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Abstract

A basc part in the risk assessment of potential carcinogens is the
determination of toxicokinetic parameters. The partition of the xenobiotic
in the body of experimental animals is a first step of the biochemical
pathway of the formation of DNA adducts which might lead to the
development of cancer.

Fundamental in the extrapolation from one species to another is the
characterisation of processes by means of population parameters.
Nevertheless, the consideration of individual parameters varying between
repeated experiments and different doses is of great importance to obtain
amore precise insight into the variability structure of the process so that a
valid basis for further research is the final result.

Two nonlinear four-stage hierarchical models for a repeated measurement
design and for repeated exposures to different doses are presented. The
estimation of the individual and population parameters as well as of the

covariance matrices is performed by an EM algorithm.
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1. Introduction

A basic part in the risk assessment of potential carcinogens is the determination of
toxicokinetic parameters. Most chemical carcinogens are transformed into a chemical
active form, its metabolite, that is able to interact with cellular macromolecules such as
DNA, RNA, and protein, and might finally lead to the development of cancer. The
relationship between applied dose and tumor response is nonlinear (Bolt and Filser,
1984). This nonlinearity is supposed to be connected with the kinetic processes involved
in the formation of DNA adducts (Hoel et a., 1983). Hence an important step to assess
the risk of a xenobiotic is to investigate the kinetic processes of its uptake, metabolism,
and elimination.

As the complete research depends on experiments with animals, a critical step is the
extrapolation from the risk observed in the experimental animals to the risk associated
with the human organism. The basis of such a species extrapolation are the so called
PBPK- models (physiologically-based pharmacokinetic models) which take
consideration of many strongly connected kinetic processes. These models require
detailed information about physiological parameters, as well as about the processes
involved. The physiological parameters are supposed to be valid for a whole population.
Determining kinetic population parameters the variation between individual parameters
which may also vary between repeated occasions and doses should be taken into
account.

The present study has been designed to elucidate interindividual and interoccasion
variabilities of toxicokinetic parameters relevant for the carcinogenicity of one of the

basic petrochemical industrial compounds, ethylene (ethene) (Selinski et al., 1999).



Therefore two groups of inhalation experiments with male Sprague-Dawley rats were
performed at the Ingtitute of Occupational Physiology at the University of Dortmund. In
the first group (group A) 10 rats were exposed 5 times each to a concentration of 100
ppm. In the second group (group B) another 10 animals were exposed to five different
concentrations of 20, 50, 100, 200, and 500 ppm ethylene each (Selinski and Urfer,
1998).

Ethylene is an important industrial bulk chemical, which is also present in the
environment. In mammalian organisms ethylene is metabolised to ethylene oxide, which
is directly alkylating different macromolecules. Ethylene oxide is a physiological body
constituent (Bolt, 1996; Bolt et a., 1997) and it’s carcinogenic in animal studies, the
carcinogenicity in humansiis still discussed controversially (Bolt, 1998).

As previous inhalation experiments with ethylene have indicated the metabolism may be
well approximated by first order kinetics at concentrations below 800 ppm (parts per
million). This approximation is used in the present study where the maximum
concentration were about 500 ppm ethylene. At higher concentrations the metabolism of
ethylene becomes more and more saturated (Bolt and Filser, 1987).

A two-compartment model is applied to describe the processes of uptake, exhalation,
and metabolic elimination of ethylene. Two nonlinear four-stage hierarchical models
based on the approach of Racine-Poon and Smith (1990) are presented; the first one for
a repeated measurement design, the second for repeated exposures to different doses.
The estimation of the individual and population parameters as well as of the covariance

matrices is performed by an EM algorithm as proposed by Dempster et a. (1977).



2. Two-compartment model

The two-compartment model used by Filser (1992) for the characterisation of exposure
to volatile xenobiotics describes uptake, endogenous production, excretion, and the
metabolic elimination of the substance. The model is depicted as follows. a xenobiotic
gas, in this case ethylene, enters the body and is exhaled. This process is described by
introducing two compartments, the first, C,, representing the environment outside the
body, here the inhalation chamber of the expostion system, and the second
compartment, C,, the body itself. The volatile xenobiotic migrates from one
compartment to the other through a theoretical interface. During this process, some
portion of the xenobiotic within the organism, at any stage, is eliminated by metabolic

processes, and another portion is again exhaled (cf. Fig. 1).
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Figurel. Two-compartment block model in the case of metabolic turnover

