2 perc90A2 perc95A2;

print perc5A3 percl0A3 perc20A3 perc25A3 perc30A3;
print perc40A3 percb50A3 perc60A3 perc70A3;
print perc75A3 perc80A3 perc90A3 perc95A3;

print ’medianlifetimeBASELINE=’ medianBASELINE;

print ’medianlifetime (age=A1)=’ medianA1l
‘medianlifetime (age=A2)=’ medianA2
‘medianlifetime (age=A3)=’ medianA3;

5. Program for fitting a log-logistic/Weibull regression model with a continuous
predictor

titlel ’Fitting of regression model with one ordinal predictor’;
title2 ’Staggered entry: constant shape parameter’;

proc iml worksize= 60;
reset nolog;
options pagesize=500;

***kx*kx*x***Frequency vector (first entry,3 agegroups);
£11={29,59,95,73,108,15,642};
£12={21,50,91,45,75,13,553};
£13={16,49,68,39, 67, 7,471};

*kxkxkkkk*xVector of upper boundaries;
x1={12,17,24,28,34,37};

s*xxx*kxx*k**Frequency vector (second entry,3 agegroups);
£21={41,75,103,92,83,628};
£22={49,62,61,66,54,753};
£23={28,29,65,42,35,543};

*kckkkkkkkkVector of upper boundaries;
x2={12,17,24,28,34};

**xkkk*kk*k*Frequency vector (third entry,3 agegroups);
£31={68,34,99,57,570};
£32={40,44,83,33,533};
£33={46,21,60,27,571};

ssckxkckkkkkVector of upper boundaries;
x3={12,17,24,28};

**xxkxx*k*k*Frequency vector (fourth entry,3 agegroups);
£41={71,60,69,573};
£42={54,61,68,616};
£43={560,45,70,659};

*xkxkckkkkkVector of upper boundaries;
x4={12,17,24};

*kkxkkkkkkRelative fre?uency vectors;

nii=£11[+]; n21=£21[+]; n31=£31[+]; n4i=£41[+]; ni=n11+n21+n31+n4il;

ni12=£12[+]; n22=£f22[+]; n32=£32[+]; n42=£42[+]; n2=n12+n22+n32+n42;

ni13=£13[+]; n23=£23[+]; n33=£33[+]; n43=£43[+]; n3=n13+n23+n33+n43;
n=nl1+n2+n3;

ki=nrow(f11); di=ki-1;
k2=nrow(£21); d2=k2-1;
k3=nrow(£31); d3=k3-1;
kd4=nrow(£f41); d4=k4-1;
k=k1+k2+k3+k4;
d=d1+d2+d3+d4;

pii=£f11/ni11; p21=£21/n21; p31=£31/n31; p41=£41/n4d1; pl=p11//p21//p31//p41;

pl2=£12/n12; p22=£22/n22; p32=£32/n32; p42=£42/n42; p2=p12//p22//p32//p42;

p13=£13/n13; p23=£23/n23; p33=£33/n33; p43=£43/n43; p3=p13//p23//p33//p43;
p=p1//p2//p3;

*xkkkkkkk*kDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)@cusum(J(1,k1,1));
S2=J(1,k1,1)@cusum(J(d1,1,1));
S1=S1<=S2;

S2=81[1:d2,1:d1];
S$3=81[1:d43,1:d2];
S4=51[1:d4,1:d3];
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S=block(S1,52,53,54);

S=I(3)eS;

AA=J(54,1,1); *54=3 times((7-1)+(6-1)+(5-1)+(4~-1))=3 times 18=54;
BB=J(3,1,1);

DD=J(18,1,1); *d=18;

1x=log(x1)//log(x2)//1log(x3)//1log(x4);

z={1,2,3};
*2={26,39.5,52}; *midpoints of age intervals;

xc=(AA| |BB@1x| | (z@DD)); print xc;
C=I(3#d)-xc*inv(xc‘*xc)*xc‘;

s*xxx*** %k [TERATIVE PROCEDURE (double iterations over m and p);
**x*x**kstarting value for m;

m=p;

ms=S*m; ps=ms;

PO=p;

*****xiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskil1>0.00000001);

i=i+l;

p=p0; .
*Gm=-C+diag(1/(log(1-ms)))*diag(1/(1-ms))*S; *Weibull;
Gm=C*diag(1/ms+1/(1-ms))*S; *log-logistic;

*xkckkkkkkkiteration over p;
verskil=1;

i=0;
éo while (verskil>0.00000001);

3=3+1;

pi=p;

ps=S*p;

*g=C*log(-log(1-ps)); *Weibull;
g=Cx(log(ps)-log(1-ps)); *log-logistic;
*Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S; *Weibull;
Gp=C*(diag(1/ps)+diag(1/(1-ps)))*S; *log-logistic;

sk ok kR Kok kR kokokokokk K COVATIANCE At L3k sk ok ok ok sk ok sk ok ok e o e o ok ke ok ok ok kK sk ok ok ok ok ok K Kok ok o
mil=m([1:k1]; m21=m[ki+1:k1+k2];
m31=m[k1+k2+1:k1+k2+k3]; mdl=m[k1+k2+k3+1:k1+k2+k3+k4];

m12=m[k+1:k+k1]; m22=m[k+k1+1:k+ki1+k2];
m32=m [k+k1+k2+1:k+k1+k2+k3] ; md42=m[k+k1+k2+k3+1:k+k1+k2+k3+k4];

m13=m[2#k+1:2#k+k1] ; m23=m[2#k+k1+1:2#k+k1+k2];
m33=m [2#k+k1+k2+1 : 2#k+k1+k2+k3] ; m43=m[2#k+k1+k2+k3+1:2#k+k1+k2+k3+k4];

sigl1=(1/n11)*(diag(m11)-mi1+mi1‘);
sig21=(1/n21)*(diag(m21)-m21*m21°);
sig31=(1/n31)*(diag(m31)-m31*m31°);
sig41=(1/n41)*(diag(mé1) -m41*md1°);
sigl=block(sigll,sig21,sig31,sigél);

sig12=(1/n12)*(diag(m12)-m12*m12°);
51g22=(1/n22)* (diag(m22) -m22*m22°) ;
sig32=(1/n32)* (diag(m32) -m32+m32°) ;
sigd2=(1/n42)* (diag(mé42) -m42+m42°) ;
sig2=block(sigl2,sig22,sig32,sig42);

sig13=(1/n13)*(diag(m13)-m13*mi3¢);
5ig23=(1/n23)*(diag(m23) -m23*m23°) ;
5ig33=(1/n33)* (diag(m33)-m33*m33°) ;
sig43=(1/n43)*(diag(m43)-m43*mé43°) ;
sig3=block(sigl3,sig23,sig33,sig43);

sig=block(sigl,sig2,sig3);

V=sig;
****5;***************************************************************;
*p=p-(Gm*V) ‘*xginv (Gp*V*Gm* ) *g; *Weibull;
p=p-(Gm*V) ‘*ginv(Gp*V*Gm‘)*g; *log-logistic;

verskil=sqrt ((p-pl) ‘*(p-p1));
end;

verskill=sqrt ((p-m) ‘*(p-m));

m=p;ms=S*m;

end;

print m; print i j;

**kkkkkk*k*Parameter vector for linear model;

*par=inv(xc ‘*xc)*xc‘*log(-log(1l-ms)); *Weibull;
par=inv(xc‘*xc)*xc‘*(log(ms)-log(1-ms)); print par; *log-logistic;

print par[format=E20.];
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**xxkkkkkkRegression coefficients;
oualphaBASELINE=par [1];
lambdaBASELINE=exp (par [1]);

alpha=par[2];

beta=par[3]; *AGE ordinal;

print ’ Loglogistic parameters and beta effect for age ’;
*print ’ Weibull parameters and beta effect for age ’;

print ’lambdaBASELINE=’ lambdaBASELINE[format=E20.]
’oualphaBASELINE=’ oualphaBASELINE alpha;
print ’alpha=’ alpha[format=E20.];
print ’beta=’ beta[format=E20.];

kkkkkkkkk*x]ambda for each agegroup (z=1,2,3)**********************;

lambdaAGE1=exp (par [1]+(par [3]*1));
lambdaAGE2=exp (par [1]+(par [3]*2));
lambdaAGE3=exp (par [1]+(par[3]*3));

oualphaAGE1=log(lambdaAGE1) ;
oualphaAGE2=log(lambdaAGE2) ;
oualphaAGE3=1log(lambdaAGE3) ;

print ’lambda(age=1)=’ lambdaAGE1[format=E20.]

