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Appendix:
Parameter estimation in hidden
Markov modelling of migraine

B.1 Model specifications

As mentioned in earlier chapters, general assumptionsstimdagion methods for hidden
Markov models in continuous time have been described in &ueeal. [1]. In this
Appendix, they are explained for the migraine model in Caaftof this thesis. The
notation used is similar to that in [2].

The data set that is used as input to the hidden Markov modehics the following

fields:
e atime variabl€l; ; giving the times of (irregularly spaced) headache assegsme

¢ the headache severily; ; observed at each assessment. Its value is an element of
the vector of headache scorgs 1, 2, 3}, the values of which denote no pain, mild
pain, moderate pain and severe pain, respectively.

e Sumatriptan concentratiorss; ;, simulated based on pharmacokinetic data from
early-phase trials at the times of headache assess#ignis zero in patients that
were administered placebo.

Subscripti is used to refer to théth patient in the data set. Within the subject-level,
subscriptj denotes thgth measurement.
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The hidden Markov model (HMM) of the migraine attack assuthas there exists
a variableX; ; that is not observed.X; ; represents the states of the hidden Markov
process underlying the observed headache sdgresX; ; takes values from the vector
of states{1, 2, 3}. These states can be interpreted clinically as “no reli&ljef” and
“pain free” status.

The relationship betweel; ; andY; ; is given by equation B.1 which states that
if the hidden state at th¢th assessment is known, the observed headache score at that
assessmenk; ;, is independent of all previous states and all previousescor

PlY; j| X, Xi 5. Yin, o Y joa] = PYi |1 Xa 5] = fyigli)- (B.1)

Since no subject-specific parameters are defined in thislythdesubscript is omit-
ted in the remainder of the text. The absence of subjectfgpparameters is the main
difference with hierarchical models using non-linear ndixffects.

The dynamics of the hidden process are governed by the Markaperty (equa-
tion B.2) which states that if the previous state of the pssde known, the current state
is independent of all other states in the past.

PX;|X1,...,X;-1,Th, ..., T;] = P[X;| X1, Tj—1, Tj]. (B.2)

Since the current HMM is in continuous time, the probabitifjpeing in state also
depends on the time between subsequent observations.

Instantaneous transition rates, ,»(t) define the probabilities of moving from one
state to another on an infinitesimally small interval. Thess constitute a matrix
R(6,t), wheref is a vector of parameters (see equation 1 in Appendix A). Ebesr
are dependent on time)(as covariateZ is time-varying.

When calculating the transition probabiliti€qt) from the instantaneous rates, the
algorithm for parameter estimation was based on the foligwielationship between
these variables:

P(t) = exp(R(6,1) - t)

In the calculation of confidence intervals on mean-predi¢teadache responses (Ap-
pendix A), the Kolmogorov differential equations were ugedead of this relation. The
use of these differential equations renders calculatiastef and more stable.

The probabilitiegy, | x, of observing a scor; given stateX; are parameterised as
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logarithms of odds. For example, if the current state iestathe probabilities are:

1
Poix;=1 1+ eap(Br) + eap(Ba) + exp(Fs)
exp(51)
Prix;=1 L+ exp(Br) + exp(Ba) + exp(Bs)
eap(fs)
PAXs=t = T eap(Bh) + eap(Ba) + eap(Bs)
exp(fs)
P3| x;=1

1+ exp(B1) + exp(B2) + exp(B3)

whereg, , 3 are the parameters.

The parameterisation used to specify the probability ihistion of starting states,,,
is similar to that of the observed score probabilities. khigraine modelr,, is fixed
to {1, 0,0} for statesl, 2 and3, respectively.

B.2 The Baum-Welch algorithm

The algorithm that maximises the log-likelihood of HMMs &ferred to as the Baum-
Welch algorithm and is also known as the forward-backwagdrthm or Expectation-
Maximisation (EM) algorithm for HMMs.

The likelihood of the sequence of headache scores of patigiten the HMM pa-
rameters and covariate values, is the product of

¢ the probability of starting in a certain state,

¢ the probabilities of passing through a certain sequencédoleh states at subse-
quent times,

e the probabilities of observing certain scores given theisege of states.