In the case of ethylene this substance is partly transformed, by hepatic metabolising

enzymes (cytochrome P-450) to ethylene oxide (Filser and Bolt, 1983). Ethylene oxide is



biologically reactive and thereby genotoxic (Kirkovski et al., 1998). The principles of the
toxicokinetics of this transformation have been extensively studied (Filser and Bolt,
1984; Bolt et al., 1984), and estimates of the carcinogenic risk of ethylene based on its
metabolic transformation to ethylene oxide were published (Bolt and Filser, 1984, 1987).
This paper concentrates on overal first order kinetic processes. Preceding investigations
have indicated that the initial concentrations from 20 to 500 ppm which we used here
were below the point of saturation of ethylene at about 800 ppm, so that the processes
may well be approximated by first order kinetics (Bolt and Filser, 1987).

Moreover, Becka (1998) showed that first order kinetics may aso be used as
approximations for nonlinear kinetic processes, e.g., MichaglisMenten kinetics, if the

observed maximum concentrations do not exceed the point of saturation.

Let y(t), | = 1, 2, denote the concentration of a xenobiotic in compartment | at time t and
let V, describe the volume of the compartment. A preliminary assumption is that the
compound, in this case ethylene, is metabolised within the body, and that there is no
metabolism back to the parent ethylene, the latter being very likely on toxicological
grounds.

In the case of overall first order kinetics, each partial process can be characterised by one

rate or velocity constant k, that is kI for the uptake, k¥ for the exhalation, and kLY

for the metabolic elimination (cf. Fig. 1). Thus the two-compartment model can be

described by a system of linear differential equations (Becka et al., 1993):
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The solution is given by

y,(t) = y(0) [E(kllzR L 2, JexplAt) - (K + 2, Jexp{At} 0 o
0 (4, -41,) 0
and
o R AN ) o
()= YOG 5 fexp{2,t} exp{,\lt}]E @

where: Ay, =~ E (k2T -+ KT+ )2 S+ 10+ kU - AT and y(0) is the

initial concentration in compartment 1 (Urfer and Becka, 1996).

In the practical application we have to take into account, that the individual organisms
have different volumes which are also varying between repeated experimental occasions.
In general, the kinetic parameters of the individuals are estimated first and then
standardised to eliminate the effect of the volume (i.e., dightly different body weights of
the rats). As we use the estimated parameters of the individuals for further calculations,

we estimate the standardised kinetic parameters directly (Selinski et al., 1999).

According to Filser (1992) the individual rates of uptake k!, exhadation k¥ and
metabolic elimination kI are related to the respective rates ki», ko1 and kq for a standard
rat of 1000 ml by

) =k, 2"

KM =k, ¥)'%, and (5)

kI =k, ¥,, where
000 :
Vv, = %{/—Edepends on the actual volume of the organism V, and the standard volume
2

1000 ml.



Substituting the real kinetic parametersin the (3) and (4) yields

2/3 _ 1/3
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and B = (kiz, ka1, ke, Y(0))" is the vector of the standardised kinetic parameters and the

initial concentration y(0).

3. Population models

3.1 Notation

The observed concentrations of ethylene in the atmosphere of the exposition system
(compartment 1) are denoted by i, with

i =1, ..., 1thenumber of theindividua rat

j =1, ..., Jtheobservations at time pointst; and

k=1, ..., Kthe number of the experiment.

Equal time points of measurement are only assumed to simplify the notation. The index k
denotes the kth occasion of exposure to 100 ppm ethylene for the experiments of group

A and the kth dose for group B.



First of al, we presume that our observations yix vary across a nonlinear function
f(Bit)):

Yo = F(Biot) + &5, i=1,...,10,j=1,..,3,k=1,...,5
The function f (5,,t;) depends on the individual parameter vector Bk and the time t. It

denotes the expected concentration-time curve of the ith individual at the kth occasion.
T

The parameter vector S = (Kizik, Keuks Kaiks Yi(0))" = (Pik, yi(0))", where g = (K

Kok, Kail)" represents the vector of the standardised kinetic parameters, differs from

individual to individual and is of dimension p = 4.

Due to the way of application, the initial concentrations yi«(0) are not exactly known and
have to be treated as parameters, athough we are merely interested in the kinetic
parameters.

Our main interest are not the individual responses to the experimental conditions but is
focussed on a population mean process, which underlies the different individual
processes. The individual Kinetic parameter vectors ¢« may be regarded as to vary at
random across an individual mean parameter vector ¢;, which describes the genera
behaviour of the respective processes for that individual. Furthermore the individual
mean processes are supposed to vary across a population mean process with parameter
vector ¢ in the manner of a random sample. Additionally we suppose that the variances
of the observed concentration-time curves differ from individual to individual and from

occasion to occasion.