’lambda (age=2)=’ lambdaAGE2[format=E20.]
’lambda (age=3)=’ lambdaAGE3[format=E20.];
print oualphaAGEl oualphaAGE2 oualphaAGE3;

6. Program for fitting a log-logistic regression model with two predictors

titlel ’Fitting of regression model with two covariates’;
title2 ’Staggered entry: constant shape parameter’;

proc iml worksize= 60;

reset nolog;

options pagesize=500;

sxxkkkkxxxFrequency vector (first entry,3 agegroups,3 scoregroups);

£111={12,34,51,39,57,11, 59};

£112={10,12,22,19,32,
f113={ 7,13,22,15,19,
£121={13, 14,45,27,33,
£122={ 4,22,22, 8,25,
£123={ 4,14,24,10,17,
£131={10,25,29,17,46,
£132={ 6,13,28,16,16,
£133={ 0,11,11, 6, 5,

*kkkkkxkkkVector of upper boundaries;
x1={12,17,24,28,34,37};

#xx*kxkxx*xFrequency vector (second entry,3 agegroups,3 scoregroups);

£211={22,25,568,53,40,

4,418};
0,165};
4» 66};
4,297%};
5,190};
2,116};
5,273};
0, 82};

45} ;

£212={10,26,32,20,29,379};
£213={ 9,24,13,19,14,204};
£221={24,24,28,30,25,106};
£222={12,20,14,17,16,409};
£223={13,18,19,19,13,238};
£231={13,15,32,19,17,107};
£232={11,13,22,17,12,319};
£233={ 4, 1,11, 6, 6,117};

*xkkkkxxkkVector of upper boundaries;

*xxxxkxkkkFrequency vector (third entry,3 agegroups,3 scoregroups);
£311={34,16,50,23, 54}

x2={12,17,24,28,34};

’

£312={19, 2,32,24,317};
£313={15,16,17,10,199};
£321={19,18,38,16, 75};
£322={16,14,25,10,263};
£323={ 5,12,20, 7,195};
£331={28,16,22,12, 98};
£332={13, 0,24, 4,323};
£333={ 5, 5,14,11,150};

**kxkkkkkkVector of upper boundaries;

*kxkkkrkkFrequency vector (fourth entry,3 agegroups,3 scoregroups);

x3={12,17,24,28};

£411={40,30,30, 50};
£412={ 9,14,27,301};
£413={22,16,12,222};
£421={24,30,29, 81};
£422={14,15,12,307};
£423={16,16,27,228};
£431={20,22,28,119};
£432={19,12,26,369};

£111=£111<>1e-04;
£112=£112<>1e-04;
£113=£113<>1e-04;
£121=£121<>1e-04;
£122=£122<>1e-04;
£123=£123<>1e-04;
£131=£131<>1e-04;
£132=£132<>1e-04;
£133=£133<>1e-04;

£211=£211<>1e-04;
£212=£212<>1e-04;
£213=£213<>1e-04;
£221=£221<>1e-04;
£222=£222<>1e-04;
£223=£223<>1e-04;
£231=£231<>1e-04;
£232=£232<>1e-04;
£233=£233<>1e-04;

£311=£311<>1e-04;
£312=£312<>1e-04;
£313=£313<>1e-04;
£321=£321<>1e-04;
£322=£322<>1e-04;
£323=£323<>1e-04;
£331=£331<>1e-04;
£332=£332<>1e-04;
£333=£333<>1e-04;

£411=£411<>1e-04;
£412=£412<>1e-04;
£413=£413<>1e-04;
£421=£421<>1e-04;
£422=£422<>1e-04;
£423=£423<>1e-04;
£431=£431<>1e-04;
£432=£432<>1e-04;
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£433={11,11,16,171}; £433=£433<>1e-04;

*¥xkxxk*kxkVector of upper boundaries;
x4={12,17,24};

*kkkkxk*kkkRelative frequency vectors;

n111=£f111[+]; n211=£211[+]; n311=£311[+]; n411=£f411[+]; n11=n111+n211+n311+nd11;
n112=£112[+]; n212=£212[+]; n312=£312[+]; n412=£f412[+]; n12=n112+n212+n312+n412;
n113=£113[+]; n213=£213[+]; n313=£313[+]; n413=f413[+]; n13=n113+n213+n313+n413;
n121=£121[+]; n221=£221[+]; n321=£321(+]; n421=£421[+]; n21=n121+n221+n321+nd21;
ni122=£122[+]; n222=£222[+]; n322=£322[+]; n422=f422[+]; n22=n122+n222+n322+n422;
n123=£123[+]; n223=£223[+]; n323=£323[+]; n423=f423[+]; n23=n123+n223+n323+n423;
n131=£131[+]; n231=£231[+]; n331=£331[+]; n431=£431[+]; n31=n131+n231+n331+n431;
n132=£f132[+]; n232=£232[+]; n332=£332[+]; n432=£432[+]; n32=n132+n232+n332+n432;
n133=£133[+]; n233=£233[+]; n333=£333[+]; n433=£f433[+]; n33=n133+n233+n333+n433;

ni=ni1i+n12+n13;
n2=n21+n22+n23;
n3=n31+n32+n33;
n=nl+n2+n3;

ki=nrow(f111); di=ki-1;
k2=nrow(£211); d2=k2-1;
k3=nrow(£311); d3=k3-1;
k4=nrow (f411); d4=k4-1;
k=k1+k2+k3+k4;
d=d1+d2+d3+d4;

pli1=£f111/n111; p211=£211/n211; p311=£311/n311; p411=£f411/nd11;
pli2=£112/n112; p212=£212/n212; p312=£312/n312; p412=£412/n412;
pl13=£113/n113; p213=£213/n213; p313=£313/n313; p413=£413/n413;
pl21=£121/n121; p221=£f221/n221; p321=£321/n321; p421=£421/n421;
pl22=f122/n122; p222=£222/n222; p322=£322/n322; p422=£422/n422;
pl23=£123/n123; p223=£f223/n223; p323=£323/n323; p423=£423/n423;
p131=£f131/n131; p231=£231/n231; p331=£331/n331; p431=£431/n431;
p132=£132/n132; p232=£232/n232; p332=£332/n332; p432=£432/n432;
p133=£133/n133; p233=£233/n233; p333=£333/n333; p433=£433/n433;

pli=pi111//p211//p311//p4i1;
pl2=p112//p212//p312//p412;
p13=p113//p213//p313//p413;
pl=p11//p12//p13;

p21=p121//p221//p321//p421;
p22=p122//p222//p322//p422;
p23=p123//p223//p323//p423;
p2=p21//p22//p23;

p31=p131//p231//p331//p431;
p32=p132//p232//p332//p432;
p33=p133//p233//p333//p433;
p3=p31//p32//p33;

p=pl//p2//p3;
*xkckkxkkx*Design matrix and matrix orthogonal to design matrix;

S1=73(d1,1,1)@cusum(J(1,k1,1));
S2=J(1,k1,1)@cusum(J(d1,1,1));
S1=81<=82;

S2=S1[1:d42,1:41];
S$3=S1[1:d3,1:d2];
S4=S1[1:d44,1:43];
S=block(S1,S2,83,84);
S=I(3)QI(3)es;

AA=J(162,1,1); *162=9 times((7-1)+(6-1)+(5-1)+(4-1))=9 times 18=162;
BB=J(3,1,1);

CcC=(1(2)//3(1,2,-1));

DD=J(18,1,1); *3 times d1=3(6)=18;

EE=J(15,1,1); *3 times d2=3(5)=15;

FF=J(12,1,1); *3 times d3=3(4)=12;

GG=J(9,1,1); *3 tifes d4=3(3)=9;

KK=J(9,1,1); *9=3 times 3;

LL=J(54,1,1); *54=18 times 3;

1x=BB@BBQ(log(x1)//log(x2)//1log(x3)//1log(x4));
HH=BB@(CC@DD) ;

xc=AA||CCQLL| |HH| |1x; print xc;
C=I(9#d)-xc*inv(xc‘*xc)*xc‘;

sxxx*x**x%x ITERATIVE PROCEDURE (double iterations over m and p);
***x*starting value for m;

m=p;

ms=S*m; ps=ms;
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PO=p;

***k*kxiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskill>0.00000001);
i=i+1;

=p0;
§;g=-0*diag(1/(lo (1-ms)))*diag(1/(1-ms))*S;
Gm=C*diag(1/ms+1/(1-ms))*S;

*kkkkkkkkkiteration over p;
verskil=1;
J=0;
do while (verskil>0.00000001);
J=j+1;
pl=p;

s=S#*p

*g—C*log( log(1-ps));
g=C*(log(ps)-log(1-ps));
*Gp=-C*diag(1/(log (1-ps)))*dlag(i/(i-ps))*S;
Gp-c*(d1ag(1/ps)+d1ag(1/(1-pS)))*S

*kkokkokkkkkkokkkkkk*kcovariance matrix *
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*Weibull;
*log-logistic;

