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Abstract

Standardized long-term carcinogenicity tests aim to reveal the relationship between exposure to a chemical and occurrence of
acarcinogenic response. The analysis of such tests may be facilitated by the use of mathematical models. To what extent current
models actually achieve this purpose is difficult to evaluate. Various aspects of chemically induced carcinogenesis are treated
by different modeling approaches, which proceed very much in isolation of each other. With this paper we aim to provide for the
non-mathematician a comprehensive and critical overview of models dealing with processes involved in chemical carcinogen-
esis. We cover the entire process of carcinogenesis, from exposure to effect. We succinctly summarize the biology underlying
the models and emphasize the relationship between model assumptions and model formulations. The use of mathematics is res-
tricted as far as possible with some additional information relegated to boxes. © 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction

Despite improvements in prevention, diagnosis and
treatment, cancer still strikes one in three people,
and one in four will eventually die of the disease
[1]. This high incidence is primarily due to two risk
factors, namely cigarette smoking [2,3] and dietary
habits [4]. As these concern lifestyle aspects which
are in principle subject to personal choice, they can be
avoided at the individual level. This does not hold for
other risk factors, such as exposure to occupational
or environmental agents. These factors constitute an
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unintentional risk that can only be avoided through
decisions made at the community level.

Since Pott conducted his historical study on chim-
ney sweeps and identified soot as a carcinogenic agent
[5], extensive testimony has accumulated with regard
to the causal relationship between cancer incidence
and exposure to chemical compounds. Evidence that
chemicals may cause cancer has come, for instance,
from experimental tests and epidemiological studies.
Nowadays, the carcinogenic effect of a compound is
crucial to restrictions on either its production or its
emission into the environment. The success of these
restrictions might explain the assertion by Ames et al.
that food additives and industrial chemicals have had
little impact on the overall cancer incidence to date [6].

Primary prevention of cancer can be accomplished
by reducing the number of carcinogens to which
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humans are exposed, and by reducing the levels of ex-
posure to carcinogens [7]. Clearly, these approaches
rely on accurate identification of carcinogens and on
reliable quantification of their ability to elicit a car-
cinogenic response. Both hinge on the adequacy of
the tests devised to estimate the carcinogenic potency
of chemicals, and on the validity of the conclusions
derived from them. These issues are far from set-
tled as the often fierce debates about them illustrate.
For two different reasons, society needs a strategy
to accurately evaluate the implications of carcino-
genicity tests for humans. From the perspective of
human health, such a strategy is essential to rule out
risk-underestimates. From an economic point of view,
the avoidance of risk-overestimates averts costs asso-
ciated with unnecessary reduction of exposure levels.

The various tests devised to estimate carcinogenic
potency differ in many aspects, but they share a com-
mon feature: the analysis of their results is facilitated
by the establishment of a functional relationship
between dose and response [8]. The plethora of math-
ematical models used for this purpose may at times
be disconcerting to experimental scientists. Some
modelers have attempted to conciliate experimental-
ists with the models. Hanes and Wedel, for example,
purport to “remove for the non-mathematician some
of the mystery as to the derivation of the formulas”
[9]. Even if they accomplished this aim, they still only
consider a small subset of models that are currently
in vogue. Other reviews are subject to similar restric-
tions in scope. For instance, van Ryzin only deals
with dose-response models for risk assessment [10],
while Kopp-Schneider focuses on multi-step models
of tumor induction [11]. None of these works covers
the entire area from exposure to effect. The most thor-
ough overview of models involved in the estimation of
human cancer risk is by Moolgavkar et al. [12]. Due
to its in-depth treatment of the topic, this book is less
suited as a gentle introduction to the field. In sum-
mary, we think that a general but succinct overview
for the non-mathematician is still lacking. The aim of
the present work is to provide such an overview.

The remainder of this paper is organized as follows.
Section 2 provides a brief description of the biology of
chemical carcinogenesis as a four-phase process. We
realize that the informed reader will miss many im-
portant findings. Their omission derives from the fact
that these new findings are not yet used by modelers;

we only present a skeletal outline of chemical carcino-
genesis relevant for our overview. Section 3 discusses
a representative selection of mathematical models for
chemical carcinogenesis, organized according to the
phases defined in Section 2. In our experience, exist-
ing explications of the models are either hard to find
or hard to follow. Therefore, we aim to make explicit
the relationship between model assumptions and
model formulations. Finally, in Section 4, we make
some concluding remarks that go beyond the individ-
ual models. Although in the paper we focus on the
conceptual basis of the various models, we cannot al-
ways ignore mathematical formulations. Where these
become cumbersome, they are confined to boxes. The
reader not interested in the mathematical niceties may
skip these boxes without loosing continuity.

In this paper we compare some 30 representative
modeling approaches. Understandably but regrettably,
they do not share a common strategy with respect to
their mathematical notation. Different models may
therefore use the same symbol for unrelated con-
cepts or variables. To minimize confusion related to
the notation, we were forced at times to choose a
representation that deviates from the customary. In
the few instances where we used the same symbol
for different concepts, the context should suffice to
disambiguate its interpretation.

2. Chemical carcinogenesis

Theoretical studies on tumor biology are far out-
numbered by experimental studies. Yet models still
abound; for this review, we studied some 100 papers
on a variety of models, as well as some monographs.
To keep track of all these studies, a natural first step
is to contrive some classification. ECETOC’s Mono-
graph 24 classifies models for chemical carcinogene-
sis loosely on the basis of their underlying statistical
assumptions [13]. But as the authors remark them-
selves, “the division between the models is somewhat
arbitrary as there is considerable overlap”. An alter-
native criterion classifies models as either descriptive
or mechanistic. This criterion judges the amount of
underlying biology involved. From a mathematical
point of view, models can be classified as either deter-
ministic (with a single outcome) or stochastic (with
more than one possible outcome). Kopp-Schneider
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classifies stochastic models for tumor induction on
the basis of their intended use, level of biological
detail and method used for their analysis [11]. As the
method of analysis has only to do with the degree of
mathematical complexity, we do not find this criterion
very informative.

As an alternative we organize models according to
a division of the process of chemical carcinogenesis,
from exposure to effect, into four consecutive phases.
We briefly define the phases here, while in the sub-
sections below we provide further details. The first
phase, referred to as kinetics, concerns the relation-
ship between exposure to a (pro)carcinogen and in-
ternal dose of carcinogen. The second phase, referred
to as tumor induction, comprises the toxico-dynamic
mechanisms through which the carcinogen induces
the transformation of normal cells into tumor cells.
The third phase, referred to as tumor growth, relates
to the clonal expansion of a tumor. During this phase,
the tumor’s malignancy may increase (tumor progres-
sion). The last phase, referred to as effects, involves the
consequences of tumor development for the organism.

Not all the models discussed in this paper have
been developed with the aim to contribute to a quan-
titative understanding of chemical carcinogenesis.
For instance, most tumor growth models have been
developed with the aim to improve cancer treatment,
and have not yet been applied within the context of
chemical carcinogenesis. Nevertheless, tumor growth
models naturally fit the scheme outlined above be-
cause it is only after a tumor reaches a certain size that
effects will become apparent. Many other models un-
ambiguously address one of the steps defined above.
Hence, the classification seems to offer a framework
to keep track of the heterogeneous collection of mod-
els dealing with aspects of chemical carcinogenesis
in its broadest sense.

2.1. Exposure and kinetics

As defined above, kinetics concerns the relationship
between the exposure of an animal to a (pro)carcinogen
and the internal dose of carcinogen at a target tissue.
Here we use ‘exposure’ in a general sense that in-
cludes the exposure conditions. Kinetics constitutes
an essential phase in chemical carcinogenesis because
it is the tissue dose that is responsible for the car-
cinogenic response. For foreign chemicals, kinetics

comprises four biological processes, namely uptake,
distribution, metabolic transformation, and elimina-
tion of the chemical compound.

Uptake consists of two subprocesses: intake and
absorption. The result of intake is that the chemical
enters either the lung cavity or the gastrointestinal
tract. The intake rate depends on the exposure con-
ditions and on the physiology of the animal. For
instance, if administration of the chemical is via food,
the concentration of the chemical in food and the
food ingestion rate determine the intake rate. Intake is
bypassed when the chemical is administered directly
into the stomach (gavage). Furthermore, intake is ab-
sent when the chemical is applied directly on the skin.

Once the chemical is in a body cavity or on the skin,
absorption may take place. The result of absorption is
that the chemical actually enters the body. Chemicals
administered via injections bypass both intake and ab-
sorption. There are two major absorption mechanisms,
namely passive diffusion and carrier-mediated trans-
port. The latter mechanism is saturable, whereas the
former is not. The actual absorption rate, in contrast
to the intake rate, depends on physico-chemical prop-
erties of the chemical, such as charge and molecular
structure [14,15]. As it also depends on characteristics
of the tissue involved (e.g. absorption surface area), the
uptake route is important for the absorption rate. For
instance, absorption from the lungs is usually rapid.

Distribution involves partitioning of the chemical
among different body parts. It starts from the site
where the chemical enters the body. Chemicals ab-
sorbed from the gastrointestinal tract first pass through
the liver, whereas chemicals absorbed from the lungs
directly enter the bloodstream. Consequently, uptake
via the lungs usually results in a quick distribution
among major organs [15]. Indeed, the site of entry
is important for both the distribution rate and the
final disposition of the chemical. Distribution of the
chemical out of the bloodstream into the target tis-
sues depends on physico-chemical properties of the
chemical (e.g. lipophilicity) and on the relative char-
acteristics of the tissues (e.g. relative size and lipid
content). As the characteristics of the tissues vary
with age, the same holds for partitioning among body
parts [16].

Living organisms have a wide range of enzymatic
defense mechanisms against toxic compounds. The en-
zymes involved usually convert lipophilic chemicals
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into more hydrophilic and, therefore, easier excretable
metabolites. Environmental and occupational (pro)-
carcinogens are also subject to enzymatic transfor-
mation [17,18]. Metabolism of a carcinogen can give
rise to transformation into non-carcinogenic metabo-
lites (detoxication). The effect of metabolic transfor-
mation on the carcinogenic response of chemicals is
not always favorable, however. Indeed, metabolism of
a (pro)carcinogen can give rise to an active carcinogen
(activation).

Several organs, including skin, kidney, and lung,
have the ability to transform chemicals. However,
the organ that has the largest capacity for metabolic
transformation is the liver [15]. As an effect of detox-
ication in the liver, the carcinogenicity of a particu-
lar chemical is often less by oral ingestion than by
other uptake routes. As an effect of activation in the
liver, oral ingestion of (pro)carcinogens often results
in the development of tumors in this organ. Thus,
the uptake route influences metabolic transformation
and, therefore, carcinogenic response. This influence
may even cause a chemical to be carcinogenic only
when uptake occurs via a particular route. A clear
example is the situation in which the gastrointesti-
nal microflora transforms a chemical into a potent
carcinogen [19].