3.2 Hierarchical model for group A

Nonlinear hierarchical model

A Bayesian approach according to Racine-Poon (1985) and Racine-Poon and Smith
(1990) is applied to the data. We are interested especialy in the variation of the
individual responses at different dosing occasions, the so called interoccasion variability,
and the variation between the individuals, the intersubject variability.

We propose a four-stage nonlinear hierarchical model assuming that our observations yij
of the concentration of ethylene in the atmosphere of the expostion system are

independent and have the following distribution:

given B, 72 Yixk~N(f(B.t), 72) i=1,...,1,j=1,...,Jandk=1,..,K,

with k= (@, yi(0))", and @i = (Kazik, Ketikr Kai) "

given 3, Q;: Bk~ NG, Q) i=1,...,1 adk=1,...K,

with 5= (¢, y(0))", and ¢ = (kizi, ke, kai)',

given B, Z: B ~N(, %) i=1,...,1,

with  B=(4",(0))", and ¢ = (Kiz, ke, ke)'

p(f 01 Op0R"



Linear hierarchical model

We obtain the Bayes estimates for the population mean and individual parameter vectors
B, B, and Sy by transforming the nonlinear hierarchical model into a linear one, such as
provided by Lindley and Smith (1972). For that purpose the observations vy are replaced
by an "almost™ sufficient statistic {jx with

GkON (B T2Cy, i=1,...,1,k=1,...,K.

For example, i« can be chosen as the mean of the posterior density of Sy . In the case of
uninformative priors for the variances 7, the posterior distribution of B« can be well
approximated by its likelihood, so that the maximum likelihood estimate of Sk can be

used as a good approximation for {x (Racine-Poon, 1985).

The resulting linear hierarchical model is given by:

given g V.  {ON(6, V),

where {=(1, . 0 k) 0=(6, ... )" =B, .. B, =B, .. .. B’

andV = diag{ 77, C11, . . ., T Ci}

given ¢ ,Q: 60N (Zxy, Q),

where 60=(Bis, ... B w=B, ... B),
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given B, \:  wON(ZsB, N), where = (B, ..., B), A=diagZ, ..., 2}, and

Zs=(l4 . . ., 1,)" isasuitable design matrix,

p(p) O 1, 00 R™.
The matrix(rif(Cik)_1 denotes the Information matrix:

- 0 a2° U
(Tiicik) =E dﬁ.kdﬁ.kml_(ylll’ !yIJK‘ﬁlﬂ ﬁIK’ 110 7TI2K)E (8)

First of al, we suppose that our concentration-time curves can be well approximated by

first order kinetic processes, adapting the main idea of the approach of Becka (1998).

With the notation of chapter 2 the concentration-time curve in the exposition system is

given by

f [% KizVaie + A eXp{/‘zukt } (kZJkaélllf Aix )exp{/‘liktj}
1) =00 (=)

B
0 9
H

where v, = MHdepends on the volume of theith rat at the kth occasion Vi and
2ik [1].000 N
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with Az < A1k < 0 (cf. Selinski and Urfer, 1998, for further details).
The vectors of parameters Gk in (9) are substituted by their maximum likelihood

estimates {x, 1 =1,...,10,k=1,...,5.

Estimatesin the case of known covariance matrices
In the case of known variances 7;, and covariance matrices Q and A estimates of the
individual and population mean parameters vectors [y, G, and S can be calculated
following the approach of Lindley and Smith (1972) for linear hierarchical models.
Thus, the posterior distribution of G, given ¢, V, Q, and A is p-variate normal, p = 4,
with mean 8 and covariance matrix A, where

B =Aa with (10)
At=Z217IVv +Q+2,A7]} 2,2, and a=2Z]Z]{v +Q+2Z,AZ]} ¢ is the Bayes
estimator of the population mean parameter vector (3.
The Bayes estimate 5 is normally distributed with mean 3 and covariance matrix A.
The individual Kkinetic processes are characterised by an individual mean parameter

vector £ and experiment specific parameter vectors Si..