As the actual sequence of states is not observed, all pessifile sequences need
to be evaluated in order to find the most likely one. Howeveimgithe properties in
equations B.1 and B.2, this part of the likelihood can beudated iteratively, enabling
maximisation of the likelihood.

The following steps describe in more detail the estimatioocedure and assump-
tions. The logarithm of the likelihood is taken as this siifigé calculations.

The log-likelihood of the observed sequence of scores is

l(e‘y) = le097m1 + Zx2j>llo.gpmj_1,zj|zj (tj - tjfl) + Ezzjlo.gf(yjkvj)a

whereX, denotes the sum over all possible states @pdhe sum over all assessments
inasequencel’,, | .|, (t; —t;—1) is the transition probability from state;_, to state
x; over the interval between the two assessments, given thatsptan concentration.
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Instead of evaluating the log-likelihood of the observagiathe log-likelihood of the
observationsand the hidden states will be evaluated. This log-likelihoodadled the
complete log-likelihood.

1(0]x,y) = logTe, + Ejs1logPy, | o1z, (t; —tj—1) + Xjlog f(y;]z;).

The complete log-likelihood itself cannot be evaluated.weeer, its expectation
with respect to the hidden state sequence, given the oltsenmre sequence and the
current parameter estimatgs can be evaluated. It has been shown that maximising this
expectation also maximises the log-likelihood of the obsémata [3]. The expectation
of the complete log-likelihood is given by

100, 2,y) = Xilogr,, P(X|Y,0,Z) +
Vg2 51009 Py oy, (t — tj 1) P(Xa, X3 |V, 0, Z) +
Y, Xjlog f (y;lz;) P(X|Y, 0, Z).

This result is directly obtained by applying the followingppability rule:

E[R(X)[Y] = Exh(X)P(X]Y)

The evaluation of the expectation is the E-step in the EMrélyn. This step uses
a number of convenient recurrent procedures that are basttegroperties of HMMs
(equations B.1 and B.2)[3]. These procedures replace the pathe expectation for
which evaluation is difficultP (XY, 0’, Z) and P(X,, X,|Y,0', Z).

The M-step maximises the expected value by updating thesguparameter val-
ues. This is done using the gradient descent method in th@NHiBrary for nonlinear
optimisation [4].

The EM algorithm alternates between the Expectation andviieimisation step
until a maximum value of the expected log-likelihood hasrbieeind.

B.3 Model implementation: user-written routines

Modelling the anti-migraine response to sumatriptan neguthe implementation of a
more complicated transition-rate model. When changing anlyqf the existing model
structure of the HMM, related structures need to be changededl: Equations for the
gradients (first-order derivatives) of the model paransetered to be adapted in order to
ensure minimisation of the objective function. The Hessig@econd-order derivatives
with respect to the parameters) need to be redefined if estintd standard errors are
required.

User-written models for transition rates and their deiwest were created and imple-
mented by adapting available C code and correspondingifunsdn the S-Plus wrapper.

In addition, a S-Plus routine was written to derive configeintervals for mean-
predicted headache responses.
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This section lists three code files that were edited for thelémentation used in
Chapters 3, 4 and 5 of this thesis.

e nodel . c, the file that contains the structures of the observed saotepilities,
the instantaneous transition rates and the initial staibatilities.

e nodel . s, the corresponding S wrapper.

e probtit.s, the iterative S-Plus routine for constructing confidenuerivals
around predicted headache response profiles.