Detoxication of procarcinogens and carcinogens is
clearly an important determinant for the internal con-
centration and, thus, for the carcinogenic response.
Another important determinant is elimination of pro-
carcinogens, carcinogens, and their metabolites from
the body. The major elimination routes are urinary and
biliary excretion. These routes can saturate, leading
to accumulation [15].

2.2. Tumor induction

In this subsection we briefly deal with the biologi-
cal processes underlying the transformation of normal
cells into cancer cells. However, we neither attempt to
summarize the latest advances in cancer research, nor
pretend to deal with all the complexities of the gene-
sis of the disease. Rather, we focus on results used as
assumptions in the mathematical models discussed in
Section 3.2.

The current view of tumorigenesis, as expressed by
Hanahan and Weinberg, postulates that “tumor devel-
opment proceeds via a process formally analogous to
Darwinian evolution, in which a succession of genetic
changes ... leads to the progressive conversion of
normal cells into cancer cells” [20]. This model, first
proposed by Nowel [21], is illustrated in Fig. 1 for
a tumor that originates from one single normal cell.
This is consistent with the observation that most hu-
man and animal tumors are monoclonal in composi-
tion [21,22]. The genetic changes shared by all tumor
cells accumulate along the single lineage preceding
the final single founder cell, whereas heterogeneous
changes occur during tumor growth [23] (see Fig. 1).

It is the progressive accumulation of multiple
genetic changes that underlies the multi-step nature of
tumorigenesis [20,24]. As many genes are targets of
these changes, cancer is essentially a complex genetic
disease. Cellular genes implicated in tumor develop-
ment are usually referred to as cancer genes. It is possi-
ble to distinguish between two classes of cancer genes,
those directly controlling cell proliferation (gatekeep-
ers), and those maintaining the integrity of the genome
(caretakers) [25]. The former include proto-oncogenes

¢ course

) of
time
T ? tumor growth
start single
founder

cell

Fig. 1. Tumorigenesis. The start point is the moment at which one normal cell enters the process of tumor evolution. Any down pointing
arrow represents the acquisition of one or more new physiological traits, each conferring an additional growth advantage [20]. The single
founder cell is the last bottleneck along the evolutionary pathway [23]. The genesis of this cell indicates the beginning of final clonal
expansion (tumor growth). In addition to the traits acquired in earlier stages, one or more alterations may occur during tumor growth
leading to an increase in malignancy (tumor progression).
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and tumor suppressor genes. In contrast to changes in
gatekeepers, a change in the normal activity of a care-
taker leads to cancer as a secondary effect. A change
in activity of a cancer gene may concern either a
change in the level of gene expression (e.g. [26,27]) or
a disruption of the gene product’s biological behavior
(e.g. [28,29]). These changes may take place as the
ultimate consequence of genetic events such as point
mutations, rearrangements or major chromosomal
aberrations. Recent studies further indicate that epige-
netic events controlling the level of gene expression
may play a more important role in tumorigenesis than
was previously thought (see [30-32]).

The number of changes required to produce a tumor
is specific to a particular tumor type. Indeed, the num-
ber of cancer genes involved in tumorigenesis varies
from one tumor type to another [33,34]. Moreover,
the number of alleles whose activity must change to
lead to a phenotypic effect varies from one cancer
gene to another. Aberrant genes that act in a recessive
manner only have a phenotypic effect when present
in the homozygous or hemizygous state, whereas
aberrant genes that act in a dominant manner exert a
phenotypic effect even when present in the heterozy-
gous state. With regard to the temporal sequence of
the changes, on the one hand it has been proposed
that the total accumulation of genetic alterations,
rather than their relative order, is most important for
tumorigenesis (e.g. [22]). On the other hand, there is
evidence that the nature and order of genetic changes
can have impact on both tumor morphology and the
likelihood of tumor progression (e.g. [35]).

2.2.1. Action of chemical carcinogens

Once present in a target tissue, chemical carcino-
gens can interfere with the process of tumorigenesis at
one or more stages. Whichever mechanism is involved,
tumor induction implies the interaction of the chemical
with one or more cellular components. If the interac-
tion results in DNA damage, the chemical is said to be
‘genotoxic’. The potency of a genotoxic compound de-
pends not only on its capacity to cause DNA damage,
but also on the rate of cell replication and on the cell’s
capacity to repair the specific damage inflicted by the
chemical compound [36,37]. Non-genotoxic carcino-
gens are able to act without causing DNA damage
[31,38]. For instance, they can induce uncontrolled cell
proliferation by altering inter-cellular communication

[39,40]. As a final remark, we notice that a carcino-
gen can have more than one mode of action [41,42].
For example, a chemical can act as a mutagen at low
doses, while on top of this it may be cytotoxic at high
doses [43,44].

2.3. Tumor growth

Individual tumor cells are not immortal. Death of
tumor cells occurs through the processes of apoptosis
or necrosis [45,46]. The latter may take place as a
consequence of insufficient supply of nutrients, or as
a result of excessive accumulation of metabolic waste
products. Survival of chemically induced tumor cells,
however, is not only subject to natural death pro-
cesses: they may also be killed by the immune system
of the host organism [47,48]. The existence of cell
loss implies that a tumor clone may regress prior to
reaching a detectable size (see Fig. 2). Even if they are
monoclonal in origin, tumor cells are often heteroge-
neous with respect to properties such as metabolism,
cell division rate, and antigenicity. During tumor
growth, tumor cells become heterogeneous as a result
of the occurrence of additional genetic alterations
(tumor progression). The phenotypic heterogeneity of
tumor cells is also the result of significant differences
among their local environments [49] which define, for
instance, availability of nutrients. A limited supply of
nutrients or oxygen commonly occurs in solid tumors,
giving rise to a necrotic core [46]. The location of a
cell within the tumor may determine its vulnerability
to attacks of the immune system. Thus, phenotype

Proliferation

Initial Tumor Final Tumor

L
’

Size / \ Size

Apoptosis Necrosis

Immune Rejection

Fig. 2. Tumor growth. Tumor size increases due to cell prolifer-
ation. The cell-cycle time and growth fraction determine the rate
at which cells are added to the tumor. Tumor size decreases due
to cell death and cell killing. The final tumor size may be below
the detection limit.
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and location of individual cells determine the rates of
cell gain and cell loss within the tumor.

For solid tumors it is possible to distinguish
between two growth phases. During the initial phase,
or avascular growth phase, the tumor cells obtain nu-
trients and oxygen by diffusion from the surrounding
tissue. When the tumor is no longer able to obtain
sufficient nutrients by diffusion alone, tumor cells
may start to produce several factors to stimulate an-
giogenesis [50,51]. This defines the beginning of the
so-called vascular tumor growth phase. During this
second phase, tumor cells obtain oxygen and nutrients
from the newly formed tumor blood vessels. After
vascularization the tumor may become larger.

Once a tumor reaches a detectable size, its growth
may be quantified by measuring tumor size as a func-
tion of time. However, only few body sites allow
more than one measurement of tumor size [52]. The
sparsity of data on human tumor growth is even more
accentuated because treatment is rarely withheld [53].
As a consequence, available experimental data mainly
relate to growth of tumors in vitro (tumor spheroids),
growth of tumors inoculated in animal models, or
growth of natural tumors in vivo during a short period
of their growth ontogeny.

Experimental results have revealed that growth
of solid tumors in vivo is often characterized by a
late phase of declining growth rate [52]. The same
growth pattern has been observed in studies on tumor
spheroids in vitro [49]. The growth deceleration has
been attributed to several factors such as increase in
cell loss, increase in cell-cycle time or decline in the
growth fraction [54,55]. The growth fraction, defined
as the ratio of proliferating cells to total cells [56],
is a concept frequently used to compare tumors in
terms of their growth capacity. Another concept used
for this purpose is the tumor doubling time, that is
the time a tumor needs to double its size. Tumor
doubling time is a useful concept if a tumor grows
exponentially, because it is then a constant. As soon
as exponential growth is no longer realistic, the tumor
doubling time becomes less informative.

2.4. Effects

In many carcinogenicity tests the time to tumor
onset is not observable. The presence of a tumor can
only be detected after the death (or sacrifice) of the

animal. Thus, though the goal of carcinogenicity stud-
ies is to evaluate tumor incidence, one has to confront
the topic of tumor lethality. How a tumor causes a de-
crease in survival is not always clear. The size of the
tumor is relevant, but not the cause in itself. Rather,
when a tumor reaches a certain size it may either
impair the normal function of the host organ [57],
or exhaust the organism due to its unrestrained use
of resources. Moreover, the probability of invasion
and metastasis, which are the most life-threatening
aspects of tumor progression [58,59], increases with
the size of the primary tumor [60]. The detrimental
effect of a tumor thus depends on its size, but it may
also depend on its location in the body. For instance,
it is unlikely that a brain tumor causes death through
attrition.

3. Overview of existing models

To begin with, we want to distinguish between a
conceptual model, a mathematical model and a math-
ematical description. We view a conceptual model as
a set of assumptions regarding a certain phenomenon.
If the conceptual model is translated into equations,
it becomes a mathematical model. The mathemat-
ical model thus comprises both the mathematical
description and the underlying assumptions (i.e. the
conceptual model). Note that this accounts for the
possibility that two different mathematical models
share the same mathematical description. A good ex-
ample of a mathematical description that appears in
different contexts is the Weibull equation [61]:

f)=1-—e" (1)

where y is some variable. Sometimes f(y) describes
the fraction of tumor bearing animals as a function of
dose (e.g. Eq. (4)), sometimes it describes the fraction
of tumor bearing animals as a function of time (e.g.
Eq. (5)), i.e. the interpretation of the variable y differs.
The associated conceptual models are clearly different
as they concern different phenomena. More confus-
ing is the situation in which two models for the same
phenomenon result in an analogous mathematical de-
scription. Despite their outward similarity, we consider
such models to be different, because they differ in
their underlying assumptions. Naturally, such models
are indistinguishable when fitted to experimental data.
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3.1. Kinetic models

Although an organism is exposed to a certain
environmental concentration of a (pro)carcinogen,
the relevant concentration for tumor induction is at
the target site. This implies that we have to relate the
external concentration to the internal. Kinetic models
deal with this problem.

Any kinetic model consists of a set of mass balance
equations, each equation describing the change in the
amount of chemical in a body ‘compartment’. A com-
partment does not necessarily correspond to an organ.
For example, the most simple kinetic model treats the
entire body as one compartment. The models assume
that the chemical is well mixed within each compart-
ment, so it makes sense to define the concentration of
the chemical in each compartment. The concentration
of the chemical in compartment i is C; = Q;/ Vi,
where Q; and V; denote the mass of the chemical
and the volume of that compartment, respectively.
A general mass balance equation for the change in

O, is
Q; = fluxip + fluxma — Auxou — Auxmg 2)

where fluxpy, stands for production flux (metabolic
activation) and fluxy,g for the metabolic detoxication
flux. The actual expressions for the fluxes depend on
the specific choice for the kinetic model. In steady
state the total positive flux equals the total negative
flux, and the mass of the chemical in the compartment
is constant.