The posterior distribution of G, . . ., B, given ¢, S and A, are independent p-variate

normals, p =4, withmeans B”,i =1, .. ., |, and covariance matrices B;, where

g3 lic el Bet dS e o) @ B mien. o
£ 0 & O
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K K
with B = &(Tizkcik +Qi)_1E+Z‘1 and b = i(rizkcik +Qi)_l Dfikﬁ"'z_l [B.
So the Bayes estimate ¢ = (B, . . ., B)" isgivenby ¢/ = Bb
with B =2] (v +Q)"Z, + A" = diag(B;"...., B"} and
b=2zI(V+Q)'¢+A*Z,8=(0,...b,)".

Hence, we obtain the Bayes estimates 3 as given in (11), with means

E(,BF) =B ﬁ (TiI2<Cik +Q, )_1 B E"’Z_l (B

and covariance matrices

Cov(,BiD): B, E@;(ﬁqu +Q, )_1 E:Bi :

The posterior distribution of the parameter vectors @ = (By, . . ., B)', i=1,..., l,
given ¢, B, Q and A are p-variate normal, p = 4, with means ¢ and covariance matrices

D.. Thus the Bayes estimate  is given by

g =Dd or rather
o' =(B...B) =Dy, i=1,...1 (12)
: -1 -1 T _ -1 -1
with D =V +{Q+Z,Az]}" = diag{D;*...., D;*} and

d=vi¢+{a+z,Az]} 2,2,8=(d,.....d,)", where

Hic) 0 g R OB ez pPg
“Ho '(rch.K)%E%o 'oiﬁ*%--iz% e
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The estimators are normally distributed with means

-1

)_ D E.E(Tiicil)

and covariance matrices
Cov(HiD): D, Ejiag{(ri'icil)_l,...,(ri'f< Ci )_1}EIDiT .

As [ will be unknown in the practical application we replace it in (11) and (12) by its
Bayes estimate 5.

The previous estimators are based on known covariance matrices. However, we have
only vague knowledge about these covariance matrices, and the aim of our investigation
is to gain information about just these covariances, especially with regard to the
interoccasion and interindividual variability. Hence, we need a method to estimate both
the parameter vectors and the covariance matrices. Such a method is presented in the

following section.

Estimatorsin the case of unknown covariance matrices

In the case of unknown variances 72,i=1,...,1, k=1, ..., K, Racine-Poon and Smith
(1990) suggest to replace them by suitable estimates 72 . Under the assumptions of our
model and furthermore assuming independent variances 7; with vague prior distribution
p(riﬁ) 01, the posterior mode of 77 is equivalent to its maximum likelihood estimate

fZ . Thus, we approximate the Bayes estimate of 72 by

£ =%Djzl(yi,-k ~ et ) i1 LLk=1.. LK (13)

14



For unknown covariance matrices Racine-Poon and Smith (1990) suggest an EM-type
iterative algorithm as proposed by Dempster et al. (1977) to estimate the individual and
the population mean parameters as well as the covariance matrices Q and A. We adapt

this algorithm to our four stage model assuming that the inverse covariance matrices
Q*,i=1,...,1,and =™ follow Wishart distributions with degrees of freedom p; and
02, and matrices R; and Ry, respectively. Thus R™*/(oi- p-1) and R;'/(0- p-1) play the
role of prior estimates of Q; and ~ and the joint posterior density for £i1, . . ., Bk

Bi...0 B Q" ..., Qrand =7, given {14, . . ., {k, iSproportional to

%_Jﬂ"'kcm\y E}% ZZZ Iy .;1(Zik—/zk)§5
%]IQI QM)&ZZZ g - By o(s ﬁi)éﬂ

o Z B-B)'= (8- B) 0 (14
|j|Q | o EexpE— > tr(R7 [@; )ED
LEGES @nggtr(% )

Vague knowledge about the inverse covariance matrices Q;*, ..., Q;*, and =™ can be

expressed by choosing o, and o, as small as possible, i. e. o, = 0, = p = 4. The choice of
R; and R,, respectively, seems to have little influence on the estimates (Racine-Poon,
1985).

Substituting 72 for 72, if necessary, we obtain the approximations of the Bayes

estimates a  the Ith  iteration of the  EM-agorithm, BY,
w" :(,31(",..., ,(")T,H(" :( AN ,(,L’)T, QO and AV, by replacing the covariance

matrices in (3.1), (3.2), and (3.4) by their current approximations Q'™ and A'™ (E-

15



Step) and subsequent calculation of Q' and A" as the posterior modes using 8,

@, and 89 ( M-Step).