Excerpt from nmodel . ¢, containing the edited transition model specification and
associated first and second derivatives. A description of thfull code can be found
on

http://ww. crul rg. ul aval . ca/ pages_perso_chercheurs/
bureau_a/logiciel.htm

/+* Function Body =/
if (*xmbde > 0) {
if (*npde > 2)
for (i =1; i <= xns; ++i)
for (j =1; | <= *ns; ++j)
for (ijk = 1; ijk <= *nh; ++ijk) {
grad[i + (j +ijk = (*ns)) * (*ns)] = zero;
[ * for (ijk2 =1; ijk2 <= ijk; ijk2++)
27/ 8/ 2002 Line nodified by H Maas: ijk2 <= *nh , to allow
initialisation of all cells in 'hes'. However, change does
not influence output =/
for (ijk2 = 1; ijk2 <= *nh; ijk2++)
hessian[i + (j + (ijk +ijk2 » (*nh)) * (*ns)) =
(*ns)] = zero;

}
el se
for (i =1; i <= *ns; ++i)
for (j =1; j <= xns; ++)
for (ijk =1; ijk <= *nh; ++ijk)
i

+ P

(j +ijk * (*ns)) * (*ns)] = zero;

/+ H Maas 27/8/2002; ijk initialisation for linear covariate
relation at tine zero: =*/
ijk = (*ns - 1) * (*nph + 1);
for (i =1; i <= =x*ns; ++i) {
/* NLIN start =/
/+* NLIN end */
sum = zero;

ifst =ijk;
for (j =1, j <= *ns; ++j) {
if (j ==1i) continue ;
/+ Linear nodel left-outs signified by LIN
LIN ++ijk;
wor k hpar[ijk]; =/

wor k zero;
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for (k = 1; k <= *nph; ++k) {
++ij k;
/+* LIN work += hpar[ijk] * hcov[k]; =/
wosnf k-1] = hcov[Kk] / (exp(hpar[ijk]) + hcov[k]);
+H jk;
wosni k-1] == hpar[ijKk];
}

/+ Nonlinear nodel add-ins surrounded by: NLIN start =/

for( k=1; k<=+nph; ++k)
{
wor k += wosni k-1];

}

++ij k;
work += hpar[ijKk];
/+ NLIN end */
a[i + ] * (*ns)] = exp(work);
sum += a[i + | * (*ns)];

}
a[i +1i * (*ns)] = -sum
if (*mode > 0) {
ijk = ifst;
for (j =1, | <= +ns; +4j) {
if (i ==]j) continue
[+ LIN
++ij k;

grad[i + (i +ijk = (*ns)) » (*ns)] = -a[i +j * (*ns)];

gradfi + (j +ijk » (*ns)) » (*ns)] = a[i +] * (*¥ns)];
*/

for (k = 1; k <= *nph; ++k) {

+H K

/+* NLIN start (linear nodel overwitten) =/

kilm=1ijk + 1

grad[i + (i + ijk * (*ns)) * (*ns)] = (hcov[k] * hpar[Kkl n
* exp(hpar[ijk]) =

a[i +j * (*ns)]) / ((exp(hpar[ijk]) + hcov[k]) =
(exp(hpar[ijk]) + hcov[k]))

grad[i + (j +ijk * (*ns)) * (*ns)] = -(hcov[k] * hpar[kln
* exp(hpar[ijk]) =

a[i +j = (*ns)]) / ((exp(hpar[ijk])+hcov[k])*(exp(hpar[ijk])
+ hcov[k]));

++ij k;
kit =ijk - 1
grad[i + (i +ijk * (*ns)) * (*ns)] = -(hcov[k] =*
a[i +j » (*ns)]) / (exp(hpar[kji]) + hcov[k]);
grad[i + (j +ijk = (*ns)) = (*ns)] = (hcov[k] =*
a[i +j = (*ns)]) / (exp(hpar[kji]) + hcov[k]);

}

+H j k;

grad[i + (i +ijk * (*ns)) * (*ns)]

grad[i + (j + ijk * (*ns)) * (*ns)]
/+* NLIN end */

}

“ali 4+ o+ (+ns)];
ali +j * (+n9)];



APPENDIXB: PARAMETER ESTIMATION 147

if (*node > 2) {

ij2 = ifst;
for (j =1; j <= =xns; ++) {
if (i '=1j)