To give some flavor of kinetic models, we here
briefly illustrate the linear one-compartment model
that treats the whole body as one compartment. If
no metabolic transformation takes place, the amount
of chemical in the body is determined by the uptake
and elimination processes only. The model assumes
that both uptake and elimination follow simple lin-
ear kinetics, or equivalently, it assumes that flux;, is
proportional to external concentration, while fluxgy
is proportional to internal concentration. Since the
physics of transport suggests that fluxj, and fluxqy
are also proportional to the areas of the surfaces
involved in absorption and excretion [62], Eq. (2)
yields

Q' = fluxin — fluxeu = 8, Ayd — 8,A,C

where d represents the external concentration, C
the internal concentration, and A, and A, are the
effective surface areas for absorption and excretion,
respectively. The interpretation of the proportion-
ality constants 8, and §, depends on the uptake
and elimination routes and on the transport mecha-
nisms.

Body growth can substantially affect the kinetics
of a chemical and, thus, its internal concentration.
Indeed, if the organism’s size (V') is not constant, the
effective surface areas A, and A, are also functions
of time. Moreover, due to the increase in size dilu-
tion of the chemical occurs. In mathematical terms
this means that the relation C’(¢t) = Q'(¢)/V (¢) does
not hold. For a discussion on a one-compartment
model that accounts for body growth, see [62,63].
We here focus on the simple situation where (i) the
organism does not grow, (ii) the external concen-
tration is constant, and (iii) the initial internal con-
centration is zero. Deviation from these conditions
complicates the mathematical expressions some-
what. These complications are beyond the aim of our
presentation.

If the organism’s body size remains constant, the re-
lation C’(t) = Q’(t) = V holds and the effective sur-
face areas A, and A, are constant. The mass balance
equation above can then be rewritten as C' = ud—nC,
with u = §,A,/V and n = 8,A,/V the (constant)
uptake and elimination coefficients, respectively. The
solution of this linear differential equation is C(t) =
(u/n)(1—e~"M)d, which satisfies C (0) = 0. The equa-
tion gives a saturating curve when internal concen-
tration is plotted against exposure time (see Fig. 3).

Fig. 3. One-compartment model. Internal concentration as a func-
tion of exposure time (# = 1 and n = 3). From top downwards d
equals 12, 10, 8, 6, and 4, respectively. For each curve, the asymp-
totic maximum internal concentration is given by Cpmax = d/3.
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After some time the term e~ dies out, and the in-
ternal concentration becomes proportional to the ex-
ternal concentration with proportionality coefficient
(u/n). In ecotoxicology this ratio is usually called
bioconcentration factor [14,63,64]. The steady-state
proportionality between external and internal concen-
tration is a generic characteristic of linear compart-
ment models. This property breaks down, for example,
if metabolic transformation follows the more realistic
nonlinear Michaelis-Menten kinetics.

If any of the assumptions that underlie the one-
compartment model does not hold, a multi-compart-
ment model can be used. Two main approaches have
been pursued in developing multi-compartment kinetic
models, namely data-based compartmental modeling
and physiologically-based compartmental modeling
(PBPK, where PK stands for pharmaco-kinetics)
[65,66]. The former includes empirical models, whose
compartments often lack a biological interpretation.
The latter includes biologically-based models, whose
compartments correspond more closely to anatomical
structures. Indeed, a compartment comprises a sin-
gle organ, or a group of organs that share relevant
physiological features.

Most PBPK models define a central (blood) com-
partment that is responsible for the distribution of the
chemical (e.g. [67]). The amount of chemical enter-
ing (or leaving) a compartment via the circulatory
system depends on the concentration in the blood
and in the compartment, and on the solubility of the
chemical in the blood and in the compartment. If
distribution among organs is fast in comparison with
uptake and elimination, blood flows can be omitted
from the model [68]. The alternative is that blood
flows function as model parameters.

Even with a small number of compartments, PBPK
models require a substantial number of parameters
[65]. These include physiological parameters such as
blood flows, pulmonary ventilation, and organ vol-
umes, as well as biochemical and physico-chemical
parameters such as partition coefficients, tissue clear-
ances, and the rates of metabolism [65,69]. As they
have a biological interpretation, most of them can
be directly measured by experimental techniques.
The remaining parameters have to be estimated. In
empirical models all the parameters, as they lack a
biological interpretation, have to be estimated from
experimental data.

3.2. Tumor induction models

The models we presented so far were all deter-
ministic. From here on they are either deterministic
or stochastic. A deterministic model yields a single
outcome, whereas a stochastic model yields multiple
outcomes and assigns a probability to each of the dif-
ferent outcomes. Before going into the description of
the models we briefly introduce a few basic concepts
that crop-up in most of the stochastic models. Among
these concepts are cumulative distribution function,
survivor function and hazard rate. To introduce these
concepts, we consider a relevant example.

Let T denote a variable representing the ‘time to
first tumor’. The random variable 7', which may adopt
any positive value, is exhaustively characterized by its
cumulative distribution function Fr(f) = prob{T <
t}. This expression reads ‘the probability that the time
to first tumor is less than or equal to #’. Ignoring
mathematical exactness, this amounts to a prediction
of the fraction of tumor bearing animals at time 7.
Closely related to Fr is the survivor function Gr () =
1 — Fr(t) = prob{T > t} that provides ‘the probabil-
ity that an individual is tumor free at time #’. Finally,
let h7 denote the hazard rate. Intuitively, the hazard
rate concerns the probability per unit time that a tumor
develops in a individual of age ¢, given that the indi-
vidual is still tumor free. Mathematically, the hazard
rate relates to the survivor function as follows:

Gr(t) = e_fol hy(s)ds 5

Thus, if the hazard rate is known, the survivor func-
tion and the cumulative distribution function Fr(t) =
1 — G7(t) are also known, and vice versa. Hence, the
hazard rate constitutes an alternative way to exhaus-
tively characterize a random variable. Most of the
stochastic models described below provide expres-
sions for the hazard rate.

The cumulative distribution function, the survivor
function, and the hazard rate are denoted in the ex-
ample above as Fr, Gr, and hr, respectively, where
the subscript indicates the random variable. The same
concepts can be defined in a more general sense for
any random variable X (for further details see, for ex-
ample, Cox and Oakes [70]). For example, in the next
section we will use Fy, where U is a random variable
with the same dimension as the external dose. Finally,
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we notice that the biological and mathematical in-
terpretations of survival only coincide if the random
variable represents ‘time to death of an individual’.

3.2.1. Tolerance distribution models

The models we present in this subsection are often
motivated by the concept of tolerance distribution
[71]. To introduce this concept, let us consider a
group of mice that have been exposed to a chemical
for a particular period of time. Any tolerance distribu-
tion model treats the group of mice as heterogeneous
with respect to their susceptibility to the chemical:
each individual has a different threshold-dose below
which no response occurs. No hypothesis about pos-
sible mechanisms underlies such a threshold. The
models treat the ‘threshold-dose of an individual’ (or
tolerance, for short) as a random variable, say U.

For the given exposure time, let P(d) denote the
probability that an individual responds to a dose d
(i.e. P(d) amounts to a prediction of the fraction of
tumor bearing animals). If the group of mice have been
exposed to a dose d, only the animals with threshold
dose below d will respond. Thus, the probability that
an individual responds is prob{U < d} = Fy(d), i.e.
in this context P(d) = Fy(d). The actual expression
for Fy depends on the distribution of U, the so-called
tolerance distribution.

Any continuous statistical distribution can be used
as tolerance distribution, the only constraint being that
it covers only positive values (d > 0). Experimental
results often show that a few animals have a very high
tolerance. To account for this, skewed distributions
are preferred. The choice for one or another distribu-
tion is further motivated by the desired simplicity of
the expression for Fy. The log-normal, log-logistic
and Weibull distributions offer the desired shape with
relatively simple expressions. Therefore, these are
the statistical distributions most frequently used in
dose-response analysis. The log-normal, log-logistic
and Weibull distributions give rise to the log-probit,
log-logistic and dose-Weibull models, respectively.

The log-probit model (frequently abbreviated to
probit) assumes the logarithm of the tolerance has
a normal distribution [72]. The tolerance (U = ",
with W the logarithm of the tolerance) then has a
so-called log-normal distribution. The resulting cu-
mulative distribution function for U (see Fig. 4) is
often expressed in terms of two parameters, 6; and

d

1 2 3 4 5 6

Fig. 4. Fraction of tumor bearing animals as a function of dose,
P(d): (solid line) prediction according to the log-probit model (W
normally distributed); (dashed line) prediction according to the
logit model (W logistically distributed). For both distributions the
underlying stochastic W has zero expectation and unit variance
(W represents the logarithm of the tolerance).

6>, which relate to the mean and the variance of W as
shown in Box 1. The values of parameters 61 and 65,
which have to be estimated by fitting experimental
data, implicitly depend on the duration of the expo-
sure. This follows from the fact that although time
does not figure in the model, longer exposure times
increase the chances of an animal developing a tumor.

The log-logistic model (usually called logit, on the
analogy of probit) assumes that the tolerance U has a
log-logistic distribution, or equivalently, that the log-
arithm of the tolerance W has a logistic distribution.
The resulting cumulative distribution function for U
is often expressed in terms of two parameters, o1 and
02, which relate to the mean and the variance of W
as shown in Box 1. Like in the log-probit model, the
values of the parameters implicitly depend on the du-
ration of the exposure. It can be seen from Fig. 4 that
the logit and log-probit models provide very similar
predictions for the fraction of tumor bearing animals.
The choice among them is therefore largely arbitrary.
Motivations for the use of one or the other are rarely
given. We suspect that the choice for a particular tol-
erance distribution is mainly due to habit.

Finally, the ‘dose-Weibull model’ assumes that the
tolerance has a Weibull distribution. The resulting
model is

Pd)=1—e )

where again the values of the parameters implicitly
depend on the duration of the exposure. Although
Eq. (4) is the usual representation of the model, there
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Box 1: Log-probit and log-logistic models

Let W denote the logarithm of the tolerance, E[W] the mean, and Var[ W] the variance. Let us assume that W
has a normal distribution and let us denote the mean and variance as 4 and o2, respectively. For the log-probit
model, Fy can then be written as below, with 8 = /o and 6, = 1/o. Thus, Fy(d) = ¢(—61 + 62 1nd),
where ¢ represents the cumulative distribution function of the standard normal distribution. Alternatively,
let us assume that W has a logistic distribution and let us denote the mean and variance as p and 7272 /3,
respectively. For the log-logistic model, Fyy can then be written as below, with o1 = ©/z and o = 1/z. Thus,
Fy(d) = ¥ (—o01 + 021nd), where ¢ represents the logistic function.