Approximating Q and A in (10) by Q™ and A’™ we obtain

~ - 1 i’ -
B = %;Z;{V + 00D +ZZ/\('_1)Z;} 122235 Z;Z;{V +QUD +ZZ/\('_1)Z;} 1( :

(15)
where V = diag{(fiﬁCik ) o (fif(Cik )}

Substituting 8, Q, and A in (3.2) by 8", Q" and A'™, respectively, yields

~ PR 1t ~ )L ! _
WO :gg(\/m(' 1>) Z,+N\'™ 5 %g(\/m“ 1>) {+N 7z, B¢ 1%. (16)
In the same way we get 8" by replacing the unknown parameters by their current

estimatesin (12):

o :[\7‘1+{Q("1) +ZZ/\('_1)22T}_1]_1[\7‘1(+{Q('_1) +ZZA(|—1)ZZT}—1ZZZ3IB(|)]_ (17)

16



Setting B, ¢ and @ equa to their current values BV, ¢® =(,81(",...,,3.(”)T

" :( AN (") the conditional posterior mode of (14) is given by

R+ Zx(ﬂ(l) ‘ﬂi('))[ﬁﬂiﬂ’ ‘ﬂi('))T
Q) = Ko —p-1 , i=1,...l,ad (18)

R +Z(’B(I) ,3('))(,3(') ,3('))
| +p,-p-1

=0 = (19)

Both steps are repeated until Q¥ , ..., QV, and =" converge. Racine-Poon (1985)

suggests as criterion for convergence, that the maximum change in the elements of the
covariance matrices between successive iterations should be less than 0.001.
Reasonable starting values Q1 . . ., Q% , and =© are given by
K
_1"' Zl((ik _(_i.)((ik _(_i.)T

QO = , =1,
K+p,-p-2

R;1+'Z(z.—z‘..)(a.—z.)T
5O = 1= ’
| +p,-p-3

3.3 Hierarchical model for group B

Analysing the experiments of group B it has to be taken into account that the initial

concentration varies from occasion to occasion. Thus the individual and day-dependent

17



initial concentration yi(0) varies across a day-dependent mean yi(0), about 20 ppm for
k= 1, for instance. Therefore the model for group A has to be modified for the

experimental design of group B.

Nonlinear hierarchical model

As we are merely interested in the kinetic parameter we ignore the potential dependence
between their estimates and the initial concentration. Otherwise we would receive a more
complex model which would be much more difficult to estimate as it was the case for
model A. Moreover, assuming overall first order kinetics implies this independence,
although we have to verify this assumption, of course. A suitable test will be presented in
a further paper. Thus, we developed our hierarchica model only for the kinetic
parameters using the Maximum-Likelihood estimates of the initial concentration if

necessary, i.e. for the calculation of the residuals.

18



Hence, we propose a four-stage nonlinear hierarchical model assuming that our
observations y;jx of the concentration of ethylene in the atmosphere of the exposition

system are independent and have the following distribution:

given @i, Yi(0), T5:  Vik~ N(f(dw, y(0), t), 75) i=1,...,1,j=1,... Jand

k= 1, ... K, with ﬁk = (¢|T< , y||<(0) )T, and ¢ik = (k12i|<, k21i|<, keuk)T

given ¢i;Qi: ¢ik~N(¢i ,Qi), [ =1,...1 and kzl,..., K,

with ¢ = (Kuzi, Keai, Keii) ',

given ¢, 3 ¢ ~N(¢, 2) i=1,...,1,

with @ = (Kaz, Koa, Kai)"

p(¢) 01 O¢ 0 RS

Linear hierarchical model

The nonlinear hierarchical model is transformed into a linear one by substituting the
observations yij by the Maximum-Likelihood estimates {ix. Thus, we receive the

following linear model:

19



given 6, V: 7 ON(6, V),

~ ~ ~ ~ -~ -~ -~ T .
whee ¢ = ({uy - - oo () Cu :(k12ik,k21ik,kdik) are the three first
components of the Maximum-Likelihood estimate ¢ of B, 6=(8,, . . ., )7, 6; =

(Gar - . o )T, V=diag{(T3C,,), . . ., (TZC,)}, and 12C,, denotes the left

upper 3x3 matrix of the inverse of the Information matrix (Tiszik)_l.

given ¢, Q: 60N (Zxy, Q),

where ,0=(6,...,0),0i=(is ... ) U =(fr,.... )

=

- o
|

Q
]
DDDDDDDB
o

3

o
N

]

0 : Uis a suitable design matrix.

o
o — e
OoOod

.0
0

RS
oooooor4

H

o o

1

-0 |

o

given ¢, A WON (Zsg, N),
where ¢ = (kiz, ko1, ka)', A =diag{Z, ..., =}, and Zs =I5, . . ., |3)" isasuitable

design matrix,

p(¢) O 1, O¢ O R>.
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The Bayes estimates &, ¢/, and ¢ are the same as the estimates in section 3.2 for group
A. Note, that using (10) to (12) in the case of known covariance matrices or rather (15)
to (19) in the case of unknown covariance matrices that the dimension p of the parameter

vectorsisthree instead of four.