*Weibull;
*log-logistic;
*Weibull;
*log-logistic;

mi11=m[1:k1];
m211=m[k1+1:k1+k2];
m311=m[k1+k2+1:k1+k2+k3];
m411=m[k1+k2+k3+1:k1+k2+k3+k4];

mi112=m[k+1:k+k1];

m212=m [k+k1+1:k+k1+k2];
m312=m[k+k1+k2+1:k+k1+k2+k3];
m412=m [k+k1+k2+k3+1:k+k1+k2+k3+k4] ;

m113=m[2#k+1:2#k+k1];
m213=m[2#k+k1+1:2#k+k1+k2] ;
m313=m[2#k+k1+k2+1: 2#k+k1+k2+k3] ;
m413=m[2#k+k1+k2+k3+1: 2#k+k1+k2+k3+k4] ;

m121=m[3#k+1:3#k+k1];
m221=m[3#k+k1+1:3#k+k1+k2] ;
m321=m[3#k+k1+k2+1:3#k+k1+k2+k3] ;
m421=m[3#k+k1+k2+k3+1:3#k+k1+k2+k3+k4] ;

m122=m [4#k+1:4#k+kl];

m222=m [4#k+k1+1:4#k+k1+k2] ;

m322=m [4#k+k1+k2+1 : 4#k+k1+k2+k3] ;
m422=m [4#k+k1+k2+k3+1: 4#k+k1+k2+k3+k4] ;

m123=m[5#k+1:5#k+k1];
m223=m[5#k+k1+1:5#k+k1+k2] ;

m323=m [5#k+k1+k2+1: 5#k+k1+k2+k3] ;
m423=m [5#k+k1+k2+k3+1:5#k+k1+k2+k3+k4] ;

m131=m[6#k+1:6#k+k1];
m231=m[6#k+k1+1:6#k+k1+k2];
m331=m[6#k+k1+k2+1:6#k+k1+k2+k3] ;
m431=m[6#k+k1+k2+k3+1:6#k+k1+k2+k3+k4] ;

m132=m[7#k+1:7#k+kl];

m232=m [7#k+k1+1:7#k+k1+k2] ;

m332=m [7#k+k1+k2+1: T#k+k1+k2+k3] ;
m432=m [7#k+k1+k2+k3+1: 7#k+k1+k2+k3+k4] ;

m133=m[8#k+1:8#k+k1];

m233=m [8#k+k1+1:8#k+k1+k2] ;
m333=m[8#k+k1+k2+1:8#k+k1+k2+k3] ;
m433=m [8#k+k1+k2+k3+1:9#k] ;

sig111=(1/n111)*(diag(m111)-m111*m111¢);
sig112=(1/n112)*(diag(m112)-m112*m112¢);
sig113=(1/n113)*(diag(m113)-m113*m113°);
sig211=(1/n211)*(diag(m211)-m211*m211‘);
sig212=(1/n212)*(diag(m212)-m212*m212°¢) ;
5ig213=(1/n213) *(diag(m213)-m213*m213°) ;
sig311=(1/n311)*(diag(m311)-m311*m311° ),
5ig312=(1/n312)*(diag(m312)-m312*m312°) ;
sig313=(1/n313)*(diag(m313)-m313*m313°) ;
sigd11=(1/n411)*(diag(m411)-m411*m411°);
sig412=(1/n412)*(diag(m412)-m412*m412¢) ;
sig413=(1/n413)*(diag(m413)-m413+m413°) ;

sigll=block(siglll,sig211,sig311,sigéll);

sigl2=block(sigl12,sig212,sig312,sig412);
sigl3=block(sigl13,sig213,sig313,sig413);

sig121=(1/n121)*(diag(m121)-m121*m121¢) ;

kKoK ok k ok
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sig122=(1/n122)*(diag(m122)-m122*m122);
sig123=(1/n123)*(diag(m123)-m123+m123°) ;
sig221=(1/n221)*(diag (m221) -m221#m221°) ;
s1g222=(1/n222) * (diag (m222) -m222*m222°) ;
51g223=(1/n223) * (diag (m223) -m223+m223°) ;
sig321=(1/n321)*(diag(m321)-m321*m321°) ;
sig322=(1/n322)* (diag (m322)-m322%m322°) ;
51g323=(1/n323)* (diag(m323)-m323*m323°) ;
sigd21=(1/n421)*(diag(m421)-m421*m421°);
sigd22=(1/n422)*(diag(m422)-m422*m422°) ;
51g423=(1/n423) * (diag(m423) -m423+m423°) ;

sig21=block(sigl21,sig221,sig321,sig421);
sig22=block(sigl22,sig222,sig322,sig422);
sig23=block(sigl123,sig223,sig323,sig423);

sig131=(1/n131)*(diag(m131)-m131%m131¢);
sig132=(1/n132)*(diag(m132)-m132*m132°) ;
sig133=(1/n133)*(diag(m133)-m133*m133°) ;
sig231=(1/n231) * (diag (m231) -m231*m231°) ;
51g232=(1/n232) * (diag(m232) -m232*m232°) ;
51g233=(1/n233) * (diag (m233) -m233*m233 ) ;
sig331=(1/n331)*(diag(m331)-m331*m331) ;
sig332=(1/n332)*(diag(m332)-m332*m332°) ;
s51g333=(1/n333) *(diag(m333)-m333%m333°) ;
sig431=(1/n431)*(diag(m431)-m431%m431°);
s1g432=(1/n432)*(diag (m432) -m432+m432°) ;
5ig433=(1/n433)*(diag(m433)-m433*m433°) ;

sig31=block(sigl31,sig231,sig331,sig431);
sig32=block(sigl132,sig232,sig332,51g432);
sig33=block(sigl133,sig233,sig333,sig433);

sig=block(sigll,sigl2,sigl3,sig21,sig22,sig23,sig31,sig32,s1g33);

V=sig;
****%****************************************************************;
*p=p-(Gm*V) ‘*ginv (Gp*V*Gm‘ ) *g; *Weibull;
p=p-(GmxV) ‘*ginv(Gp*V*Gm‘) *g; *log-logistic;

verskil=sqrt ((p-p1l) ‘*(p-p1));
end;

verskill=sqrt((p-m) ‘*(p-m));
m=p; ms=S*m;

end;

print m; print i j;

*xkkxkkkxkParameter vector for linear model;
*par=inv(xc ‘*xc)*xc ‘*log(-log(1-ms)); *Weibull;
par=inv(xc‘*xc)*xc‘*(log(ms)-log(1-ms)) ; *log-logistic;

print par[format=E20.];

***kkkkk*kRegression coefficients;
oualphaBASELINE=par [1];
betaAl=par[2];

betaA2=par [3];

betaA3=-(par [2]+par[3]);
betaSi=par [4];

betaS2=par[5] ;
betaS3=-(par[4]+par[5]);
lambdaBASELINE=exp (par[1]);
alpha=par[6];

sxkxxkkkkkIndices, lambda’s and constant alpha for age levelsikkkkikikkkskkskik;
indexAl=exp(betaAl); *constant shape parameter;

indexA2=exp (betal2) ;

indexA3=exp (betaA3) ;

indexS1=exp(betaS1);

indexS2=exp (betaS2) ;

indexS3=exp (betaS3) ;

lambdaA1S1=1ambdaBASELINE#indexA1#indexS1;
lambdaA1S2=1ambdaBASELINE#indexA1#indexS2;
lambdaA1S3=1ambdaBASELINE#indexA1#indexS3;
lambdaA2S1=1ambdaBASELINE#indexA2#indexS1;
lambdaA2S2=1ambdaBASELINE#indexA2#indexS2;
lambdaA2S3=1ambdaBASELINE#indexA2#indexS3;
lambdaA3S1=1ambdaBASELINE#indexA3#indexS1;
lambdaA3S2=1ambdaBASELINE#indexA3#indexS2;
lambdaA3S3=1ambdaBASELINE#indexA3#indexS3;

oualphaAlS1=oualphaBASELINE+betaAl+betaS1l; *same as oualphaAilSi=log(lambdaAiS1);
oualphaA1S2=oualphaBASELINE+betaAl+betaS2;
oualphaA1S3=oualphaBASELINE+betaAl+betaS3;
oualphaA2S1=oualphaBASELINE+betaA2+betaS1;
oualphaA2S2=oualphaBASELINE+betaA2+betaS2;
oualphaA2S3=oualphaBASELINE+betaA2+betaS3;
oualphaA3Si=oualphaBASELINE+betaA3+betaS1;
oualphaA3S2=oualphaBASELINE+betaA3+betaS2;
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oualphaA3S3=oualphaBASELINE+betaA3+betaS3;
print ’ Loglogistic parameters, beta effects and indices: MLE subject to constraints’;

print ’lambdaBASELINE=’ lambdaBASELINE[format=E20.] ’oualphaBASELINE=’ oualphaBASELINE;
print ’alpha=’ alpha([format=E20.];

print ’lambda(age=Al,score=S1)=’ lambdaA1S1[format=E20.]
’lambda(age=A1,score=S2)=’ lambdaA1S2[format=E20.]
’lambda(age=A1,score=S3)=’ lambdaA1S3[format=E20.]
print oualphaAlS1 oualphaAlS2 oualphalAilS3;

H

print ’lambda(age=A2,score=S1)=’ lambdaA2S1[format=E20.]
’lambda(age=A2,score=82)=’ lambdaA2S2[format=E20.]
’lambda(age=A2,score=83)=’ lambdaA2S3[format=E20.];
print oualphaA2S1 oualphaA2S2 oualphaA2S3;

print ’lambda(age=A3,score=S1)=’ lambdaA3S1[format=E20.]
’lambda(age=A3,score=S2)=’> lambdaA3S2[format=E20.]
’lambda(age=A3,score=S3)=’ lambdaA3S3[format=E20.];
print oualphaA3S1 oualphaA3S2 oualphaA3S3;

print ’beta(age=A1)=’ betaAl ’beta(age=A2)=’ betaA2 ’beta(age=A3)=’ betal3;

print ’beta(score=S1)=’ betaSl ’beta(score=S2)=’ betaS2 ’beta(score=S3)=’ betaS3;
print ’index(age=A1)=’ indexAl ’index(age=A2)=’ indexA2 ’index(age=A3)=’ indexA3;
print ’index(score=S1)=’ indexS1 ’index(score=S2)=’ indexS2 ’index(score=S3)=’ indexS3;