Model w E[W] Var[W] Cumulative distribution function for U
Log-probit Normal u o? Fyld) = f__o(g/a)ﬂl/a)1nd(2n)_(1/2)exp{—%}dx
= [T (o)1 2exp{ =2} dx
= ¢(—0; + 6 Ind)
-1
Log-logistic Logistic n # Fyd) = (1 + exp {% - % lnd})

= (1 +exp{or — o2 Ind}h)~!
=Y (—01 +021nd)

is an alternative in which the exponent Ad” is replaced
by (d/d,)?. The motivation for this alternative repre-
sentation is that in Eq. (4) the dimension of A depends
on the value of 8. As the value of 8 derives from exper-
imental data, the dimension of A varies depending on
the data considered, which renders the parameter A un-
interpretable. In contrast, the parameter d, has always
the same dimension as d, and has the interpretation of
a reference dose. The reference dose must depend on
the exposure time, as zero exposure time cannot result
in a tumor. For a given exposure time, the correspond-
ing d, is the level of exposure at which the fraction of
tumor bearing animals is P(dy) = 1 — e~ ! ~0.632.

3.2.2. Empirical ‘time to tumor’ models

Survival analysis is the branch of statistical model-
ing that deals with the analysis of failure time data. The
failure time of an individual is the time until a partic-
ular event occurs. Any event that occurs at most once
to each individual defines a failure time. Because the
occurrence of a first tumor is such an event, survival
analysis techniques can be applied to time to tumor
data.

Any continuous statistical distribution can be used
as failure time distribution, the only constraint being

that it covers only positive values (r > 0). As for
the tolerance models the log-normal, log-logistic and
Weibull are the statistical distributions most frequently
used in time—response analysis. This should not come
as a surprise, as again the only motivation for their
choice is in the shape and simplicity of the distribu-
tions. The Weibull distribution, for instance, is now
given by

Frit)=1—¢ (5)

where the variable 7 represents the time to tumor.
Time ¢ (and not dose d) is now the independent
variable. Therefore, we refer to this expression as
‘time-Weibull model’ in order to avoid confusion with
the dose-Weibull model above. The values of param-
eters a and b, which have to be estimated by fitting
experimental data, implicitly depend on the level of
exposure.

3.2.3. One-hit and multi-hit models

Let us again consider a group of mice that have
been exposed to a chemical for a particular period
of time. Contrary to the tolerance distribution models
discussed above, the hit models assume that the group
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of animals is homogeneous with regard to their sus-
ceptibility to a process generating ‘hits’. One might
think of a ‘hit’ as any of the changes discussed in
Section 2.2. Let us assume that an individual develops
a tumor when a hit occurs, and that the occurrence
of a hit is a random event. In this special case the
random variables ‘time to first hit’ and ‘time to first
tumor’ are thus interchangeable. As long as a mouse
is still tumor free, it may develop a first tumor with a
certain probability during the next (small) time unit.
In the simplest scenario, this probability per time unit
(hit rate) remains constant; the variable ‘time to first
hit’ then has an exponential distribution, and thus

hr(t) = u, Fr()y=1—e™ (6)

where T represents ‘time to first hit (or tumor)’, and
w the hit rate. The hazard rate A7 and the cumulative
distribution function Fr relate to each other as ex-
plained in the introduction to Section 3.2. Although
Eq. (6) is often referred to as the one-hit model in sur-
vival analysis, we refer to it as the one-hit failure-time
model (OHFT model) to avoid confusion with the
one-hit dose-response model presented below. The
OHFT model is characterized by a constant hazard
rate, (. This implies that susceptibility of develop-
ing a tumor does not increase with time (age). Note,
however, that the (cumulative) chances of developing
a tumor do increase with time (age)!

A natural extension of the model above is to as-
sume that more than one hit is required before a tumor
develops, say k hits. In this special case the random
variables ‘time to the kth hit’ and ‘time to first tumor’
are interchangeable. With the occurrence of a first hit,
the process generating hits does not change, so that
the hit rate p still is the same. This assumption implies
that the variable ‘waiting time between the first and
the second hit’ also has an exponential distribution
with hazard rate x, and more generally, any waiting

distribution with hazard rate u (see Fig. 5). In this
context the parameter u is the (mean waiting time) .
The variable ‘time to the kth hit" now has a
so-called Erlang distribution. For further details see
Box 2. Although this extension of the OHFT model
is often referred to as multi-hit model in survival
analysis, we refer to it as multi-hit failure-time model
(MHFT model) to avoid confusion with the multi-hit
dose-response model presented below.

3.2.3.1. The ‘hit’ models with dose-dependent para-
meters. The hit models described above do not yet
account for the level of exposure, or dose. Obviously,
the dose is an important determinant of the carcino-
genic effect of the chemical, so it cannot be ignored. To
account for the dose we have to specitfy its relationship
with the hazard rate. Hanes and Wedel use the most
simple approach to do this: they assume that the inter-
nal concentration is constant and proportional to the
constant external dose (see Section 3.1), and that the
hit rate is proportional to the chemical’s internal con-
centration [9]. These assumptions lead to a constant hit
rate proportional to the external dose. The hazard rate,
which equals the hit rate in the one-hit failure-time
model (Eq. (6)), then becomes «d. Substitution of the
expression for the hazard rate in Eq. (6) yields

Fr(t,d) =1—e @ (7

The probability that an animal exposed to a dose d
develops a tumor before time ¢ thus is a function of
both exposure time and dose. Consequently, for a
single fixed exposure time ¢* it becomes a function
of external dose alone. The fixed exposure time now
plays the role of a model parameter with a known
value. In sum, Fr(¢t*, d) provides a prediction of the
fraction of tumor bearing animals after an exposure
period t*, given an exposure to a dose d:

. . . . — —Ad
time between two successive hits has an exponential Pd)=1-e ®)
1 2 k-1 k
N I,
time
t, By ceeeeeeeieeenes ths ty

Fig. 5. The multi-hit failure-time model: it is assumed that the random variable ‘waiting time between two successive hits’ has an
exponential distribution with parameter p (k represents the number of hits required for tumor development; #; represents the time until the
ith hit). Note that the hit models are on the individual level, so u is a probability of hit per time unit per individual.
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Box 2: Multi-hit models

If any waiting time between two successive hits has an exponential distribution (with parameter w), the variable
‘number of hits in a fixed time interval’ has a Poisson distribution (with parameter ut), and vice versa. Let
T denote the variable ‘time to the kth hit’ (or ‘time to first tumor’) and let Z denote the variable ‘number of
hits in a time interval of length 7’. The event in which Z is less than k is equivalent to the event in which T is
greater than ¢. That is, prob{Z < k} = prob{T > t} = Gr(¢). Further, Fr(t) =1 — Gr(t) =1 — prob{Z <
k}=1-— Zf;& (e ™ (ut)) /1!, because Z has a Poisson distribution. This expression can be written in the

Fr(t) = /[—’ukSk_l e ds
0 I (k)

d)\kxk—le—)xx
Pd) = / S dx
0 I (k)

with 4 = ad and A = at™.

form shown below, where I represents the Gamma function:

For a fixed exposure time t*, the MHFT model gives rise to the multi-hit dose-response model:

where A = «at* and P(d) = Fr(t*,d). Because the
hit rate u has the interpretation of the inverse of mean
waiting time, and ut* = Ad, the product Ad stands
for the mean number of hits in a time interval of
length ¢*. Eq. (8) is referred to as one-hit model in
dose-response analysis. Normally the one-hit model
is only used because of its mathematical simplicity,
and an interpretation of the model is rarely given.

Likewise, substitution of 4 = «ad into the expres-
sion for the MHFT model yields the so-called multi-hit
dose-response model (see Box 2). If the number of
hits required for tumor development k is equal to
one, the multi-hit model reduces to the one-hit model
(Eq. (8)). Thus, the multi-hit dose-response model is
an extension of the one-hit dose-response model.

Above it was assumed that the hit rate is propor-
tional to the dose (i = ad). Substitution of this rela-
tion in Eq. (6) gave rise to the one-hit dose-response
model. Other assumptions are also possible. For ins-
tance, one might argue that the hit rate is proportional
to a power of dose (1 = ad?). Substitution of this al-
ternative expression for the hazard rate in Eq. (6) gives
rise to the same mathematical expression for P(d) as
the dose-Weibull model (Eq. (4)) with A = ar*.

3.2.4. Multi-stage models
Many epidemiologic studies have revealed that
age-specific cancer-incidence rates increase with age.

Plots of the age-specific incidence rate against age
yield straight lines when logarithmic axes are used.
This suggests that age-specific incidence rates in-
crease proportionally with a power of age. To explain
this result, Nordling proposed that several mutations
in the same cell are required to induce a tumor: “If
three mutations were required, a cancer frequency
proportional to the second power of age might be ex-
pected, with four mutations to the third power of age,
and so on” [24]. In 1954, Armitage and Doll exam-
ined Nordling’s work and presented a mathematical
formulation of his hypothesis [73]. The resulting
model is now widely known as the Armitage—Doll
multi-stage model (AD model), one of the first math-
ematical models for carcinogenesis.

The AD model assumes that several successive
‘changes’ in one cell are required to transform it into
a tumor cell (see Fig. 6). Nordling maintains that the

_ 1 2
(8) — (X)) —> o
Fig. 6. Armitage—Doll model. A normal cell (N) goes through
several intermediate stages before becoming a tumor cell (M).
The transition from any state to the next is determined by the
occurrence of a specific change. An intermediate cell type i (Y;)
is a cell that has incurred exactly i changes. k denotes the number
of changes required to transform a normal cell into a tumor cell.
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Fig. 7. Comparison of the AD model with the MHFT model. Here k is the number of changes required for malignant transformation, p; the
transition rate i, and #; is the time to occurrence of the ith change. (a) The AD model is a model on the cellular level, whereas the MHFT
model is a model on the individual level. Indeed, p; is rate per time per cell, whereas u is a rate per time per individual. (b) In the AD
model the waiting time for a cell to go from state i to state i + 1 has an exponential distribution with parameter p;;, whereas in the MHFT
model any waiting time for an individual to go from any state to the next has a exponential distribution with the same parameter w. (c) In
the AD model the changes must take place in a unique order, whereas in the MHFT model no restriction is placed on the order of the hits.

changes are mutations, but this specification is overly
restrictive for the mathematical development of the
AD model [73]. The only constraint on the nature of
the changes is that they must be irreversible and take
place independently of each other. Let us assume that
k changes are required for transformation of a normal
cell into a malignant one. This implies that a nor-
mal cell (N) goes through k — 1 intermediate stages
before becoming a tumor cell (M). For any i < k,
an intermediate cell type i (Y;) is a cell that has
incurred exactly i changes. With regard to the time
course, the AD model postulates that the waiting time
between any two successive changes is exponentially
distributed with transition rate p; (see Fig. 7). Finally,
the AD model posits that the changes must proceed
in a unique order. None of the other multi-step mod-
els impose restrictions on the order of the steps and,
therefore, the last assumption characterizes the AD
model.