5. Discussion

The present approach simplifies the complex biological processes of highly organised
living organisms by the reduction to two-compartment models and the approximation of
nonlinear Kkinetics by linear ones. Using linear kinetics we have to be aware of the
possible errors which result from the dependence of the parameters on the concentration
if the underlying processes are nonlinear. Assuming first order kinetics the processes of
uptake, exhaation, and metabolic elimination are independent from the dose. Before
summarising the information provided by experiments within a range of concentrations,
like in group B, it is necessary to verify that afirst order approximation of the processes
is valid. In fact, the experiments of group A show a correlation between the metabolism
and the initial concentration. In a further paper a procedure will be presented to detect
such critical departures from linearity.

A further step in the reduction of complexity was the presentation of a smpler model for
a repeated measurement design which ignored the correlation between 51, S, . . ., and
B (Selinski and Urfer,1998; Selinski et al., 1999). Assuming independence between £,
Bo, . . ., and Bk estimates for each parameter vector S can be calculated separately and

the estimation of Sk and £ requires only the inversion of matrices of size 4x4. Moreover,
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it has to be checked if the estimation procedure for model A can be improved by
considering only the kinetic parameters like in model B. The size of the matrices which
have to be inverted numerically would reduce to 15 x 15.

Including the initial concentration as parameter in the hierarchica model of group B
leads to a more complicated model which requires the calculation of inverse matrices of
Size 35 x 35.

As with increasing size of matrices the error increases exponentially the question is which
model has to be preferred: a quite simple model ignoring the dependency between the
parameter vectors, a more complex model which ignores the initial concentration as
parameter or a model requiring matrix manipulations which produce possibly huge
errors? Furthermore, it has to be checked which model copes better with outliers,
missing data and departure from first order kinetics.

Determining the processes involved in the formation of reactive metabolites is a crucia
step to establish a dose-response relationship for the interesting chemical. The
metabolites may be transformed partly into an inactive form, and others form various
DNA, RNA, and protein adducts. These processes may aso contribute to the
nonlinearity of the dose-tumor response curve. Hoel et al. (1983) presume a linear DNA
adduct—tumor relation and conclude that a valid characterisation of the processes of
uptake, elimination, and metabolism is a necessary part of the risk assessment of
potential mutagens and carcinogens.

Various attempts have been published to determine toxicokinetic parameters. Hollander
et al. (1998) compared log-linear regression, a noncompartmental method, unweighted
and weighted nonlinear least squares regression, multicompartmental methods, using

different weighting schemes. They found that the parameters depended on the model and
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the weighting scheme and stressed the importance of correct assumptions with respect to
the variability, presenting an approach to use information about the analytical method in
order to estimate the variability of the observation.

Gilberg et al. (1999) discussed an extension of the nonlinear random effects model for
the Michaelis-Menten enzyme kinetic by adding a flexible transformation to both sides of
the model. The so called weighted transform-both-sides models are very adaptable with
respect to the error structure. An EM agorithm, which updates the transformation and
weighting parameters every iteration step, was applied to estimate regression and

covariance parameters.

Toxicological data reflect profound complexities of the biology of living individuals.
Recent research on Gibbs sampling has great potentia for estimating the parameters of
complex models, because it reduces the problem of dealing smultaneoudly with a large
number of related parameters into a much simpler problem of dealing with one unknown
guantity at a time. Gilks et al. (1993) have reviewed applications of Gibbs sampling in
immunology, pharmacology, cancer screening, industrial and genetic epidemiology.
Wikle et al. (1998) propose the use of hierarchical Bayesian space-time model with five
stages to achieve more flexible models and methods for the analysis of environmental
data distributed in space and time. They implement their models in a Markov chain
Monte Carlo framework using the Gibbs sampler approach. Increasing familiarity and
experimentation with new Markov chain Monte Carlo methods for exploring and
summarising posterior distributions in Bayesian statistics will lead to new insights in

toxicokinetics.
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