**kkxxk*k*xx*kHazard ratio and Odds ratio******************************************;
hazBASELINE12=(lambdaBASELINE*alpha*12**(alpha-1))/(1+lambdaBASELINE*12**alpha);
hazBASELINE24=(lambdaBASELINE*alpha*24** (alpha-1))/(1+lambdaBASELINE*24**alpha) ;
survBASELINE12=(1+1lambdaBASELINE*12**alpha)**(-1) ;
survBASELINE24=(1+1ambdaBASELINE*24**alpha)** (-1) ;
0ddsBASELINE12=(1~survBASELINE12) /survBASELINE12;
0ddsBASELINE24=(1-survBASELINE24) /survBASELINE24;

hazA1S1_12=(lambdaAlS1*alpha*12**(alpha-1))/(1+lambdaA1S1*12%*alpha) ;
hazA1S1_24=(lambdaAlS1*alpha*24x*(alpha-1))/(1+lambdaA1S1*24**alpha);
hazA1S2_12=(lambdaA1S2*alpha*12**(alpha-1))/(1+lambdaA182*12**alpha) ;
hazA1S2_24=(lambdaA1S2*alpha*24** (alpha-1))/(1+lambdaA1S2%24**alpha) ;
hazA1S3_12=(lambdaA1S3+alpha*12+* (alpha-1))/(1+lambdaA1S3*12+xalpha) ;
hazA1S3_24=(lambdaA1S3+alpha*24#*(alpha-1))/(1+lambdaA1S3*24%**alpha) ;
hazA2S1_12=(lambdaA2S1*alpha*12+*(alpha-1))/(1+lambdaA2S1*12**alpha) ;
hazA2S1_24=(lambdaA2S1*alpha*24**(alpha-1))/(1+lambdaA2S1%24**alpha) ;
hazA2S2_12=(lambdaA2S2*alpha*12+* (alpha-1))/(1+lambdaA2S2*12**alpha) ;
hazA2S2_24=(lambdaA2S2*alpha*24+** (alpha-1))/(1+lambdaA252*24**alpha) ;
hazA283_12=(lambdaA2S3*alpha*12**(alpha-1))/(1+lambdaA283*12**alpha) ;
hazA2S3_24=(lambdaA2S3*alpha*24x* (alpha-1))/(1+lambdaA2S3*24**alpha) ;
hazA3S1_12=(lambdaA3S1*alpha*12**(alpha-1))/(1+lambdaA3S1*12%*alpha) ;
hazA3S1_24=(lambdaA3S1*alpha*24x* (alpha-1))/(1+lambdaA3S1%24**alpha) ;
hazA3S2_12=(lambdaA3S2*alpha*12x#* (alpha-1))/(1+lambdaA3S2*12%*alpha) ;
hazA3S2_24=(lambdaA3S2+alpha*24** (alpha-1))/(1+lambdaA3S2*24**alpha) ;
hazA3S3_12=(lambdaA3S3*alpha*12** (alpha-1))/(1+lambdaA3S3*12**alpha) ;
hazA3S3_24=(lambdaA3S3*alpha*24** (alpha-1))/(1+lambdaA3S3*24+**alpha) ;

survA1S1_12=(1+lambdaA1S1*12**alpha)**(-1);
survA1S1_24=(1+lambdaA1S1*24**alpha)**(-1);
survA1S2_12=(1+lambdaA1S2*12**alpha)**(-1);
survA1S2_24=(1+lambdaA1S2*24**alpha)**(-1);
survA1S3_12=(1+lambdaA1S3*12**alpha)**(-1);
survA1S3_24=(1+lambdaA1S3*24**alpha)**(-1);
survA2S1_12=(1+lambdaA2S1*12**alpha)**(-1);
survA2S1_24=(1+lambdaA2S1*24**alpha)**(-1);
survA2S2_12=(1+lambdaA2S2*12**alpha)**(-1);
survA2S2_24=(1+lambdaA2S2*24**alpha)**(-1) ;
survA2S3_12=(1+lambdaA2S3*12**alpha)**(-1);
survA2S3_24=(1+lambdaA2S3*24**alpha)**(-1);
survA3S1_12=(1+lambdaA3S1*12**alpha)**(-1);
survA3S1_24=(1+lambdaA3S1*24**alpha)**(-1);
survA3sS2_12=(1+lambdaA3S2%12**alpha)**(-1);
survA3S2_24=(1+lambdaA3S2*24**alpha)**(-1);
survA3S3_12=(1+lambdaA3S3*12**alpha)**(-1);
survA3S3_24=(1+lambdaA3S3*24**alpha)**(-1) ;

oddsA1S1_12=(1-survA1S1_12)/survA1S1_12;
oddsA1S1_24=(1-survA1S1_24)/survA1S1_24;
oddsA1S2_12=(1-survA1S2_12)/survA1S2_12;
oddsA1S2_24=(1-survA1S2_24)/survA1S2_24;
oddsA1S3_12=(1-survA1S3_12)/survA1S3_12;
oddsA1S3_24=(1-survA1S3_24)/survA1S3_24;
oddsA2S1_12=(1-survA2S1_12)/survA2S1_12;
oddsA2S1_24=(1-survA2S1_24)/survA2S1_24;
oddsA2S2_12=(1-survA2S2_12)/survA2S2_12;
0ddsA2S2_24=(1-survA2S2_24)/survA2S2_24;
oddsA2S3_12=(1-survA2S3_12)/survA2S3_12;
oddsA2S3_24=(1-survA2S3_24)/survA2S3_24;
oddsA3S1_12=(1-survA3S1_12)/survA3S1_12;
oddsA3S1_24=(1-survA3S1_24)/survA3S1_24;
oddsA3S2_12=(1-survA3S2_12)/survA3S2_12;
oddsA3S2_24=(1-survA3S2_24)/survA3S2_24;
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0ddsA3S3_12=(1-survA3S3_12)/survA3S3_12;
oddsA3S3_24=(1-survA3S3_24)/survA3S3_24;

hazratioA1S1_12=hazA1S1_12/hazBASELINE12;
hazratioA1S1_24=hazA1S1_24/hazBASELINE24;
hazratioA1S2_12=hazA1S2_12/hazBASELINE12;
hazratioA1S2_24=hazA1S2_24/hazBASELINE24;
hazratioA1S3_12=hazA1S3_12/hazBASELINE12;
hazratioA1S3_24=hazA1S3_24/hazBASELINE24;
hazratioA2S1_12=hazA2S1_12/hazBASELINE12;
hazratioA2S1_24=hazA2S1_24/hazBASELINE24;
hazratioA282_12=hazA2S2_12/hazBASELINE12;
hazratioA2S2_24=hazA2S2_24/hazBASELINE24;
hazratioA2S3_12=hazA2S3_12/hazBASELINE12;
hazratioA2S3_24=hazA2S3_24/hazBASELINE24;
hazratioA3S1_12=hazA3S1_12/hazBASELINE12;
hazratioA3S1_24=hazA3S1_24/hazBASELINE24;
hazratioA3S2_12=hazA3S2_12/hazBASELINE12;
hazratioA3S2_24=hazA3S2_24/hazBASELINE24;
hazratioA3S3_12=hazA3S3_12/hazBASELINE12;
hazratioA3S3_24=hazA3S3_24/hazBASELINE24;

oddsratioA1S1_12=0ddsA1S1_12/0ddsBASELINE12;
oddsratioA1S1_24=0ddsA1S1_24/0ddsBASELINE24;
oddsratioA1S2_12=0ddsA1S2_12/0ddsBASELINE12;
oddsratioA1S2_24=0ddsA1S2_24/0ddsBASELINE24;
oddsratioA1S3_12=0ddsA1S3_12/0ddsBASELINE12;
oddsratioA1S3_24=0ddsA1S3_24/0ddsBASELINE24;
oddsratioA2S1_12=o0ddsA2S1_12/0ddsBASELINE12;
oddsratioA2S1_24=0ddsA2S1_24/0ddsBASELINE24;
oddsratioA2S2_12=0ddsA2S2_12/0ddsBASELINE12;
oddsratioA2S2_24=0ddsA2S2_24/0ddsBASELINE24;
oddsratioA2S3_12=0ddsA2S3_12/0ddsBASELINE12;
oddsratioA2S3_24=0ddsA2S3_24/0ddsBASELINE24;
oddsratioA3S1_12=0ddsA3S1_12/0ddsBASELINE12;
oddsratioA3S1_24=0ddsA3S1_24/0ddsBASELINE24;
oddsratioA3S2_12=0ddsA3S2_12/0ddsBASELINE12;
oddsratioA3S2_24=o0ddsA3S2_24/0ddsBASELINE24;
oddsratioA3S3_12=0ddsA3S3_12/0ddsBASELINE12;
oddsratioA3S3_24=0ddsA3S3_24/0ddsBASELINE24;

print

print
print
print

print
print
print

print
print
print

print
print
print

print
print
print
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hazBASELINE12 hazBASELINE24 survBASELINE12 survBASELINE24 oddsBASELINE12 oddsBASELINE24;

hazA1S1_12 hazA1S1_24 hazA1S2_12 hazA1S2_24 hazA1S3_12 hazA1S3_24;
hazA2S1_12 hazA2S1_24 hazA2S2_12 hazA2S2_24 hazA2S3_12 hazA2S3_24;
hazA3S1_12 hazA3S1_24 hazA3S2_12 hazA3S2_24 hazA3S3_12 hazA3S3_24;