{ I+ Start the parameter index at 1st paraneter of
transition fromi to j

LI'N
isd =ijk2 =ij2=j <i ?2( +i * (*ns - 1)) =
(*nph + 1)
(j -1 +i * (*xns - 1))
* (*nph + 1);

hessian[i + (i + (ij2 + ijk2 *x(*nh)) * (*ns)) * (*ns)]
= -a[i +] x (*¥ns)];
hessian[i + (j + (ij2 + ijk2 *x(*nh)) * (*ns)) * (*ns)]
=ali +] * (*ns)];
NLIN start ; next line initiates paraneter index in the
case of nonlinear transitions BUT linear initial distributions */
isd =ijk2 =ij2=j <i ?2( +1i * (*ns - 1)) =
(2%(*nph) + 1) - 4x(*nph):(j - 1 +1i * (*ns - 1))
* (2+(*nph) + 1) - 4x(*nph);
for (I =1; | <= xnph; ++) {
km =ij2 + 1;
for (k = 1; k <= =nph; ++k) {
isg =1 ==k?1:0
kim=ijk2 + 1
hessian[i + (i + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= -hcov[l] * hpar[km] * exp(hpar[ij2]) * (hpar[kln] * hcov[k] =
exp(hpar[ijk2]) + 2 = isq = exp(hpar[ij2]) * (exp(hpar[ij2]) +
hcov[I]) - isq * (exp(hpar[ij2]) + hcov[I]) * (exp(hpar[ij2])
+ hcov[l])) = a[i +j = (xns)] / ((exp(hpar[ij2]) + hcov[I]) =
(exp(hpar[ij2]) + hcov[l]) * (exp(hpar[ijk2]) + hcov[k]) =
(exp(hpar[ijk2]) + hcov[k]));
hessian[i + (j + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= hcov[l] * hpar[km] * exp(hpar[ij2]) * (hpar[kln] * hcov[k] =
exp(hpar[ijk2]) +
2 + isq * exp(hpar[ij2]) * (exp(hpar[ij2]) + hcov[l]) -
isq » (exp(hpar[ij2]) + hcov[I]) * (exp(hpar[ij2]) + hcov[I])) =
a[i +j * (*ns)] /
((exp(hpar[ij2]) + hcov[I]) = (exp(hpar[ij2]) + hcov[I]) =*
(exp(hpar[ijk2]) + hcov[k]) * (exp(hpar[ijk2]) + hcov[Kk]));
++ij k2
kii =ijk2 - 1
hessian[i + (i + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= hcov[l] = exp(hpar[ij2]) * (hcov[k] * hpar[km] + isq *
exp(hpar[ij2]) +
isq » hcov[l]) *= a[i + ] » (*ns)] / ((exp(hpar[ij2]) + hcov[I]) =
(exp(hpar[ij2]) + hcov[I]) = (exp(hpar[kji]) + hcov[k]));
hessian[i + (j + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= -hcov[l] * exp(hpar[ij2]) * (hcov[k] * hpar[km] + isq *
exp(hpar[ij2]) +
isqg * hcov[l]) * a[i + ) » (*ns)] / ((exp(hpar[ij2]) + hcov[I]) =*
(exp(hpar[ij2]) + hcov[l]) * (exp(hpar[kji]) + hcov[k]));
++ij k2
}
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hessian[i + (i + (ij2 + ijk2 x(*nh)) * (*ns))
* (*ns)]= hpar[km] * hcov[l] =*
exp(hpar[ij2]) + a[i +j = (*ns)] /
((exp(hpar[ij2]) + hcov[l]) = (exp(hpar[ij2])
+ hcov[l]));
hessian[i + (j + (ij2 + ijk2 *x(*nh)) * (*ns)) * (*ns)]
= -hpar[km] * hcov[l] * exp(hpar[ij2]) =
a[i +]j * (xns)] / ((exp(hpar[ij2]) + hcov[I])
* (exp(hpar[ij2]) + hcov[I]));

ijk2 = isd;
++ j 2;
kkl =ij2 - 1;