One can translate the above assumptions into an
expression for the probability that a certain cell be-
comes a tumor cell before time ¢ (see, for example,
[74]). One needs three additional assumptions to
extrapolate this result from single cells to entire or-
ganisms. First, one has to assume that cells transform
independently of each other. Box 3 shows how this
assumption is used. Second, one has to know which
cells are susceptible to the changes. According to
the so-called stem cell theory, only proliferative cells
qualify for this. The effective number of normal cells
thus equals the number of ‘stem cells’. The third and
final assumption maintains that the number of stem
cells is constant. These assumptions, together with
the other assumptions of the AD model, lead to an
expression for the probability that the time to first
tumor cell is less than or equal to ¢. In general, this

probability differs from the probability that the time to
first tumor is less than or equal to t. However, on the
assumption that a tumor cell constitutes a detectable
tumor (for a further explanation on this assumption,
see Section 3.3), the same expression describes both
probabilities. This expression, usually referred to as
the AD exact formula, is a rather awkward page-filling
equation (see, for example, [74]). Box 3 provides
a derivation of the exact formula for a two-stage
model.

The original AD model is an approximation of the
AD exact formula. It holds if any transition rate is
small in comparison with the organism’s life span,
and malignant transformation is a rare phenomenon.
Box 3 includes some explanatory information on these
assumptions and their implications. The approximate
expression for the AD model is given by

hr() ~pt*=, Fr() ~ 1 — e W/ ©)

where the parameter u is proportional to the prod-
uct of the transition rates p; and proportional to the
number of stem cells. According to this expression,
an age-specific incidence proportional to a (k — 1)th
power of age indicates that malignant transformation
requires k steps, and vice versa. The mathematical
expression for the survivor function (Eq. (9)) is a spe-
cial form of the time-Weibull model (Eq. (5)), with
b = k an integer. Moreover, if the number of required
changes to transform a normal cell into a tumor cell
is one, the AD model (Eq. (9)) reduces to the OHFT
model (Eq. (6)).

3.24.1. The AD model with dose dependent para-
meters. So far we have not mentioned the level of
exposure. To use the AD model in risk assessment, one
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Box 3: Multi-stage models

Let Ny denote the number of susceptible normal cells (stem cells) and J the random variable ‘time until
a certain cell gives rise to a tumor cell’. The probability that an organism is tumor free at time ¢ equals
the probability that not any cell transforms into a tumor cell before time ¢. Under the assumption that cells
transform independently of each other, this implies that G7(¢) equals the product of Ny times G (), or
equivalently, Gr(t) = G;(t)N0 = {1 — F;(¢)}¥. In terms of the hazard rates this means i (t) = Noh(t).
Exact formula: If two changes are required to transform a certain cell, the time to transformation equals the sum
of the waiting time until the first change (K1) and the waiting time between the first and the second change (K>).
The variables K1 and K3 follow an exponential distribution with parameters p; and p», respectively. F; can
be expressed in terms of F;ﬂ and F;Q’ as follows: F)(t) = fé Fl/<1 (t)Fl’<2 (t—s)ds = p1p2/{e P —e P2} =
(p2 — p1). Integration gives an exact expression for F; and, thus, also for G = {1 — F;}o,

Approximate formula: From Eq. (3), we have G’J(t) = —hy(t)G,(t). Because of the relation F; =1 — Gy,
this is equivalent to F } () = hy(®){1 — Fj(¢)}. In this context, the assumption that transformation is a rare
phenomenon means (1 — Fy) &~ 1, or equivalently, h;(t) =~ F } (#). The hazard for T then yields: hr(t) =
Nohj(t) ~ NoF)(t) = pip2No/{e "' —e™P2"} = (pp — p1). Based on expansion in Taylor series about
t = 0 and the assumption that p; and p, are small, this expression reduces to A7 (t) =~ pip2Not. Thus, for

the two stage model u = p1 p2No (Eq. (9)).

needs to assume something about the relation between
the hazard rate and the dose. For instance, one might
argue that each transition rate is proportional to exter-
nal dose, p; = a;d. More frequently each transition
rate is assumed to be a linear function of dose [75],
pi = a; + bid, where the a; have the interpretation
of background transition rates (see Section 3.2.6). Fr
can then be viewed as a function of exposure time and
dose. Moreover, the probability of tumor at a fixed ex-
posure time ¢* can be seen as a function of dose only:

k
P(d)=1—exp {—Zqidi} (10)
i =0

where any compound parameter g; is a product of
(t*)k , the number of normal cells, and a function of
the coefficients a; and b;. Please note that this ap-
proach disregards the step from an external dose to
an internal dose. This is only justified when these two
quantities are constant and proportional to each other.
The only kinetic models that satisfy this constraint
are linear compartment models (see Section 3.1).
Eq. (10) is known as the linearized multi-stage (LMS)
dose-response model [76]. If the dose is low, the fol-
lowing approximation holds: P(d) &~ 1 — e 90914,
An analogous expression can be obtained from the

OHFT model (Eq. (6)) by assuming that the hit rate
is a linear function of dose.

3.2.4.2. Some modifications of the AD model. In
the original AD model, a single cell undergoes suc-
cessive changes before becoming a tumor cell. That
is, the model does not account for proliferation and
death of intermediate cells. In 1957, Armitage and
Doll proposed a two-stage model that incorporates
cell kinetics [77]. This model assumes that once an
intermediate cell is generated, it starts to proliferate at
a constant rate. In 1993, Chen extended the two-stage
model to account for age-dependent parameters [78].
Two years later, Little generalized the two-stage
model to account for an arbitrary number of stages
and time-varying parameters [79].

3.2.5. Multi-event models

In 1971 Knudson conducted a statistical study on
hospital patients and concluded that two mutations
must occur before retinoblastoma can develop [80].
He also proposed that the first mutation is germinal
in the inherited form of the disease, whereas both
mutations are somatic in the non-inherited form. It
is now widely accepted that this childhood cancer is
caused by the biallelic inactivation of the RB tumor
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Fig. 8. Two-event model. Normal cells progress to intermediate
and then to tumor cells (0, 1 and 2 mutations, respectively). The
mutational events are irreversible. N, normal susceptible cell (stem
cell); Y, intermediate cell; M, malignant cell; o1, rate (per cell per
year) of cell division of normal cells; 8;, rate (per cell per year)
of death or differentiation of normal cells; w1, rate (per cell per
year) of division into one normal and one intermediate cell. «y,
B2, and o are defined similarly for intermediate cells.

suppressor gene [81,82]. Thus, Knudson’s two muta-
tions correspond to mutational events at homologous
loci of the RB gene. This result, generalized to the
hypothesis that most tumors arise by mutation of re-
cessive tumor suppressor genes, constitutes the basis
of a two-event carcinogenesis model proposed by
Moolgavkar et al. [83,84]. On the basis of the initials
of the authors, this model is called the MVK model.
Like the Armitage-Doll model (AD model), the
MVK model starts from the cellular level. It is for this
reason that the models share some basic assumptions.
For instance, both assume that only mutations in stem
cells lead to cancer, and that cells transform indepen-
dently of each other. However, in contrast to the AD
model, the MVK model accounts for both cell pro-
liferation and cell death. Indeed, cell kinetics plays a
major role in the MVK model. Clonal expansion of
intermediate cells significantly affects the probability
of tumor induction, because it increases the number
of target cells for the second mutational event [85,86].
Moreover, in the context of the MVK model, a ‘mu-
tational event’ is equivalent to a cell division produc-
ing one mutant daughter cell. This interpretation of a
mutational event was first suggested by Kendall [87].
It is based on the observation that fixation of a muta-
tion requires at least one cycle of cell division [36,88].
Hence, in the MVK model an intermediate cell arises
when a normal cell divides into one normal and one
intermediate cell (such a division does not change the
number of normal cells). In a similar way the genesis

of a tumor cell occurs during the division of an inter-
mediate cell. It should be noted that a mutational event
in the MVK model concerns the occurrence of an ef-
fective mutation for the tumor type of interest. That
is, the model’s mutation rates do not correspond to
mutation rates measured by experimental techniques.

All tumor induction models described in the pre-
vious sections view tumor induction as a stochastic
process. In the tolerance models, an individual has a
probability to respond to a dose. In the multi-hit and
multi-stage models, hits and changes may occur with
a certain probability. The MVK model also views tu-
mor induction as a stochastic process. It incorporates
stochasticity in a different manner, though. It assumes
that the mutational events as well as cell division and
cell death are random events. Hence, in any small
time interval, normal cells may divide into two normal
cells, die or differentiate, or divide into one normal
cell and one intermediate cell. Likewise, intermediate
cells may divide into two intermediate cells, die or
differentiate, or divide into one intermediate cell and
one tumor cell. Each of these events may occur with
a certain probability. Further, the model assumes that
the probability of more than one event occurring in
the small time interval is negligibly small. Finally, the
MVK model assumes that a tumor cell constitutes an
observable tumor. The AD model also uses the terms
tumor and tumor cell interchangeably. For a further
explanation on this assumption, see Section 3.3.

A model based on the assumptions above was con-
sidered difficult to apply. For this reason, an approxi-
mation has been used based on the assumption that the
probability of malignant transformation is small (the
resulting expression for the hazard rate is shown in
Box 4). The same assumption is also used in the AD
model to obtain an approximate expression. Such an
approximation can be useful if the result does not devi-
ate significantly from the full model. This appears not
to hold for this approximation, though. Moolgavkar
and Dewanji pointed out that the approximation is
unlikely to be adequate when dealing with animal
experiments in which the probability of tumor is high
[89]. Furthermore, several studies have revealed that
the approximate MVK model can deviate significantly
from the full model for certain parameter values
[74,90-92]. To avoid misleading results, the use of the
full model is recommended by these authors. Several
studies exemplify how the full model can be applied
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Box 4: The MVK model

The following parameters figure in the MVK model (see Fig. 8): Ny, initial number of normal susceptible cells
(stem cells); ay, rate of cell division of normal cells; 81, rate of death or differentiation of normal cells; w1,
rate of division into one normal and one intermediate cell. a2, B2, and w, are defined similarly. For a detailed
mathematical development of the model see, for example, [83,93]. For a description of the mathematical
techniques see, for example, [11,120].

Approximate formula: It relies on the assumption that the probability of malignant transformation is small.
In the particular case that the rates of mutation, cell division, and cell death remain constant in time, the
following expression for the (approximate) hazard rate can be derived:

51
(2! — e} fors) —s3£0

hr(t) = { 52 — 53

St fors) —s3=0
where 51 = wiu2No, 52 = a1 — B1, and 53 = az — Bo.
Exact formula: An exact analytical expression for the hazard rate can be derived on that assumptions that (i)

the number of normal cells is constant, and (ii) the parameter values remain constant. The hazard rate is then
given by [94,95]

ho() = 3=V 1]
T{) = —
2x1 (3 — x2) + (X3 + x2)eV™!
where x; = a2/u1No, x2 = 2 + 2 — an, and x3 = [(a2 + B2 + ,u2)2 — 4a 6] are identifiable parameters

(i.e. these compound parameters can be uniquely estimated from experimental data) [115]. Note that the exact
formula has the same number of parameters and can be implemented as easily as the approximate formula.