survA151_12
survA2S1_12
survA3S1_12

oddsA1S1_12
oddsA2S51_12
oddsA3S51_12

survA1S1_24
survA2S1_24
survA3S1_24

oddsA1S1_24
oddsA2S1_24
oddsA351_24

survA1S2_12
survA2S2_12
survA352_12

oddsA1S2_12
oddsA2S52_12
oddsA3S2_12

survA1S2_24
survA252_24
survA3S2_24

oddsA1S2_24
oddsA2S2_24
oddsA352_24

hazratioA1S1_12 hazratioA1S1_24 hazratioA1S2_12
hazratioA2S1_12 hazratioA2S1_24 hazratioA2S2_12
hazratioA3S1_12 hazratioA3S1_24 hazratioA3S2_12

survA1S3_12
survA2S3_12
survA3S3_12

oddsA1S3_12
oddsA2S3_12
oddsA3S53_12

survA1S3_24;
survA2S3_24;
survA3S3_24;

oddsA1S3_24;
oddsA2S3_24;
oddsA3S3_24;

hazratioA1S2_24 hazratioA1S3_12 hazratioA1S3_24;
hazratioA2S2_24 hazratioA2S3_12 hazratioA2S3_24;
hazratioA3S2_24 hazratioA3S3_12 hazratioA3S3_24;

oddsratioA1S1_12 oddsratioA1S1_24 oddsratioA1S2_12 oddsratioA1S2_24 oddsratioA1S3_12 oddsratioA1S3_24;
oddsratioA2S1_12 oddsratioA2S1_24 oddsratioA2S2_12 oddsratioA2S2_24 oddsratioA2S3_12 oddsratioA2S3_24;
oddsratioA3S1_12 oddsratioA3S1_24 oddsratioA3S2_12 oddsratioA3S2_24 oddsratioA3S3_12 oddsratioA3S3_24;

sokokkokokkokkkMedian Lif et ime skokokskskokok skokok skok ok ok o sk ok o ok ok ok sk ok e ok ok ok ok ok ok sk ok bk sk ok ok s sk ok ok ok kol ok o sk ok ok ok ok Kok 5
medianlifetime=(1/lambdaBASELINE)##(1/alpha);
medianA1S1=(1/lambdaA1S1)##(1/alpha);
medianA1S2=(1/lambdaA1S2)##(1/alpha);
medianA1S3=(1/lambdaA1S3)##(1/alpha);
medianA2S1=(1/lambdaA2S1)##(1/alpha);
medianA2S2=(1/1lambdaA2S2) ##(1/alpha);
medianA2S3=(1/lambdaA2S3) ##(1/alpha);
medianA3S1=(1/lambdaA3S1)##(1/alpha);
medianA3S2=(1/lambdaA3S2)##(1/alpha);
medianA3S3=(1/lambdaA3S3)##(1/alpha) ;

print ’medianlifetime=’ medianlifetime;

print ’medianlifetime (age=A1,score=S1)=’ medianA1S1
’medianlifetime (age=A1,score=S2)=’ medianA1S2
‘medianlifetime (age=A1,score=S3)=’ medianA1S3;

print ’medianlifetime (age=A2,score=S1)=’ medianA2S1
’medianlifetime (age=A2,score=52)=’ medianA2S2
‘medianlifetime (age=A2,score=S3)=’ medianA2S3;

print ’medianlifetime (age=A3,score=S1)=’ medianA3S1
‘medianlifetime (age=A3,score=52)=’ medianA3S52
’medianlifetime (age=A3,score=S3)=’ medianA3S3;

7. Program for fitting a Weibull regression model with two predictors

titlel ’Fitting of regression model with two covariates’;
title2 ’Staggered entry: constant shape parameter’;
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proc iml worksize= 60;
reset nolog;
options pagesize=500;

#xxxkx*xx*xFrequency vector (first entry,3 agegroups,3 scoregroups);
£111={12,34,51,39,57,11, 59}; f111=f111<>1le-04;
£112={10,12,22,19,32, 4,418}; £112=£f112<>1e-04;
£113={ 7,13,22,15,19, 0,165}; £113=f113<>1e-04;
£121={13,14,45,27,33, 4, 66}; f£121=f121<>1e-04;
£122={ 4,22,22, 8,25, 4,297}; £122=£122<>1le-04;
£123={ 4,14,24,10,17, 5,190}; £123=£123<>1e-04;
£131={10,25,29,17,46, 2,116}; £131=£131<>1le-04;
£132={ 6,13,28,16,16, 5,273}; £132=£132<>1e-04;
f133={ 0,11,11, 6, 5, 0, 82}; £133=£f133<>le-04;

*xkkxxkx*k*xVector of upper boundaries;
x1={12,17,24,28,34,37};

*x**kx¥**x*xFrequency vector (second entry,3 agegroups,3 scoregroups);

£211={22,25,58,53,40, 45}; £211=£211<>1e-04;
£212={10,26,32,20,29,379}; £212=£212<>1e-04;
£213={ 9,24,13,19,14,204}; £213=£213<>1e-04;
£221={24,24,28,30,25,106}; £221=£221<>1e-04;
£222={12,20,14,17,16,409}; £222=£222<>1e-04;
£223={13,18,19,19,13,238}; £223=£223<>1e-04;
£231={13,15,32,19,17,107}; £231=£231<>1e-04;
£232={11,13,22,17,12,319}; £232=£232<>1e-04;
£233={ 4, 1,11, 6, 6,117}; £233=£233<>1e-04;

*xxkickkkkxVector of upper boundaries;
x2={12,17,24,28,34};

*xxxx¥x*k**xFrequency vector (third entry,3 agegroups,3 scoregroups);

£311={34,16,50,23, 54}; £311=£311<>1e~-04;
£312={19, 2,32,24,317}; £312=£312<>1e-04;
£313={15,16,17,10,199}; £313=£313<>1e-04;
£321={19,18,38,16, 75}; £321=£321<>1e-04;
£322={16,14,25,10,263}; £322=£322<>1e-04;
£323={ 5,12,20, 7,195}; £323=£323<>1e-04;
£331={28,16,22,12, 98}; £331=£331<>1e-04;
£332={13, 0,24, 4,323}; £332=£332<>1e-04;
£333={ 5, 5,14,11,150}; £333=£333<>1e-04;

*kkxkxxkx*Vector of upper boundaries;
x3={12,17,24,28};

*¥xxkx¥*kkxFrequency vector (fourth entry,3 agegroups,3 scoregroups);

£411={40,30,30, 50}; f411=£411<>1e-04;
£412={ 9,14,27,301}; £412=£412<>1e-04;
£413={22,16,12,222}; £413=£413<>1e-04;
£421={24,30,29, 81}; £421=£421<>1e-04;
£422={14,15,12,307}; £422=£422<>1e-04;
£423={16,16,27,228}; £423=£423<>1e-04;
£431={20,22,28,119}; £431=£431<>1e-04;
£432={19,12,26,369}; £432=£432<>1e-04;
£433={11,11,16,171}; £433=£433<>1e-04;

*xkxkkkkkkVector of upper boundaries;
x4={12,17,24};

**ckkkkikkkkRelative frequency vectors;

n111=£f111[+]; n211=£211[+]; n311=£f311[+]; nd411=f411[+]; ni11=n111+n211+n311+nd11;
n112=£f112[+]; n212=£212[+]; n312=£312[+]; n412=f412[+]; n12=n112+n212+n312+n412;
n113=£f113[+]; n213=£f213[+]; n313=£313[+]; n413=£f413[+]; n13=n113+n213+n313+n413;
n121=f121[+]; n221=£f221[+]; n321=£f321[+]; n421=f421[+]; n21=n121+n221+n321+n421;
n122=£122[+]; n222=£222[+]; n322=£322[+]; n422=f422[+]; n22=n122+n222+n322+n422;
n123=f123[+]; n223=£223[+]; n323=£323[+]; n423=£f423[+]; n23=n123+n223+n323+n423;
n131=£f131[+]; n231=£231[+]; n331=£331[+]; n431=£f431[+]; n31=n131+n231+n331+n431;
n132=f132[+]; n232=£232[+]; n332=£332[+]; n432=f432[+]; n32=n132+n232+n332+n432;
n133=£f133[+]; n233=£233[+]; n333=£333[+]; n433=f433[+]; n33=n133+n233+n333+n433;

ni=n11+n12+n13;
n2=n21+n22+n23;
n3=n31+n32+n33;
n=nl+n2+n3;

ki=nrow(£f111); di=ki-1;
k2=nrow(£211); d2=k2-1;
k3=nrow(£311); d3=k3-1;
k4=nrow(f411); d4=k4-1;
k=k1+k2+k3+k4;
d=d1+d2+d3+d4;

pl11=£111/n111; p211=£211/n211; p311=£311/n311; p411=£411/n411;
p112=£112/n112; p212=£212/n212; p312=£312/n312; p412=£412/nd12;
p113=£113/n113; p213=£213/n213; p313=£313/n313; p413=£413/n413;
p121=£121/n121; p221=£221/n221; p321=£321/n321; p4d21=£421/n421;
p122=£122/n122; p222=£222/n222; p322=£322/n322; p422=£422/n422;
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pl23=£123/n123; p223=£223/n223; p323=£323/n323; p423=£423/n423;
p131=£131/n131; p231=£231/n231; p331=£331/n331; p431=£431/n431;
p132=£132/n132; p232=£232/n232; p332=£332/n332; p432=£432/n432;
p133=£133/n133; p233=£f233/n233; p333=£333/n333; p433=f433/n433;

pli=p111//p211//p311//p4il;
pl2=p112//p212//p312//p412;
p13=p113//p213//p313//p413;
pl=p11//p12//p13;

p21=p121//p221//p321//p421;
p22=p122//p222//p322//p422;
p23=p123//p223//p323//p423;
p2=p21//p22//p23;

p31=p131//p231//p331//p431;
p32=p132//p232//p332//p432;
p33=p133//p233//p333//p433;
p3=p31//p32//p33;

p=p1//p2//p3;