for (k = 1; k <= xnph; ++k) {
isg =1 ==k?1:0
kKim=ijk2 + 1;
hessian[i + (i + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= hcov[l] * exp(hpar[ijk2]) * (hcov[k] =
hpar[kln] + isq * exp(hpar[kkl]) + isq * hcov[Il])
* a[i +] » (*ns)] / ((exp(hpar[kkl])+ hcov[I]) =
(exp(hpar[ijk2]) + hcov[k]) * (exp(hpar[ijk2])
+ hcov[Kk]));
hessian[i + (j + (ij2 + ijk2 *=(*nh)) * (*ns)) * (*ns)]
= -hcov[Il] * exp(hpar[ijk2]) * (hcov[k] * hpar[kln] +
isq * exp(hpar[kkl]) +
isq * hcov[l]) * a[i + ) * (*ns)] / ((exp(hpar[kkl])
+ hcov[l]) * (exp(hpar[ijk2]) + hcov[k]) =
(exp(hpar[ijk2]) + hcov[k]));
++i j k2;
kii =ijk2 - 1;
hessian[i + (i + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= - hcov[l] * hcov[k] * a[i + ] * (*ns)] /
((exp(hpar[kkl]) + hcov[l]) * (exp(hpar[kji]) +
hcov[k]));
hessian[i + (j + (ij2 + ijk2 *(*nh)) (*ns)) * (*ns)]
= hcov[Il] * hcov[k] * a[i + j * (*ns)] /
((exp(hpar[kkl]) + hcov[l]) * (exp(hpar[kji]) +
hcov[k]));
++ij k2
}
hessian[i + (i + (ij2 + ijk2 *(*nh)) * (*ns)) * (xns)]
= - hcov[Il] * a[i + ) * (*ns)] /
(exp(hpar[kkl]) + hcov[I]);
hessian[i + (j + (ij2 + ijk2 *(*nh)) * (*ns)) = (*ns)]
= hcov[Il] * a[i + ) * (*ns)] /
(exp(hpar[Kkkl]) + hcov[l]);

*

++ij 2;
ijk2 = isd;
}

for (k = 1; k <= *nph; ++k) {
klm=ijk2 + 1;
hessian[i + (i + (ij2 + ijk2 *=(*nh)) * (*ns)) * (*ns)]
= hcov[k] * hpar[klnm = exp(hpar[ijk2]) =
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a[i +j * (*ns)] /
((exp(hpar[ijk2]) + hcov[Kk]) * (exp(hpar[i]jk2])
+ hcov[k]));
hessian[i + (j + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= - hcov[k] * hpar[kln] * exp(hpar[ijk2]) =
a[i +j * (*ns)] /((exp(hpar[ijk2]) + hcov[k]) =
(exp(hpar[ijk2]) + hcov[k]));
++ij k2;
kji =ijk2 - 1
hessian[i + (i + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= - hcov[k] * a[i + | * (*ns)] /
(exp(hpar[kji]) + hcov[k]);
hessian[i + (j + (ij2 + ijk2 *(*nh)) * (*ns)) * (*ns)]
= hcov[k] * a[i +j * (*ns)] /
(exp(hpar[kji]) + hcov[k]);
++ij k2;
}
hessian[i + (i + (ij2 + ijk2 x(*nh)) * (*ns)) * (*ns)]
=-a[i +j * (*ns)];
hessian[i + (j + (ij2 + ijk2 x(*nh)) * (*ns)) * (*ns)]
=ali +] * (*ns)];

/* NLIN end */
} /= closing "if (i !'=7j)" loop =/
} /= closing "j" loop ("to state" loop) =/
} /+ closing node2 */
} /* closing "i"loop ("fromstate" |oop) =*/
return O
} I intsty_ */
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model.s

intsty<-function(cnode=0, hpar, nst, nph, hcov)

{

nh<-1| engt h( hpar)

a<- doubl e(nst *nst)

gr ad<- doubl e( nst *nst *nh)

