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Abstract

Chemical carcinogens act by a variety of biological mechanisms to increase 
the rates of cancer induction and cancer expression. Despite this diversity, 
several unifying "biologically based" risk-modeling approaches have been 
developed recently that can help to make more accurate and realistic the 
quantitative assessment of cancer risks from exposures to chemicals. This 
paper summarizes the traditional linearized multistage (LMS) statistical model 
used in a majority of regulatory cancer risk assessments and then presents 
three more recent approaches — the Moolgavkar ct al two-stage (MVK) model, 
physiologically-based pharmacokinetic (PB-PK) modeling, and molecular 
epidemiology approaches — that are starting to change the ways in which 
cancer risks are assessed. These approaches share an emphasis on 
incorporating more biology into risk assessment to obtain better risk 
estimates. This paper reviews and evaluates these approaches to biologically- 
based cancer risk assessment and identifies several new directions for 
research.
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. In. . .dilution

Chemical carcinogens are one of only three broad classes of 

-agents -- chemicals, radiation, and viruses -- that are now recognized 

to be possible causes of cancer. They can act by many different 

mechanisms to increase the rates of cancer induction, promotion, or 

progression. Known mechanisms range from purely "genotoxlc” effects 

(e.g., covalent binding of an alkylating agent directly to DNA, which 

can "initiate” cancer by producing point mutations, chromosomal breaks 

or translocations, or other heritable damage in somatic cell lines) to 

purely "epigenetic” effects, e.g., binding of chemical molecules to 

cell surface membrane receptors, which may thus be either artificially 

stimulated or artificially inhibited in sending signals to the 

proliferation control mechanisms in the cell's nucleus (Castagna and 

Martelly, 1989). Some chemicals, such as 1,3-butadlene (an olefin 

widely used in synthetic rubber manufacturing) are metabolized by 

enzyme ^catalyzed reactions into reactive metabolites (monoepoxides and 

diepoxldes) that can then activate cancer*inducing retroviruses in 

susceptible mouse strains, as well as binding chemically directly to 

>DNA. Others, such as benzene metabolites (phenol and hydroquinone) 

stimulate compensating proliferation of bone marrow stem cells in 

response to cytotoxic (cell-poisoning) damage, thus increasing the 

numbers of cells at risk of leukemic transformation, apart from any 

direct genotoxlc effects. Although the biochemical details of such 

mechanisms are generally not yet well understood, substantial progress 

has Seen made in understanding how to quantify the effects of exposure 

to chemical carcinogens on human cancer risks. Kay to this progress
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has * > .«) tha increasing use of biological measurements and knowledge 

in cancer risk modeling. This paper describes the growing use of 

biological insights, molecular-biological data, and blomathematical 

modeling techniques in quantitative cancer risk assessment for 

chemical carcinogens. It also elucidates some issues that have been 

incompletely explored in modeling cancer dose-response functions.

It is now possible to contrast an emerging generation of biolog­

ically motivated" cancer risk assessment models with the older 

generation of statistical "curve-fitting* models still widely used by 

regulatory agencies (Thorslund et al. 1987.) Whereas the former use 

plausible hypotheses about how cancer Induction might work to suggest 

algebraic forms for dose-response models, the latter assume algebraic 

forms without detailed biological justification. ^ Model parameters 

must then be estimated from empirical data by maximum-likelihood 

estimation (MLE) or similar statistical methods, rather than being 

measured directly in the laboratory. The distinction between 

"biologically motivated” and "statistical” dose-response modeling is 

often exaggerated, however. Since the 1950's, the most successful 

statistical cancer risk assessment models have been based on 

assumptions about the biology of carcinogenesis. In particular, the

linearized___ multistage (IMS)__ model -- a family of dose-response

functions developed during the 1970's and still widely applied by the 

EPA's Carcinogen Assessment Group (CAG) and other Federal and State 

regulatory groups -- is based on a simple, speculative model of cancer 

causation.

SAL 000002808



The .• rir . .ultlstage model began with simple probability 

models of carcinogenesis developed by Armltage and Doll (1961) during 

the 1950's and 1960's. It was extended for EPA's CAG Into a practical 

tool for routine risk assessment of genotoxic chemical carcinogens by 

K.S. Crump and colleagues during the 1970’s (Crump and tfatson, 1979; 

Crump, 1984.) The LMS paradigm today dominates regulatory risk

assessments for chemical carcinogens. However, an alternative 

modeling framework for cancer risk assessment has been growing up 

throughout the 1980's that seeks to account for additional biological 

phenomena -- e.g., cell proliferation, differentiation, and death -*

that play key roles for some carcinogens, especially for tumor 

"promoters" and non-genotoxic carcinogens. Beginning with pioneering 

Investigations by Knudson on the inheritance of retinoblastoma 

(Veinberg, 1988) and biomathematical modeling by Koolgavkar and Venzon 

In the late 1970’s, this "Hoolgavkar-Venzon-Knudson" (MVK) model has 

become a powerful alternative to LMS for understanding qualitative 

cancer dynamics and the quantification of chemically•Induced cancer 

risks (Moolgavkar et al. 1988, 1989.)