*¥*k*k*k*k*x*kDesign matrix and matrix orthogonal to design matrix;

S1=J(d1,1,1)@cusum(J(1,k1,1));
S2=J(1,k1,1)@cusum(J(d1,1,1));
S1=S1<=82;

S2=S1[1:d2,1:d1];
S3=51[1:d3,1:d42];
S4=S1[1:d4,1:43];
S=block(S1,S52,583,54);
S=I1(3)QI(3)@s;

AA=J(162,1,1); *162=9 times((7-1)+(6-1)+(5-1)+(4-1))=9 times 18=162;

BB=J(3,1,1);
CC=(I(2)//3(1,2,~-1));

DD=J(18,1,1); *3 times d1=3(6)=18;
EE=J(15,1,1); *3 times d2=3(5)=15;
FF=J(12,1,1); *3 times d3=3(4)=12;
GG=J(9,1,1); *3 times d4=3(3)=9;
KK=J(9,1,1); *9=3 times 3;
LL=J(54,1,1); *54=18 times 3;

1x=BBOBB@(log(x1)//log(x2)//log(x3)//log(x4));

HH=BBQ (CC@DD) ;
xc=AA||CCQLL| |HH| |1x; print xc;

C=I(9#d)~xc*inv(xc‘*xc)*xc*;

s*xxxk**x*x [TERATIVE PROCEDURE (double iterations over m and p);

*x*x*k*starting value for m;
m=p;

ms=S*m; ps=ms;

po=p;

**x*x*kxiteration over m;

itr=0;

verskill=1;

i=0;

do while (verskilil>0.00000001);

i=i+1;

p=p0;
Gm=-C*diag(1/(log(1-ms)))*diag(1/(1-ms))*S;
*Gm=C*diag(1/ms+1/(1-ms))*S;

*kkkkikkkxkkiteration over p;
verskil=1;
J=0;
do while (verskil>0.00000001);
J=j+1;

g=Cxlog(-log(1-ps));
*g=C* (log(ps)-log(1-ps));

Gp=-C*diag(1/(log(1-ps)))*diag(1/(1-ps))*S;

*Gp=C* (diag(1/ps)+diag(1/(1-ps)))*S;

*Weibull;
*log-logistic;

*Weibull;
*log-logistic;
*Weibull;
*log-logistic;

HK KKK K KKK KKK AKKKKCOVATLANCE MAt T LRk ok ok ok sk ke ok sk ok o ok ko ok sk ok sk ke sk ok o ke ok ok ok ok ok 3

miil=m([1:k1];
m211=m[k1+1:k1+k2];
m311=m[k1+k2+1:k1+k2+k3];
m411=m[k1+k2+k3+1:k1+k2+k3+k4];

m112=m[k+1:k+k1];
m212=m[k+k1+1:k+k1+k2];
m312=m [k+k1+k2+1:k+k1+k2+k3];
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m412=m[k+k1+k2+k3+1:k+k1+k2+k3+k4];

m113=m[2#k+1:2#k+k1] ;

m213=m[2#k+k1+1: 2#k+k1+k2] ;
m313=m[2#k+k1+k2+1: 2#k+k1+k2+k3] ;
m413=m[2#k+k1+k2+k3+1: 2#k+k1+k2+k3+k4] ;

m121=m[3#k+1:3#k+k1];
m221=m[3#k+k1+1:3#k+k1+k2] ;
m321=m[3#k+k1+k2+1: 3#k+k1+k2+k3] ;
m421=m[3#k+k1+k2+k3+1: 3#k+k1+k2+k3+k4] ;

m122=m[4#k+1:4#k+k1];

m222=m [4#k+k1+1:4#k+k1+k2];

m322=m [4#k+k1+k2+1 : 4#k+k1+k2+k3] ;
m422=m [4#k+k1+k2+k3+1:4#k+k1+k2+k3+k4] ;

m123=m[5#k+1:5#k+k1] ;

m223=m [5#k+k1+1:5#k+k1+k2];

m323=m [5#k+k1+k2+1: 5#k+k1+k2+k3] ;
m423=m [5#k+k1+k2+k3+1 : S#k+k1+k2+k3+k4] ;

m131=m[6#k+1:6#k+k1];
m231=m[6#k+k1+1:6#k+k1+k2];
m331=m[6#k+k1+k2+1: 6#k+k1+k2+k3] ;
m431=m[6#k+k1+k2+k3+1:6#k+k1+k2+k3+k4] ;

m132=m[7#k+1:T#k+k1];

m232=m [7#k+k1+1:7#k+k1+k2];

m332=m [7#k+k1+k2+1: 7T#k+k1+k2+k3] ;
m432=m[7#k+k1+k2+k3+1: 7#k+k1+k2+k3+k4] ;

m133=m[8#k+1:8#k+k1];
m233=m[8#k+k1+1:8#k+k1+k2];
m333=m [8#k+k1+k2+1:8#k+k1+k2+k3] ;
m433=m[8#k+k1+k2+k3+1:9#k] ;

sig111=(1/n111)*(diag(m111)-m111*m111°);
sig112=(1/n112)*(diag(m112)-m112*m112°¢);
sig113=(1/n113)*(diag(m113)-m113*m113°);
sig211=(1/n211)*(diag(m211)-m211*m211°);
51g212=(1/n212)*(diag(m212)-m212*m212°¢) ;
sig213=(1/n213)*(diag(m213)-m213*m213°) ;
sig311=(1/n311)*(diag(m311)-m311*m311°);
sig312=(1/n312)*(diag(m312)-m312*m312°) ;
sig313=(1/n313)*(diag(m313)-m313*m313°) ;
sig411=(1/n411)*(diag(m411)-m411*md11‘);
sigd12=(1/n412)+*(diag(m412)-m412*m412°);
sigd13=(1/n413)*(diag(mé413)-m413*md413°) ;

sigll=block(siglll,sig211,sig311,sigdll);
sigl2=block(sig112,sig212,sig312,sigd12);
sigl3=block(sigl13,sig213,sig313,sig413);

sig121=(1/n121)*(diag(m121)-m121*m121°);
5ig122=(1/n122)*(diag(m122)-m122*m122°) ;
5ig123=(1/n123)*(diag(m123)-m123*m123°) ;
5ig221=(1/n221)*(diag(m221)-m221*m221°) ;
51g222=(1/n222) * (diag(m222)-m222*m222°) ;
51g223=(1/n223) * (diag (m223) -m223*m223°) ;
5ig321=(1/n321)*(diag(m321)-m321*m321°) ;
51g322=(1/n322) * (diag(m322) -m322+m322°) ;
51g323=(1/n323) * (diag(m323)-m323+m323°) ;
sigd21=(1/n421)*(diag(m421)-m421*md21°);
5ig422=(1/n422)*(diag(m422)-m422*md22°¢) ;
51g423=(1/n423)*(diag(m423)-m423*m423°) ;

sig21=block(sigl21,sig221,sig321,sigé21);
sig22=block(sig122,sig222,sig322,51g422);
sig23=block(sig123,sig223,sig323,sig423);

sig131=(1/n131)*(diag(m131)-m131*m131‘);
5ig132=(1/n132)*(diag(m132)-m132*m132‘) ;
5ig133=(1/n133)*(diag(m133)-m133%m133°) ;
51g231=(1/n231)* (diag(m231)-m231*m231°) ;
51g232=(1/n232) *(diag(m232)-m232*m232°) ;
51g233=(1/n233) *(diag(m233)-m233*m233°) ;
51g331=(1/n331)*(diag(m331)-m331*m331°) ;
s1g332=(1/n332) *(diag(m332)-m332*m332°) ;
51g333=(1/n333) *(diag(m333)-m333+m333°) ;
sig431=(1/n431)*(diag(m431)-m431*m431‘);
sig432=(1/n432) *(diag(m432) -m432+m432°) ;
sig433=(1/n433) * (diag(m433)-m433+m433°) ;

sig31=block(sig131,sig231,sig331,sigd31);
sig32=block(sigl132,sig232,sig332,sig432);
sig33=block(sig133,sig233,sig333,51g433);
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sig=block(sigll,sigl2,sigl3,sig21,sig22,sig23,sig31,sig32,5ig33);

V=sig;
****5;***************************************************************;
p=p-(Gm*V) ‘*ginv(Gp*V*Gm*)*g; *Weibull;
*p=p- (Gm*V) ‘*ginv (Gp*V*Gm‘)*g; *log-logistic;
verskil=sqrt ((p-p1) ‘*(p-p1));
end;

verskill=sqrt ((p-m) ‘*(p-m));
m=p;ms=S*m;

end;

print m; print i j;