Again, the hazard rate and the survivor function relate to each other as shown in Eq. (3).

to epidemiological and experimental data (for review,
see [74,93)).

One way to get closer to a workable expression for
the full model is to make the additional assumption
that the number of normal cells (N) is constant. This
is approximately true if the number of normal cells is
large. If, in addition, the rates of mutation, cell divi-
sion and cell death remain constant in time, the model
yields exact analytical expressions for the hazard rate
and the survivor function [94,95] (see Box 4). Less
restrictive is the assumption that the parameters are
piece-wise constant. This means that the parameters
are constant for a certain time interval; they then
may change, after which they are again constant for
some time. A closed form expression can be found
for such a model [92,93], but this expression is “not
easy for non-mathematicians” [91]. Because of this
difficulty, Clewell et al. and Hoogeveen et al. devel-
oped an improved approximate model with arbitrarily

time-varying parameters [91,96]. For time-constant
parameters, the derived expression is exact [91].

Above we used the MVK model to obtain an ex-
pression for the hazard rate and the survivor function,
which predict the fraction of tumor bearing animals.
Interestingly, we can also use the model to obtain
expressions regarding the size and number of interme-
diate clones (foci) [97-99]. This is relevant for those
experiments in which information on the number of
premalignant clones and their sizes is available. The
proper way to analyze data on foci is currently topic
of research [100-103].

3.2.5.1. The MVK model with dose-dependent para-
meters. If one wants to use the MVK model in risk
assessment, one needs to specify how the parame-
ters of the model depend on the level of exposure.
Two choices need to be made for this. One has to
decide which parameters are affected by a particular



LM.M. van Leeuwen, C. Zonneveld/Mutation Research 489 (2001) 17-45 33

chemical, and one must specify how they are affected.
Thorslund et al. presented an overview of possible an-
swers to the first question [104]. However, in practice
only two of the possibilities are considered: geno-
toxic carcinogens can act by altering the mutation
rates, whereas non-genotoxic carcinogens can act by
changing cell kinetics.

Before we explain how carcinogens can affect the
parameters, we introduce some compound parameters.
The effects of non-genotoxic carcinogens are most
easily characterized in terms of these parameters. The
compound parameters are simple functions of the ba-
sic parameters of the MVK model, which are shown
in Fig. 8. The first compound parameter is the muta-
tion probability, m;. If o7 denotes the rate (per cell
per year) of cell division of normal cells and w; the
rate (per cell per year) of aberrant division into one
normal and one intermediate cell, then the mutation
probability at cell division is m; = wi/(u1 + o).
The second compound parameter characterizes the net
proliferation of a normal cell. If 8; denotes the rate
(per cell per year) of death or differentiation of normal
cells, then the net proliferation rate of a normal cell is
(a1 — B1). The parameters o2, B2, 12, and my describe
the behavior of intermediate cells in a similar way.

In the context of the MVK model, a genotoxic
carcinogen increases the mutation rates (1 and wy).
Obviously, an increase in either of the mutation rates
(or both of them) accelerates tumorigenesis. Theo-
retical interest in this possibility is limited, probably
due to the trivial nature of the mechanism. In the last
decade, modeling the effect of non-genotoxic carcino-
gens has received much more attention, due to the
increasing interest in the role of cell proliferation in
tumorigenesis (e.g. [43,105,106]). The architecture of
the MVK model suits the study of this problem, as it
explicitly accounts for cell kinetics. A non-genotoxic
carcinogen increases the parameters involved in cell
kinetics, without changing the mutation probabilities
m1 and my. Note that such chemicals indirectly in-
crease the mutation rates per cell per year. That is,
if a» increases, @y must increase for the probability
my = ua/(2 + a2) to remain constant.

A non-genotoxic carcinogen may increase both
cell division and death rates in such a way that the
net proliferation rate of an intermediate cell does not
change. Indeed, this occurs if the chemical increases
ap and B, such that (wp — B>) remains constant. This

leads to a rather small effect on tumor incidence
[107]. In contrast, even small changes in the net pro-
liferation rate of intermediate cells («p — B2) lead to
a rather profound effect on tumor incidence [107].
In this situation the non-genotoxic chemical affects
tumor incidence by at least two mechanisms, namely
increasing the mutation rates (i1 and py) while si-
multaneously increasing the net change in the number
of intermediate cells [86]. Moolgavkar suggested that
the action of hormones exemplifies this phenomenon
[85].

3.2.5.2. Some modifications of the MVK model.
Since its first publication, the MVK model has
received considerable attention (e.g. [108-113]).
Many investigators either sought to extend the model
to incorporate further biological details, or to facili-
tate its practical use in cancer risk assessment. Sev-
eral theoretical studies on the full MVK model deal
with improved implementation (e.g. [91,114]) and
parameter identifiability (e.g. [92,115-117]). Model
extensions accounting for tumor growth are treated
in Sections 3.3 and 3.5. Other examples of model
extensions are discussed below.

A first example of model extension is the three-event
model proposed by Moolgavkar [118]. The motiva-
tion for this extension was the classic paper on col-
orectal cancer by Fearon and Vogelstein [22]. In the
model the first two events correspond to mutations at
homologous loci of the DCC gene, whereas the third
is a mutation at one allele of the p53 gene [118]. To
account for the fact that different cancers may involve
different numbers of mutations, Little has provided
an expression for a multi-event model with an ar-
bitrary number of steps [79]. The practical interest
of this expression is somewhat doubtful. With any
additional step included, the number of parameters
piles up, making practical application of the model
impossible. For practical application the two-event
model is used even if it is known that more than two
steps are involved. This use is motivated by the casual
assumption that only two steps are rate limiting.

Multiple pathway models were first developed by
Tan and Chen [119]. The motivation for such models
was the observation that the same type of tumor might
arise from different pathways. Multi-variate models
account for the possibility that a single agent may
induce two or more different types of tumors [120].



34 LM.M. van Leeuwen, C. Zonneveld/Mutation Research 489 (2001) 17-45

Mixed models allow for different individuals in the
population either to start the process of carcinogenesis
at different steps of the same pathway, or to involve
different pathways [121]. For an exhaustive study on
multiple-pathway, mixed and multi-variate models,
see Tan [120].

Attempts have also been made to describe in more
detail the interaction between the carcinogen and the
cell. For instance, a few models explicitly account
for DNA repair. Among them are the damage-fixation
model formulated by Portier and Kopp-Schneider
[122], and the model developed by Bois and
Compton-Quintana [123]. Both models describe DNA
repair as a random process. Alternatively, Conolly
incorporated DNA repair in a deterministic way [124]
by describing the formation of DNA adducts. The
adduct formation rate is assumed to be proportional
to the amount of genotoxic carcinogen and to the
amount of nucleotides, whereas the adduct repair
rate is assumed to be proportional to the amount of
adducts. The MVK mutation rates (©; and w,) are
then assumed to depend on the amount of adducts.

3.2.6. Background tumor incidence

The dose-response models we discussed above
aim to relate tumor incidence to the dose the animals
are exposed to. Experiments concerning this relation-
ship always include a control group of non-exposed
animals (d = 0). Most of the dose-response mod-
els above predict absence of tumor incidence in this
group, that is, no dose implies no response (P(0) =
0). This contradicts the observational evidence that
tumors often develop in control animals. Background
incidence can be easily incorporated into the models,
however. It requires a choice between two assump-
tions [75,125]. One assumption is frequently referred
to as ‘additive background assumption’, whereas the
other is frequently referred to as ‘independent back-
ground assumption’.

An additive background means that the same mech-
anism is responsible for both spontaneous and induced
tumors. This assumption holds when the carcinogen
acts by accelerating naturally occurring processes.
To account for an additive background response, one
often introduces a dummy dose dp. So, one postulates
an unknown background dose to be responsible for
background tumor incidence. The fraction of animals
bearing either a spontaneous or induced tumor at dose

d is then P*(d) = P(dp + d), where P represents
some dose—response model.

On the basis of a time-dependent model, whose
parameters have an interpretation, a more realistic
approach is possible. This approach requires two addi-
tional choices. First, one has to decide which parame-
ters are affected by the chemical. We already addressed
this topic for the hit, multi-stage, and multi-event
models. Second, one has to specify how the param-
eters are affected. For instance, to use the Armitage—
Doll model as dose-response model, the transition
rates are assumed to depend linearly on dose, p; =
a; + b;d, where a; has the interpretation of a back-
ground transition rate. Thus, a linear dose-dependence
accounts for background incidence. Moreover, any
dose-dependence of the form p; = a; + g;(d), where
gi 1s an arbitrary function satisfying g;(0) = O,
accounts for an additive background incidence.

An independent background means that different
mechanisms are responsible for spontaneous and
induced tumors, and that both mechanisms take place
independently of each other. In this context, one of-
ten uses what is known as Abbott’s correction [126]
to predict the fraction of animals bearing either a
spontaneous or an induced tumor:

P*(d) = Py + {1 — P§}P(d) arn

where P represents some dose-response model
describing the occurrence of induced tumors; P(;“ is
the tumor probability at dose 0. Box 5 provides a
derivation of this expression.

3.3. Tumor growth models

Tumor induction models at the cellular level (such
as the AD model and the MVK model) characterize
the random variable ‘time to first tumor cell’. As we
showed above, they are used to analyze time to tumor
data on the assumption that a single cell constitutes a
detectable tumor. Such use is warranted if the tumor
type fulfills two conditions. The first is that a tumor
arises from a single cell; the observation that most
tumors are monoclonal supports this. The second is
that the time span a tumor cell requires to become
a detectable tumor is negligibly small in comparison
with the duration of tumor induction. The time to
observing a tumor then roughly equals the time to
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Box 5: Independent background assumption

Let R, I and T denote the random variables ‘time to spontaneous tumor’, ‘time to induced tumor’, and ‘time
to tumor’ (as a consequence of the independence assumption, R does not depend on the level of exposure). At
any point in time, the fraction of tumor-free animals is the fraction of animals that have neither a spontaneous
nor an induced tumor. Under the independence assumption, this implies that G7 (¢, d) equals the product of
GRr(t) and G(t,d). Expressed in terms of the cumulative tumor probabilities this translates into

Fr(t,d) = Fr(t) + {1 — Fr()}F;(t. d)

For a fixed exposure time, this equation reduces to Eq. (11) (Abbott’s correction), with P(d) = F;(t,d). As
the original dose—response model only accounts for induced tumors, it provides an expression for Fj (¢, d).
In terms of the hazard rates the relation above implies h7 = hg + hj. Swanyer et al. relate i; to hgr through
a linear proportional hazard assumption, h; = adhg. In this particular situation, the survivor functions for R

and T relate to each other as G} = {G R}H““’.

developing a tumor, and the terms ‘tumor cell’ and
‘tumor’ become interchangeable.