# hid.par<-matrix(hpar[((nst-1)*(nph+1)+1):nh], nph+1, nst)
#l i near covariates, 2 states only

hi d. par<-matrix(hpar[ ((nst-1)+*(nph+1)+1): nh], nrow=2+«nph+1)
#emax covariates, all nunbers/states

if(nph == 1) a[-seq(l, nstxnst, nst+1)]<-exp(hid.par[seq(2, 2«nph, 2),]*
hcov/ (exp(hid. par[seq(1l, 2xnph-1, 2),]) +hcov) +hi d. par[ nph*2+1,1])
#of f - di agonal el ements; | n( EC50) nodel

else if(nph > 1) a[-seq(1, nstxnst, nst+1)]<-

exp(appl y(hid. par[seq(2, 2xnph, 2),] *hcov/ (exp(hid. par[seq(1, 2xnph-1,2),])
+hcov), 2, sum +

hi d. par[ nph*2+1,]) #off-diagonal el enents;|n(EC50) nodel

el se a[-seq(1, nst*nst, nst+1)]<-exp(hid.par)
# Colum order of "a" is (1,1)(1,2)(1,3)(2,1)(2,2)(2,3)(3,1)(3,2)(3,3)

tenp<-matrix(a, nst, nst)

a[ seq( 1, nst*nst, nst+1)] <--appl y(tenp, 2, sum

if (cnode > 0)

{
ij2<-(nst-1)*(nph+1)
hi dpar . col <-0
for (i in 1:nst)

{

for (j in 1:nst) {

if (jr=i) {

hi dpar . col <-hidpar.col + 1

# NEW 21/08/2005 if functions for hnmfunctions with 0 hidden
covariates # NEW 22/08/2005 switched j and i subscripts in grad
code

if (nph >0 ) {
for (k in 1:nph) {

grad[i + (i + ij2xnst-1)*nst]<-(hcov[k]=*hid.par[2xk, hidpar.col]=*
exp(hid.par[2+k-1, hidpar.col])*a[j + (i-1)*nst]) /

((exp(hid. par[2+k-1, hidpar.col])+

hcov[ k])=**2) #l ogec50 di ag

grad[i + (j + ij2xnst-1)*nst]<--(hcov[k]=+hid.par[2«k, hidpar.col]=*
exp(hid.par[2*k-1, hidpar.col])*a[j + (i-1)*nst]) /



APPENDIXB: PARAMETER ESTIMATION 151

((exp(hid. par[2+k-1, hidpar.col])+
hcov[ k])**2) #l ogec50 of f-di ag

ij2<-ij2 +1
grad[i + (i + ij2xnst-1)*nst]<--(hcov[k]*a[j + (i-1)*nst]) /
(exp(hid. par[2+k-1, hidpar.col])+hcov[k]) #emax diag
grad[i + (j + ij2+xnst-1)xnst]<-(hcov[k]*a[j + (i-1)*nst]) /
(exp(hid. par[2xk-1, hidpar.col])+hcov[k]) #emax off-diag
ij2<-ij2 +1
}

grad[i + (i + ij2+*nst-1)*nst]<--a[j + (i-1)*nst] #base diag
grad[i + (j + ij2*nst-1)*nst]<-a[j + (i-1)*nst] #base off-diag

ij2<-ij2 +1
} #!=
}o#
} #i
} #grad
# cat ("cov =", hcov, "\n")
# cat ("a =",a, " grad<-a =",

# grad, "\n")
list(a=a, grad=grad)
} #intsty

first<-functi on(cnode=0, hpar, nst, nph, hcov) # Linear covariate
structure assuned

{

nh<-1 engt h( hpar)

del t a<- doubl e(nst)
gr ad<- doubl e( nst *nh)

first.par<-matrix(hpar[1: ((nst-1)*(nph+1))], nrow=nph+1)
delta[1]<-1.0

if (nph > 0) delta[-1]<-exp(apply(first.parxc(1,hcov), 2,sum)

# for all numbers of states

# linear covariates. |If nph>1, 'hcov’ is ’'conbinh’in sinulation node

el se delta[-1] <-exp(first.par)
del ta<-del ta/ sunm(del t a)