**xxx**k*kkx*xParameter vector for linear model;
par=inv(xc‘*xc)*xc‘*log(-log(i-ms)); *Weibull;
*par=inv(xc ‘*xc)*xc‘* (log(ms)-log(1-ms)); *log-logistic;

print par[format=E20.];

*kkkkxkkkkRegression coefficients;
oualphaBASELINE=par[1];
betaAl=par[2];

betaA2=par [3];

betaA3=-(par [2]+par[3]);
betaSi=par [4];

betaS2=par [5];
betaS3=-(par [4] +par [5]) ;
lambdaBASELINE=exp (par[1]);
alpha=par [6];

s*xx*x*k*k*x*kxIndices, lambda’s and constant alpha for age levelsikkskdkkkkskkkkkkxk;
indexAl=exp(betadl); *constant shape parameter;

indexA2=exp (betaA2);

indexA3=exp (betaA3);

indexS1=exp(betaS1);

indexS2=exp (betaS2);

indexS3=exp (betaS3) ;

lambdaA1S1=1ambdaBASELINE#indexAl#indexS1;
lambdaA1S2=1lambdaBASELINE#indexAl#indexS2;
lambdaA153=1ambdaBASELINE#indexA1#indexS3;
lambdaA2S1=1ambdaBASELINE#indexA2#indexS1;
lambdaA2S2=1ambdaBASELINE#indexA2#indexS2;
lambdaA2S3=1ambdaBASELINE#indexA2#indexS3;
lambdaA3S1=1ambdaBASELINE#indexA3#indexS1;
lambdaA3S2=1ambdaBASELINE#indexA3#indexS2;
lambdaA3S3=1ambdaBASELINE#indexA3#indexS3;

oualphaAlS1=oualphaBASELINE+betaAl+betaS1; *same as oualphaA1Si=log(lambdaA1S1);
oualphaA1S2=oualphaBASELINE+betaAl+betaS2;
oualphaA1S3=oualphaBASELINE+betaAl+betaS3;
oualphaA2S1=oualphaBASELINE+betaA2+betaS1;
oualphaA2S2=oualphaBASELINE+betaA2+betaS2;
oualphaA2S3=oualphaBASELINE+betaA2+betaS3;
oualphaA3S1=oualphaBASELINE+betaA3+betaS1;
oualphaA3S2=oualphaBASELINE+betaA3+betaS2;
oualphaA3S3=oualphaBASELINE+betaA3+betaS3;

print ’ Weibull parameters, beta effects and indices: MLE subject to constraints’;

print ’lambdaBASELINE=’ lambdaBASELINE[format=E20.] ’oualphaBASELINE=’ oualphaBASELINE;
print ’alpha=’ alphal[format=E20.];

print ’lambda(age=A1l,score=S1)=’ lambdaAlS1[format=E20.]
’lambda(age=A1,score=S2)=’ lambdaA1S2[format=E20.]
’lambda(age=A1,score=83)=’ lambdaA1S3[format=E20.];
print oualphaA1S1 oualphaA1S2 oualphaAlS3;

print ’lambda(age=A2,score=S1)=’ lambdaA2S1[format=E20.]
?lambda (age=A2,score=S2)=’ lambdaA2S2[format=E20.]
’lambda(age=A2,score=83)=’ lambdaA2S3[format=E20.];
print oualphaA2S1 oualphaA2S2 oualphaA2S3;

print ’lambda(age=A3,score=S1)=’ lambdaA3S1[format=E20.]
’lambda(age=A3,score=S2)=’ lambdaA3S2[format=E20.]
’lambda (age=A3,score=83)=’ lambdaA3S3[format=E20.];
print oualphaA3S1 oualphaA3S2 oualphaA3S3;

print ’beta(age=A1)=’ betaAl ’beta(age=A2)=’ betaA2 ’beta(age=A3)=’ betal3;

print ’beta(score=S1)=’ betaSl ’beta(score=S2)=’ betaS2 ’beta(score=S3)=’ betaS3;
print ’index(age=A1)=’ indexAl ’index(age=A2)=’ indexA2 ’index(age=A3)=’ indexA3;
print ’index(score=S1)=’ indexS1 ’index(score=S2)=’ indexS2 ’index(score=S3)=’ indexS3;

*xfkkkkk*kkHazard ratio and Odds ratioskskskskskskskoksksksksk skoksksk skokok s kok ok ko ok ok skok ook ok ok dokkokk
hazBASELINE12=1ambdaBASELINE*alpha*12+* (alpha-1);
hazBASELINE24=1ambdaBASELINE*alpha*24x* (alpha-1);

survBASELINE12=exp (-lambdaBASELINE*12**alpha) ;

survBASELINE24=exp (-1ambdaBASELINE*24**alpha) ;

0ddsBASELINE12=(1-survBASELINE12) /survBASELINE12;
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0ddsBASELINE24=(1-survBASELINE24) /survBASELINE24;

hazA1S1_12=lambdaA1S1*alpha*12%*(alpha-1);
hazA1S1_24=lambdaA1S1*alpha*24** (alpha-1);
hazA1S2_12=lambdaA1S2*alpha*12** (alpha-1);
hazA1S2_24=1lambdaA1S2*alpha*24+** (alpha-1);
hazA1S3_12=lambdaA1S3*alpha*12** (alpha-1);
hazA1S3_24=1ambdaA1S3*alpha*24** (alpha-1);
hazA2S1_12=lambdaA2S1*alpha*12** (alpha-1);
hazA2S1_24=lambdaA2S1*alpha*24** (alpha-1);
hazA2S2_12=1lambdaA2S2*alpha*12** (alpha-1) ;
hazA252_24=1ambdaA2S2*alpha*24** (alpha-1);
hazA253_12=1ambdaA2S3*alpha*12+* (alpha-1) ;
hazA2S3_24=1ambdaA2S3*alpha*24** (alpha-1);
hazA3S1_12=1ambdaA3S1*alpha*12** (alpha-1);
hazA3S1_24=lambdaA3S1*alpha*24** (alpha-1);
hazA3S2_12=1ambdaA3S2*alpha*12** (alpha-1);
hazA3S2_24=1ambdaA3S2*alpha*24** (alpha-1);
hazA3S3_12=lambdaA3S3*alpha*12+* (alpha-1);
hazA3S3_24=1ambdaA3S3*alpha*24** (alpha-1);

survA1S1_12=exp(-lambdaA1S1*12%*alpha) ;
survA1S1_24=exp(-lambdaA1S1%24**alpha) ;
survA1S2_12=exp(-lambdaA1S2*12%*alpha) ;
survA1S2_24=exp(-lambdaA182%24x**alpha) ;
survA1S3_12=exp(-lambdaA1S3*12%*alpha) ;
survA1S3_24=exp(-lambdaA1S3%24**alpha) ;
survA2S1_12=exp(-lambdaA2S1*12%*alpha) ;
survA2S1_24=exp(-lambdaA2S1%24**alpha) ;
survA2S2_12=exp(~lambdaA2S2*12**alpha) ;
survA2S2_24=exp(-lambdaA252%24**alpha) ;
survA2S3_12=exp (-lambdaA283*12**alpha) ;
survA2S3_24=exp (-lambdaA253*24**alpha) ;
survA3S1_12=exp(-lambdaA3S1*12+*alpha) ;
survA3S1_24=exp(-lambdaA3S1*24**alpha) ;
survA3S2_12=exp(-lambdaA3S2*12**alpha) ;
survA3S2_24=exp (-lambdaA352%24**alpha) ;
survA3S3_12=exp(-lambdaA3S3*12+*alpha) ;
survA3S3_24=exp (-lambdaA3S3*24+**alpha) ;

oddsA1S1_12=(1-survA1S1_12)/survA1S1_12;
oddsA1S1_24=(1-survA1S1_24)/survA1S1_24;
oddsA1S2_12=(1-survA1S2_12)/survA1S2_12;
oddsA1S2_24=(1-survA1S2_24)/survA1S2_24;
oddsA183_12=(1-survA1S3_12)/survA1S3_12;
oddsA1S3_24=(1-survA1S3_24)/survA1S3_24;
oddsA2S1_12=(1-survA2S1_12)/survA2S1_12;
oddsA2S1_24=(1-survA2S1_24)/survA2S1_24;
oddsA2S2_12=(1-survA2S2_12)/survA2S2_12;
0ddsA2S2_24=(1-survA2S2_24)/survA2S2_24;
oddsA2S3_12=(1-survA2S3_12)/survA2S3_12;
oddsA283_24=(1-survA2S3_24) /survA2S3_24;
oddsA3S1_12=(1-survA3S1_12)/survA3S1_12;
oddsA3S1_24=(1-survA3S1_24)/survA3S1_24;
oddsA3S2_12=(1-survA3S2_12)/survA3S2_12;
0ddsA3S2_24=(1-survA3S2_24) /survA3S2_24;
0ddsA3S3_12=(1-survA3S3_12)/survA3S3_12;
0ddsA3S3_24=(1-survA3S3_24) /survA3S3_24;