For monoclonal fast growing tumors the growth
period can thus be ignored. However, neglect of tumor
growth is less realistic for slowly growing tumors as
well as for rapidly induced tumors. If tumor growth
cannot be neglected, the simplest way to account for
it is to assume that the time it takes a tumor cell to
reach a detectable size is constant, say t,. The fraction
of tumor bearing animals at time ¢ is then the fraction
of animals with a tumor cell at time 7 — ;. A predic-
tion for the latter fraction is provided by the original
model. Iversen and Arley considered 7y, the time delay
between the genesis of a tumor cell and the emergence
of a detectable tumor, but did not assume its value to
be constant [127]. In contrast, they assumed it to be a
normally distributed random variable.

Disregard tumor growth rules out the possibility that
a tumor regresses before reaching a detectable size
[128]. In other words, it implies that once a tumor cell
arises, it will certainly give rise to a detectable tumor.
This also holds for the models above that incorporate
growth as a time delay. Moreover, it also holds for
any model that describes tumor growth in a determin-
istic way that does not account for a decrease in size.
In the next sections we compare some deterministic
growth models. As an alternative, some models for
chemical carcinogenesis account for tumor growth in
a stochastic way (e.g. [99,121,129,130]). In such mod-
els tumor cells are subject to stochastic birth-and-death
processes, i.e. in any small time interval, tumor cells

may divide or die with a certain probability. The ac-
tual probabilities depend on the tumor growth model.

Sherman and Portier modeled stochastic tumor
growth on the basis of clones [130]. So, the process of
tumor growth starts when an intermediate cell gives
rise to a malignant clone of size one. If the cell dies,
the clone becomes extinct. If the cell divides, a clone
of size two results. If then either cell dies the clone
reverts to a single-cell clone, and so on. In summary,
if an observable clone consists of My, cells, to be-
come observable a single-cell clone has to go through
Mupin stages of increasing size [130,131]. The model
assumes that once a clone reaches a detectable size,
it can no longer regress in size.

3.3.1. Classic growth models

Several classic growth models from various disci-
plines have been used to describe tumor growth (see
[132]). In this section we deal with four such models:
exponential growth, Von Bertalanffy growth, Gom-
pertz growth, and logistic growth. Mathematically
these models share a common pattern: V' = r(V)V,
where V denotes tumor volume, and r(V) denotes
the relative growth rate or the increase in volume per
unit volume per unit time. The relative growth rate
is thus some function of the size of the tumor; its
actual expression differs among the different growth
models. With the additional assumption that all cells
within the tumor have the same volume, the equa-
tion above can be rewritten in terms of the total
number of tumor cells. This is specially relevant for
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Fig. 9. (Left) Tumor volume as a function of time: (solid line) exponential growth; (dotted line) cube root growth; (broken lines from top
downwards) Von Bertalanffy, Gompertz, and logistic growth. For all the models we chose parameters values such that V(0) = 0.1 and
V(50) = 15 (and Vipax = 15.20 when relevant). (Right) Tumor doubling time (tdt) as a function of time. The saturating curves reach half
the maximum volume at ¢ &~ 13.14, t &~ 16.68 and ¢ &~ 26.87, respectively. Exponential growth results in a constant tumor doubling time
(solid line). Cube root growth results in a tumor doubling time that increases linearly with time (dotted line). The other growth models
result in a tumor doubling time that increases more and more rapidly with time (broken lines).

disseminated or dispersed tumors such as leukemias
and lymphomas.

The simplest growth model, the exponential growth
model, results from the assumption that a constant
fraction of tumor cells divide and die per time unit.
If so, the relative growth rate is constant in time, and
the tumor doubling time is also constant. The tumor
doubling time is (In2/r), with r the relative growth
rate. Another relevant characteristic of the exponen-
tial growth model is that there is no maximum tumor
volume (see Fig. 9).

The Von Bertalanffy growth model [133] defines
growth as the net result of gains and losses in volume
due to anabolic and catabolic processes, respectively.
The gain in volume is proportional to tumor surface
area, whereas volume loss is proportional to tumor
volume. An additional assumption states that a tumor
maintains the same shape during growth (isomorphic
growth), so that its surface area is proportional to its
(volume)?/3 [134]. Contrary to the exponential growth
curve, the Von Bertalanffy curve is S-shaped with an
asymptotic maximum tumor volume (see Fig. 9).

The model most widely used to describe tumor
growth is the Gompertz growth model [135,136] (see
Fig. 9). As early as 1934, Casey used Gompertz
curves to analyze experimental results on tumor trans-
plantation [137]. Likewise, in 1964, Laird fitted the
Gompertz growth model to tumor growth data with
success [138]. It is intriguing that this model origi-
nally conceived as a “law of human mortality” [135]
gives such an accurate description of tumor growth.

Logistic growth arises from the assumption that
the relative growth rate declines linearly with tumor
volume. The resulting growth model is a S-shaped
curve with an asymptotic maximum tumor volume
(see Fig. 9). The logistic growth equation was origi-
nally used by Verhulst to describe the growth of bio-
logical populations [139]. No biological mechanisms
underlie its formulation.

As long as tumor size remains small with respect
to its maximum, the relative growth rate remains
approximately constant for both the logistic and the
Gompertz model. As a consequence, it may not be
possible to discriminate between the exponential, lo-
gistic, and Gompertz models during the early growth
period on the basis of experimental data.

There are at least two ways to compare growth
models. A fit of the different models to the same data
is useful to reveal similarities. Vaidya and Alexandro
have carried out such an analysis for solid tumors
[140], and Afenya and Calderén have done the same
for disseminated tumors [141]. As an alternative, in
Fig. 9, we sought to reveal the differences. To do this
we forced the growth curves to include two values,
V() = 0.1 and V(50) = 15. In addition, for the
saturating curves, we chose a fixed asymptotic max-
imum volume, Vpax = 15.20. For the three S-shaped
growth curves the doubling time becomes larger as
the growth process continues. Laird observed that
for the Gompertz model the doubling time increases
slowly at the beginning of the growth process, but
more and more rapidly as the tumor becomes larger
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Fig. 10. Living layer model. (1) Early tumor without a dead
kernel (radius smaller than or equal to the maximum thickness of
the living layer). The whole tumor grows exponentially. (2) The
tumor’s radius has exceeded the maximum thickness of the living
layer and, consequently, the tumor has developed a dead core
(inner white sphere). (3) Advanced tumor: the tumor has increased
in size, whereas the thickness of the living layer has remained
constant.

[138]. This also applies to the logistic and Von Berta-
lanffy models. Another common characteristic of the
S-shaped curves is that the doubling time becomes
infinitely large when the tumor approaches half its
maximum size. Fig. 9 depicts these results.

3.3.2. Living layer model

The living layer model, proposed by Mayneord, is
based on the experimental observation that solid tu-
mors often have a dead kernel surrounded by a shell of
viable tumor cells (see Fig. 10). The model is the first
one that relates tumor growth to the tumor’s structural
heterogeneity. It involves three assumptions; first, the
tumor is spherical in shape; second, there is a fixed
maximum thickness (Lmax) for the living outer layer;
and third, the cell population within the living layer
grows exponentially [142].

Interestingly, the living layer model predicts three
growth phases. During the first phase tumor radius is
smaller than or equal to Lpax. As a consequence of the
third assumption, the tumor grows exponentially. The
second phase starts when tumor radius becomes larger
than Lmax, giving rise to the development of a dead
core. Finally, when the ratio of L,y to tumor radius
became very small, tumor growth tends to follow the
cube root law (i.e. the cube root of tumor volume
increases linearly with time; see Fig. 9).

3.3.3. Complex tumor growth models

For clinical studies growth of tumors is of prime
relevance. With the motivation to improve understand-
ing and treatment of cancer, several complex models
for tumor growth have been developed. Most of them
are diffusion-limited growth models. These models

describe the growth of avascular tumors (or tumor-
spheroids), assuming that nutrients must be taken up
across the surface of the tumor. Uptake of nutrients
at the surface together with their use by the tumor tis-
sue creates a nutrient gradient within the tumor. The
diffusion-reaction theory allows one to predict this
gradient [143,144]. Along the gradient, both prolifer-
ation and death of cells vary, according to availability
of the nutrient. Most models assume that cells grow
exponentially if the concentration of nutrients is above
some critical level. When the tumor becomes larger,
this approach predicts a structurally heterogeneous
tumor with a outer living layer that remains constant
in thickness and a necrotic core [145]. Basic diffu-
sion models have been extended to account for more
realistic biological details such as presence of growth
inhibitors [146], non-uniform nutrient consumption
[147], and tumor—immune system interactions [132].

The complex growth models have the potential to
increase our understanding. For practical applications
such as the description of experimental data on chemi-
cal carcinogenesis they are less suited, due to the com-
plexity of the mathematics they use. For this reason
we only briefly mention these models.

3.4. Effects

In carcinogenicity studies on skin tumors the time
to tumor onset (i.e. time to detectable tumor) is di-
rectly observable. This is the exception rather than the
rule, however. In most carcinogenicity tests the time
to tumor onset cannot be observed and, therefore, the
presence of a tumor can only be detected after the
death (or sacrifice) of the animal. Consequently, there
is a need to make inferences about the actual time to
tumor occurrence 7, using the time to death caused
by the tumor, §. As tumor bearing animals have a cer-
tain probability to die from the tumor, such inferences
concern tumor lethality.

Sawyer et al. assume that the tumor of interest is
instantly lethal [148]. This implies that time of death
with tumor equals time to tumor onset. This method
is appropriate for highly aggressive tumors, because
they cause death shortly after their onset. However,
many carcinogenicity tests involve tumors that do not
significantly affect survival. The use of the time to
death from tumor as a surrogate for time to tumor
occurrence is then unrealistic.
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Data including cause-of-death information usually
distinguish between five outcomes for the cause of
death, only one of which is death from tumor of
interest. The possible competing causes are natural
death with incidental tumor, natural death without
tumor, sacrifice with tumor, and sacrifice without
tumor. Modelers usually cluster these outcomes into
(1) death from tumor; (2) death from competing risk,
with tumor present; and (3) death from competing
risk, with no tumor present.

Some authors have sought to use cause-of-death
information (e.g. [149,150]). However, because
cause-of-death determinations are frequently unre-
liable, other authors have sought to carry out the
required inferences without using cause-of-death in-
formation (e.g. [151-154]). Both approaches mainly
have resulted in purely statistical (non-parametric)
methods that do not rely on any conceptual model.
A few authors assume a mathematical model for the
time to tumor onset, whereas they use non-parametric
estimates for both the time to death from tumor and
time to death from a competing risk.

Dewanji et al. proposed a model-based approach
that accounts for the three types of death [155]. The
use of cause-of-death data is possible but not nec-
essary. They relate time to tumor onset and time to
death from tumor through a lethality parameter p ly-
ing between 0 (incidental tumor) and 1 (rapidly fatal
tumor). They assume that the hazard rate for | is
proportional to the hazard rate for 7, with proportion-
ality coefficient p. Consequently, the corresponding
survivor functions relate to each other as GT(t) =
{Gr(t)}°. If p = 0, there are no deaths from tumor
(G+ = 1), whereas if p = 1, the tumor is instantly
lethal (G+ = Gr).