# cnode=0

if (cnode > 0) {
for (i in 1:nst) {
for (j in 2:nst) {

if (j==i) dternx-delta[i] * (1 - delta[i])
el se dternx--deltaf[i] *» delta[j]

if (nph > 0) grad[seq(i+(j-2)*nst,i+(j-2+nph)*nst,nst)]<-dtermc(1,hcov)
el se grad[i+(j-2)*nst]<-dterm

}
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}
}

cat
cat
cat
list

("cov =", hcov, "\n")
("delta = ",delta,"\n")
("grad =", grad, "\n")

(del ta=del ta, grad)

1}

APPENDIXB
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probtit.s

nmeanscores <- function(x,tinmevec, cnode, hcov, scorevec) {
# Required argunents

X -
ti mevec -

cnode -

scorevec -

hcov -

HHHHHH R

# preparations

An S-plus hmm obj ect

Vector containing observational time points
(length = ntine)

Shoul d prediction interval be estinated
(yes=1, no=0) ?

Whi ch score or conposite of scores should
be predicted?
e.g. ¢(0,1) for having either score 0 or 1

Optional argunents

matri x (not vector!) of
hi dden process covari ate val ues
(ncol =nph, nrow=nti ne)

nh <- as.integer(length(x$hi dden. par))
no <- as.integer(length(x$obs. par))

nx <- nh + no

if (mssing(hcov))

if (x$nph>0)
hcov <- matrix(0, ncol =x$nph, nrow=l engt h(ti mevec))

el se

hcov <- matrix(0, ncol =1, nrow=l engt h(ti nevec))

}

if (tinevec[1]

1= 0.0)

stop("First element of timevec should be zero")

probab <- matrix(0, nrow=(x$ns=+l ength(ti mevec)), ncol =x$ns+1)

# transition probabilities conditional on starting states

probab[, 1] <-

rep(tinevec, 1, each=x$ns)

probab[ 1: x$ns, -1] <- di ag(rep(1, x$ns))

probability <-

# score probabilities taking into account initial conditions

pr obab

I x <- x$ns*| ength(timevec)

Itheta <- length((((x$ns-1)*(x$nph+1)+1):nh)[eval (x$cal | $bl)

[ ((x$ns-1) *(x$nph+1) +1): nh] <
eval (x$cal | $bu) [ ((x$ns- 1) *(x$nph+1) +1): nh]])

probabderiv <-

array(0, di mrc(l x, x$ns+1, I theta))

# deriv of transition probabilities

# conditiona

on starting state

probabderiv[,1,] <- rep(tinevec, 1, each=x$ns)

variance <- rep(0,length(tinmevec))

variance[ 1] <-

0

# extracting relevant elenents fromvar-covar natrix
Ivarf <- length((21:((x$ns-1)*(x$nph+l)))
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[eval (x$cal | $bl)[1: ((x$ns-1)*(x$nph+1))]
< eval (x$cal | $bu) [ 1: ((x$ns-1)*(x$nph+1))]1])

if (length((((x$ns-1)*(x$nph+1)):nh)[eval (x$call $bl)
[ ((x$ns-1) *(x$nph+1)): nh] < eval (x$cal | $bu)
[((x$ns-1)*(x$nph+1)):nh]]) > 0)

varh <- (lvarf+1):(lvarf + length((((x$ns-1)*(x$nph+1))
:nh)[eval (x$cal | $bl)

[((x$ns-1)*(x$nph+1)):nh] < eval (x$cal | $bu) [ ((x$ns-1)*
(x$nph+1)):nh]]))

el se

stop("No standard errors available for intensity matrix
el enents")

varcov <- x$var[c(varh), c(varh)]

# preparing output matrix
outputmatrix <- piout(x,print=F)
outputmatri x <- outputnatrix[scorevec+1, ]

if (length(scorevec) > 1)
outputmatrix <- as.matrix(apply(outputmatrix, 2, sunm)

# iterating over the tines in the time vector

for( i in 2:length(timevec) )

{

a <- as. doubl e(intsty(cnode, x$hi dden. par, x$ns
x$nph, hcov[i,]) $a)

grad <- as. doubl e(intsty(cnode, x$hi dden. par, x$ns
x$nph, hcov[i,]) $gr ad)

transmatrix <- matrix(a, x$ns, x$ns, byr ow=T)
gradarray <- array(grad, di nec(x$ns, x$ns, nh))