hazratioA1S1_12=hazA1S1_12/hazBASELINE12;
hazratioA1S1_24=hazA1S1_24/hazBASELINE24;
hazratioA1S2_12=hazA1S2_12/hazBASELINE12;
hazratioA1S2_24=hazA1S2_24/hazBASELINE24;
hazratioA1S3_12=hazA1S3_12/hazBASELINE12;
hazratioA1S3_24=hazA1S3_24/hazBASELINE24;
hazratioA2S1_12=hazA2S1_12/hazBASELINE12;
hazratioA2S1_24=hazA2S1_24/hazBASELINE24;
hazratioA2S2_12=hazA2S2_12/hazBASELINE12;
hazratioA2S2_24=hazA2S2_24/hazBASELINE24;
hazratioA2S3_12=hazA2S3_12/hazBASELINE12;
hazratioA2S3_24=hazA2S3_24/hazBASELINE24;
hazratioA3S1_12=hazA3S1_12/hazBASELINE12;
hazratioA3S1_24=hazA3S1_24/hazBASELINE24;
hazratioA3S2_12=hazA3S2_12/hazBASELINE12;
hazratioA3S2_24=hazA3S2_24/hazBASELINE24;
hazratioA3S3_12=hazA3S3_12/hazBASELINE12;
hazratioA3S3_24=hazA3S3_24/hazBASELINE24;

oddsratioA1S1_12=0ddsA1S1_12/0ddsBASELINE12;
oddsratioA1S1_24=o0ddsA1S1_24/0ddsBASELINE24;
oddsratioA1S2_12=0ddsA1S2_12/0ddsBASELINE12;
oddsratioA1S2_24=0ddsA1S2_24/0ddsBASELINE24;
oddsratioA1S3_12=0ddsA1S3_12/0ddsBASELINE12;
oddsratioA1S3_24=0ddsA1S3_24/0ddsBASELINE24;
oddsratioA251_12=0ddsA2S1_12/0ddsBASELINE12;
oddsratioA2S1_24=0ddsA2S1_24/0ddsBASELINE24;
oddsratioA2S2_12=0ddsA2S2_12/0ddsBASELINE12;
oddsratioA2S2_24=0ddsA2S2_24/0ddsBASELINE24;
oddsratioA2S3_12=0ddsA2S3_12/0ddsBASELINE12;
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oddsratioA283_24=0ddsA2S3_24/0ddsBASELINE24;
oddsratioA3S1_12=0ddsA3S1_12/0ddsBASELINE12;
oddsratioA3S1_24=oddsA351_24/0ddsBASELINE24;
oddsratioA382_12=0ddsA3S2_12/0ddsBASELINE12;
oddsratioA382_24=0ddsA352_24/0ddsBASELINE24;
oddsratioA3S3_12=0ddsA3S3_12/0ddsBASELINE12;
oddsratioA3S3_24=0ddsA3S3_24/0ddsBASELINE24;

print hazBASELINE12 hazBASELINE24 survBASELINE12 survBASELINE24 oddsBASELINE12 oddsBASELINE24;

print hazA1S1_12 hazA1S1_24 hazA1S2_12 hazA152_24 hazA1S3_12 hazA183_24;
print hazA2S1_12 hazA2S1_24 hazA2S2_12 hazA2S2 24 hazA253_12 hazA283_24;
print hazA3S1_12 hazA381_24 hazA332_12 hazA352_24 hazA353_12 hazA383_24;

print survA1S1_12 survA1S1_24 survA1S2_12 survA1S2_24 survA1S3_12 survA1S3_24;
print survA2S1_12 survA2S1_24 survA2S82_12 survA2S2_24 survA283_12 survA2S3_24;
print survA3S1_12 survA3S1_24 survA3S2_12 survA3S2_24 survA3S3_12 survA3S3_24;

print oddsA1S1_12 oddsA1S1_24 oddsA1S2_12 oddsA1S2_24 oddsA1S3_12 oddsA1S3_24;
print oddsA251_12 oddsA251_24 oddsA252_12 oddsA252_24 oddsA283_12 oddsA253_24;
print oddsA3S1_12 oddsA3S1_24 oddsA3S2_12 oddsA3S2_24 oddsA3S3_12 oddsA383_24;

print hazratioA1S1_12 hazratioA1S1_24 hazratioA1S2_12 hazratioA1S2_24 hazratiolA133_12 hazratioA183_24;
print hazratioA251_12 hazratioA281_24 hazratioA252_12 hazratioA282_24 hazratioA2S3_12 hazratioA2S3_24;
print hazratioA3S1_12 hazratioA3S1_24 hazratioA3S2_12 hazratioA332_24 hazratioA353_12 hazratioA3S3_24;

print oddsratioA1S1_12 oddsratioA1S1_24 oddsratioA1S2_12 oddsratioA1S2_24 oddsratioA1S3_12 oddsratioA183_24;
print oddsratioA281_12 oddsratioA251_24 oddsratioA2S2_12 oddsratioA282_24 oddsratioA2S3_12 oddsratioA283_24;
print oddsratioA3S1_12 oddsratioA3S1i_24 oddsratioA3S2_12 oddsratioA352_24 oddsratioA3S3_12 oddsratiod3S83_24;

sorkxkkkkkxMoedian Lif et e d sk sk dor ok skokokok ok ok ok ok sk 3 sk ok o 3 e 3 3k ok ok ok 3 ok ok ok 3k ok ok ok sk o ok ok sk o ook ok ok ok ok ok 7
medianBASELINE=((1/lambdaBASELINE)#1log(2))##(1/alpha);
medianA1S1=((1/lambdaA1S1)#log(2))##(1/alpha);
medianA152=((1/lambdaA1S2)#log(2))##(1/alpha);
medianA183=((1/lambdaA183)#log(2))##(1/alpha);
medianA281=((1/lambdaA281)#log(2))##(1/alpha);
medianA282=((1/lambdaA282)#log(2))##(1/alpha);
medianA283=((1/lambdal283)#log(2))##(1/alpha);
medianA3S1=((1/lambdaA3S1)#log(2))##(1/alpha);
medianA382=((1/lambdaA352)#log(2))##(1/alpha);
medianA383=((1/lambdaA3S3)#1log(2))##(1/alpha) ;

print ’medianlifetimeBASELINE=" medianBASELINE;
print ’medianlifetime (age=A1,score=S1)=’ medianAiSi
‘medianlifetime (age=A1,score=52)=’ medianA1S2
’medianlifetime(age=A1,score=S3)=’ medianAl183;
print ’medianlifetime (age=A2,score=S1)=’ medianA2S1
‘medianlifetime (age=A2,score=52)=’ medianA2S2
‘medianlifetime (age=42,score=S3)=’ medianA253;
print ’medianlifetime(age=A3,score=Sl)=’ medianA3S1
‘medianlifetime (age=43,score=52)=’ medianA352
‘medianlifetime (age=A3,score=83)=’ medianA3S3;
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The aim of the research is the statistical modelling of parametric survival distributions of
grouped survival data of long- and shortterm policies in the insurance industry, by means of

a method of maximum likelihood estimation subject to constraints.

This methodology leads to explicit expressions for the estimates of the parameters, as well
as for approximated variances and covariances of the estimates, which gives exact maximum
likelihood estimates of the parameters. This makes direct extension to more complex designs

feasible.

The statistical modelling offers parametric models for survival distributions, in contrast
with non-parametric models that are used commonly in the actuarial profession. When the
parametric models provide a good fit to data, they tend to give more precise estimates of the
quantities of interest such as odds ratios, hazard ratios or median lifetimes. These estimates
form the statistical foundation for scientific decisionmaking with respect to actuarial design,

maintenance and marketing of insurance policies.

Although the methodology in this thesis is developed specifically for the insurance industry, it
may be applied in the normal context of research and scientific decisionmaking, that includes
for example survival distributions for the medical, biological, engineering, econometric and

sociological sciences.
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Die doelwit van die navorsing is die statistiese modellering van parametriese oorlewingsverde-
lings van gegroepeerde oorlewingsdata van lang- en korttermyn polisse in die versekerings-
bedryf, deur middel van 'n metode van maksimum aanneemlikheidsberaming onderworpe

aan beperkings.

Hierdie metode lei tot eksplisiete uitdrukkings vir die beramings van die parameters, asook
vir benaderde variansies en kovariansies van die beramers, wat eksakte maksimum aanneem-
likheidsberamings van die parameters gee. Dit maak direkte uitbreiding na meer komplekse

ontwerpe moontlik.

Die statistiese modellering bied parametriese modelle vir oorlewingsverdelings, in teenstelling
met nie-parametriese modelle wat algemeen in die aktuariéle professie gebruik word. Indien
die parametriese modelle 'n goeie passing by die data gee, sal hulle meer akkurate beramings
van die hoeveelhede van belang, soos kruisprodukverhoudings, risikoverhoudings of mediaan
leeftye gee. Hierdie beramings vorm die statistiese grondslag vir wetenskaplike besluitneming

met betrekking tot aktuariéle ontwerp, onderhoud en bemarking van versekeringspolisse.

Alhoewel die metodologie in hierdie tesis spesifiek vir die versekeringsbedryf ontwikkel is, kan
dit in die normale konteks van navorsing en wetenskaplike besluitneming, wat byvoorbeeld
oorlewingsverdelings vir die mediese, biologiese, ingenieurswese, ekonometriese en sosiolo-

giese wetenskappe insluit, toegepas word.
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