3.5. Combined models

Models for chemical carcinogenesis aim to
characterize the relation between tumor incidence and
level of exposure to a certain (pro)carcinogen. The
first model for chemical carcinogenesis, which was
proposed by Iversen and Arley in the early 1950s,
includes kinetics, tumor induction and tumor growth
[127]. However, most of the models that are currently
used focus on tumor induction only. That is, they use
fairly elaborate assumptions on the induction pro-
cess, whereas they use shallow ‘default assumptions’

for the remaining phases. Only a few models em-
brace more than one phase in similar detail. In this
subsection we deal with these models.

3.5.1. Kinetics + induction

All dose-response models in Section 3.2 rely on
the default assumption for kinetics, which states that
the internal concentration is constant and proportional
to the external dose. As discussed in Section 3.1, this
only holds for linear kinetics and constant external
dose. A more realistic alternative is estimate the in-
ternal concentration with the aid of a kinetic model.
Such an approach combines kinetics and induction in
one model.

To illustrate how a kinetic and an induction model
can be combined, we consider the one-compartment
model (Section 3.1) and the one-hit failure-time
model (Section 3.2.3). If we assume that the hit rate
is proportional to internal concentration (© = wC), it
is no longer constant in time. The hazard rate, which
equals the hit rate in the one-hit model, now becomes

uw
hr(t,d) = —(1 —e™")d
n

Because the hazard rate is not constant, the variable
time to tumor 7 is no longer exponentially distributed.
If after some time the internal concentration reaches
steady-state conditions, the hazard rate becomes
constant. The model then reduces to the one-hit
dose-response model (Eq. (7)), with @ = uw/n.

Van Ryzin and Rai developed a combined model
that embraces the phases of kinetics and induction
[156]. They described the internal concentration in
the target organ by assuming Michaelis-Menten ki-
netics for both the incoming and outgoing processes.
To solve the resulting mass balance equation, they as-
sumed the external dose and internal concentration to
be constant (steady-state conditions). Consequently,
the internal concentration depends hyperbolically on
the external dose. The model relates induction to
internal concentration through a Weibull equation,
Pd)=1- e_y_“’c(d)ﬂ, where y is a parameter that
accounts for background incidence.

Still other combinations between kinetic mod-
els and induction models have been explored. For
instance, to analyze the effect of metabolic transfor-
mation on tumor induction, Tan and Singh combined
Michaelis-Menten kinetics with the MVK model
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[157]. Conolly et al. also used the MVK model,
but combined it with a PBPK model [124]. In this
model the internal amount of active metabolite af-
fect the MVK parameters, according to the two types
of carcinogens discussed in Section 3.2.5. Bogen
used approximate multi-event models to study tumor
induction associated with exposure to chlorinated
methanes [158]. To predict the effective liver concen-
tration, he used a PBPK model. Reitz et al. combined
a PBPK model with the LMS dose-response model,
in an attempt to predict liver angiosarcoma incidence
due to vinyl chloride exposure [159]. Some of these
attempts are difficult to evaluate, because they do not
present either the model structure or the model equa-
tions. Indeed, most of the articles cited above focus
on model results, rather than on model descriptions.

3.5.2. Induction + growth

Multi-stage models (Section 3.2.4) and multi-event
models (Section 3.2.5) characterize the random vari-
able ‘time to tumor cell’. These models are directly
used to analyze carcinogenicity tests on the assump-
tion that the terms ‘time to tumor cell’ and ‘time
to tumor’ are interchangeable. This constitutes the
default assumption for tumor growth. As argued in
Section 3.3, it only holds for monoclonal fast growing
tumors (see Section 3.3).

A few attempts have been made to combine tumor
induction and tumor growth in one model. For in-
stance, Iversen and Arley define time to tumor onset
as the sum of an ‘excitation-time’ and a ‘growth-time’
[127]. Excitation involves the interaction of the chem-
ical with a cell. The model describes excitation-time
(i.e. time to tumor cell) on the basis of the one-hit
theory (Section 3.2.3). The growth-time plays the
role of a stochastic delay between developing and
observing a tumor. Alternatively, Yang combined a
multi-event model with a tumor growth model [128].
More recently, Sherman et al. extended the MVK
model to incorporate tumor growth [130,131]. The
model describes tumor growth on the basis of stochas-
tic division and death of tumor cells. Like Yang’s
model, it treats the size of a detectable tumor as a
constant (see Section 3.3). Luebeck and Moolgavkar
consider a threshold tumor size for which the proba-
bility of extinction is negligibly small [129]. Beyond
this threshold, the tumor can be assumed to grow de-
terministically. The difference between the detection

threshold and the viability threshold is that the latter
changes with the parameter values.

Models that combine induction and growth where
both are treated as a stochastic process tend rapidly to
become complicated. This might be one of the reasons
that so few of these models have been formulated.
Although models that combine kinetics and induction
are slightly more common, in general, the combined
models are far outnumbered by models that focus on
induction alone.

4. Conclusions

In this paper we gave an overview of models
describing any part of the chemical carcinogenesis
process. We structured the overview according to a
division of the entire process, from exposure to effect,
into four consecutive phases. An alternative criterion
to classify the models is whether a model is descrip-
tive or mechanistic. This hardly is an all-or-none cri-
terion; rather it defines a continuum with descriptive
and mechanistic as endpoints. Tolerance distribution
models, empirical time to tumor models, and classic
growth models obviously cluster at the descriptive
end of the continuum, whereas PBPK models and
multi-event models move some distance towards the
mechanistic endpoint.

All descriptive models or, as we argued in the
introduction to Section 3.2, mathematical descriptions,
have in common that they are rather simple mathemat-
ical expressions with a small number of parameters.
They are useful to neatly summarize results of experi-
ments in a few numbers, the parameter estimates. The
summarizing parameter estimates lack a biological
interpretation, however. This is different for mech-
anistically oriented models that rely on a set of as-
sumptions on biological aspects of the process. Their
parameter estimates provide quantitative information
on the rates of processes and the factors that affect
them [160].

Tests to determine the carcinogenic potency of a
chemical aim to reveal the relationship between expo-
sure to the chemical and occurrence of a carcinogenic
response. This response may involve appearance of
unusual tumors, increase in incidence of normal tu-
mors, earlier occurrence of normal tumors, or increase
in multiplicity of normal tumors. As we stated in the
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Introduction, models may facilitate the analysis of the
sought relationship. Here we will evaluate to what
extent current models actually contribute to this aim.
But let us first briefly consider the data that have to
be described.

In a standardized long-term carcinogenicity test
several groups of animals are administered different
levels of the chemical. Besides these dose-groups,
the test includes an unexposed control group. The
experiment has a fixed duration; those animals still
alive at the end of the experiment are sacrificed to
determine whether they bear tumors. The observed
carcinogenic response, or data, vary from one study
to another. If the tumor of interest is directly observ-
able, tumor-onset times are recorded. In contrast, if
the tumor is not directly observable, time to death (or
sacrifice) and tumor pathology at the time of death
(or sacrifice) are recorded.

Between exposure and effect is a chain of processes,
summarized in Fig. 11. In short, everything starts with
the presence of a (pro)carcinogen. Kinetic processes
lead to a certain internal concentration, which may
induce the appearance of a tumor cell. This cell may
become a detectable tumor in due time. The presence
of this tumor may eventually result in the death of the
animal.

In Section 3 we gave an overview of models
describing any part of chemical carcinogenesis. As
shown in Fig. 11, models for the different phases
derive from different disciplines. Kinetic models
are mainly in the domain of toxicology; cancer risk
assessment deals with tumor induction models; models
for tumor growth are in the realm of clinical oncology;
and effect models are the topic of epidemiology. More-
over, much of the work on different phases apparently
proceeds in isolation of each other, as can be inferred
from the paucity of cross-references.

Models for chemical carcinogenesis aim to charac-
terize the relation between dose and carcinogenic re-
sponse. It seems desirable that such models deal with
the entire process, from exposure to effect. Ideally,
the models for the four phases should form a chain,
in which the output of one model serves as the input
for the next. Indeed, the very first model for chemical
carcinogenesis by Iversen and Arley started to do just
this [127] (the model accounts for kinetics, induction,
and growth). Current modeling is apparently not mo-
tivated by such a desire, though. Models for chemical

external dose

kinetics r toxicology

\

’ internal dose ‘

induction risk assessment
animals bearing MODEL
tumor cells PREDICTION

growth ¢ clinical oncology

animals bearing
detectable tumors

DATA —P»  effects Y

| mortality

epidemiolggy

Fig. 11. Chemically induced carcinogenesis as a four-phase pro-
cess: kinetics concerns the relationship between exposure and ef-
fective internal dose. Tumor induction comprises the chemically
induced transformation of normal cells into tumor cells. Tumor
growth relates to the clonal expansion of a tumor. Effects involves
the consequences of tumor development for the organism. As in-
dicated in italics, models devised for the different phases derive
from different disciplines. The large arrows indicate that tumor in-
duction models make predictions concerning tumor cells, whereas
one can only detect tumors of a certain minimum size. Even worse,
one may not be able to detect tumors till the animal dies.

carcinogenesis, with exception of the few combined
models, focus on the tumor induction phase. This
situation has some undesirable consequences.

One consequence is that most models for chemi-
cal carcinogenesis suffer from an imbalance between
depth and width. For instance, a model for chemical
carcinogenesis that covers tumor induction aspects in
depth may shallowly treat, or even virtually ignore, ki-
netic aspects. Much new work tends to aggravate this
imbalance, as it expands existing models by adding
more biological details on tumor induction only. Bi-
ological details are probably added to increase the
realism of the model. To judge whether a model has
indeed become more realistic after addition of some
new elements, it has to be confronted with data. Here
we stumble upon another undesirable consequence.
The predictions of an induction model concern tumor
cells, whereas the data concern detectable tumors. In
other words, the model predictions do not directly
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bear on the data! (This is also indicated in Fig. 11.)
This makes the interpretation of parameter estimates
rather uncertain. It also hampers a straightforward
interpretation of the realism of the models involved.

Let us now return to the original question: do cur-
rent models contribute to the aim to relate exposure
to carcinogenic response? Although sweeping gener-
alizations over heterogeneous collections are always
difficult to make, we think the answer is at best ‘to
some extent’. The models used are not overly realis-
tic for the purpose of data description, because they
ignore essential processes. An increase in realism
should be sought in accounting for these processes in
the first place. This may bridge the gap between model
predictions and data. Other prospect for improve-
ment is offered by the use of alternative information,
especially on foci, as end-point in carcinogenicity
testing. If the data concern foci rather than tumors or
mortality, the gap between data and prediction could
be eliminated. The model then only needs to cover
kinetics and development of foci; there is no need to
pay attention to tumor growth and the impact of the
tumor on the animal. With such improvements the
models may become much more useful for the pur-
pose of estimation of cancer risk from carcinogenicity
tests.
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