# extracting relevant elements from gradi ent matrix
#(partial derivatives of transition RATES)
gradcol sel ect <- (((x$ns-1)*(x$nph+1)+1): nh)
[eval (x$cal | $bl ) [ ((x$ns- 1) *(x$nph+1) +1) : nh]
< eval (x$cal | $bu) [ ((x$ns- 1) *(x$nph+1) +1): nh]]

grada <- gradarray[,, gradcol sel ect]

# cal culating mean of transition probabilities and their
# partial derivatives

probab[ ((i-1)*x$ns+1): (x$ns*i),-1] <-

probab[ ((i-2)*x$ns+1): ((i-1)*x$ns),-1] +

(probab[ ((i-2)*x$ns+1):

((i-1)*x$ns),-1] %% transmatrix)*

(timevec[i] - timevec[i-1])

pgrad <- array(O0,di nFc(x$ns, x$ns+1,1theta))
derivr <- array(0,di mec(x$ns, x$ns+1,1theta))

# iterating over the theta dinension in arrays
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for( j in 1l:1theta)

pgrad[1:x$ns,-1,j] <-
probab[ ((i-2)*x$ns+1): ((i-1)=*x$ns), -1]
% % grada[, ,j]
# pgrad = probababilities * gradient
derivr[1:x%ns,-1,j] <-
probabderi v[ ((i-2)*x$ns+1):((i-1)*x$ns),-1,j]
% % transmatrix
# derivr = derivative of
# probabilities * intensity matrix
probabderi v[ ((i-1)*x$ns+1): (x$ns*i),-1,j]
<- probabderiv
[((i-2)*x$ns+1): ((i-1)*x$ns),-1,j] +
pgrad[ 1:x$ns,-1,j]*(timevec[i] - timevec[i-1]) +
derivr[1:x$ns,-1,j]*(tinmevec[i] - timevec[i-1])

}

# cal cul ati ng mean score probabilities (no OCOV handling yet)
probabi l'i ty[(i-1)*x$ns+1,-1] <-
probab[ ((i-1)*x$ns+1): (i *x$ns), - 1]
% % out put mat ri x
probabi lity[(i-1)*x$ns+l,-1] <-
x$initd % % probability[(i-1)*x$ns+1, -1]

# calculating partial derivatives of score probabilities
probabderivative <- rep(0,I|theta)
for( j in 1l:1theta)

probabderivative[j] <- x$initd %%
probabderi v[ ((i-1)*x$ns+1): (i*x$ns),-1,j]
% % out put mat ri x

}

# cal cul ating variance of score probabilities
variance[i] <-
probabderivative % % varcov % % probabderivative

} # time-1oop finished

# conpl eting nmean score probabilities for time zero
probability[1,-1] <- probab[1:x$ns,-1] % % out putnatrix
probability[1,-1] <- x$initd % % probability[1,-1]

probability <-

as. data. frane(probability[seq(l1,|ength(tinmevec)+*x$ns,x$ns),])

# logit transformati on on variances and score probabilities
variance <- variancex(1/(probability[,2]*(1-probability[,2])))**2
# partial derivative of score probability

#is 1/ px(1l-p), then apply delta nethod

probability[,-1] <- log(probability[,-1]/(1l-probability[,-1]))

# cal cul ati ng boundaries of score probabilities
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P}

probability[,3] <- probability[,2] - 1.96 * sqrt(variance)
probability[,4] <- probability[,2] + 1.96 * sqrt(variance)

#if ( probability[,3] > 1)
#probability[,3] <- 1

#if ( probability[,4] > 1)
#probability[,4] <- 1

# back-transformation of probabilities
probability[,-1] <- exp(probability[,-1])/

(1+exp(probability[,-1]))
probability <- probability[, 1:4]

names(probability) <- c("tine","mean prob","|ower prob","upper prob")

return(probability)
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