V. This paper first reviews and critically evaluates the biological

motivation for the Armltage-Doll model and the LMS framework. Then, 

three more recent biologically-based risk modeling approaches are 

described -- the Moolgavkar-Venzon-Knudson (MVK), physiologically- 

based pharmacokinetics (PB-PK), and "molecular epidemiology” 

frameworks -- chat offer additional understanding to quantitative 

cancer modeling. Strengths and limitations of these new approaches 

are summarized. Finally, several new directions for research are
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FIGURE 1: Armitage-Doll Model*.-6i)

g g g
Assumptions

• Stages traversed in a fixed order

• Constant transition rate for all cells in a stage. Independent 
transitions.

• Constant growth rates, same for all nonmalignant cells.

• Rare transitions (small Lj)

Conclusion

• Hazard function for tumor arrival is

h(t) = KL1L2...Ln(t-w)n*1

tumor growth time

• Fits'empirical data well for n * 5.
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IABLE 1: ilfiLWICAI, ASSWIIPNS Of ■£ HULYliTACg camcct
RISK MODEL

1. Dost rate Is constant over time, i.e., the biologically effective 
dose acting on cell populations per unit tine Is treated as constant. 
If dose rate varies, then it is assumed that only the equivalent 
constant "average" dose rate (averaged over a subject's lifetime) is 
relevant in determining lifetime probability of response: the time 
pattern of exposure is Ignored. (Taken at face value, this assumption 
implies that the cancer process must anticipate future exposure so 
that it can respond to the correct lifetime average level.)

2. There Is only one path (set of cellular transformations) that can 
lead a cell line to malignancy. Cell lines undergo stochastic 
(random) transitions among a fixed set of stages along the path from 
normalcy to malignancy, with each stage representing the acquisition 
of another heritable transformation (broadly speaking, a mutation.) A 
necessary and sufficient condition for cancer induction is that all of 
the stages be traversed. (This precludes the possibility of several 
paths, involving different transformations, leading to malignancy.)

3. Stases must be traversed in a fixed order. In some variants, the 
order of traversal can be arbitrary (Uhittemore and Keller, 1978). 
But the general case of partially ordered stages, in which some stages 
must precede some specific others in order to produce malignancy, has 
not been considered.

Cells__divide and__undergo transformations independently of each
other, i.e., regardless of vhat other cells are doing or of the 
relative sizes of different cell subpopulations. (This assumption 
rules out compensating proliferation, in which stem cells spend more 
time actively dividing, and hence at risk of e.g., leukemic 
transformation.)

5. All nonmallgnant cells proliferate at the same rate, independent of 
dose or stage. (This precludes the possibility of cytotoxic effects, 
e.g., in which a dose of benzene delays or stimulates cell divisions.)

'6. Transformation rates are linearly related to dose. The transforma­
tion rate for cells In stage j (i.e., the transition rate into stage 
J+l) Increases linearly with the biologically effective dose acting on 
the cells In stage j. (This is essentially the "one hit" hypothesis.)

7. Ihfi__number of ."normal" (non-transformed) cells in a target organ
remains__approximatclyi-constant over time. This equilibrium level, say
N, may be homeostatlcally regulated to maintain its value. (This is 
probably not a useful assumption for leukemias, since the number of 
blood cells at risk responds to changing physiological conditions of 
the subject at risk.)

References: Armltage and Doll (1961), Vhlttemore and Keller (1978),
Crump (1984), Brown and Chu (1989).
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identified «nd discussed.

L.___The Armltage-Doll Cancer Model

The mein aspects of the Armltage-Doll <1961) model are outlined

in Figure 1. It relies heavily on several simplifying assumptions

that are listed, with critical comments, In Table 1. Using versions

of these assumptions that apply to the case of no exposure, i.e., zero

external dose, Armitage and Doll mathematically shoved that the

background hazard function for cancer Induction should increase In

proportion to a power of age. When this conclusion was tested

empirically, it was found that appropriate choices of the power and

the constant of proportionality would allow empirical age-specific

cancer incidence curves for many types of cancers -- especially

carcinomas • « to be accurately reproduced. Thus, the basic

le 1Armltage-Doll risk model h(t) - at* , where a and k were parameters 

to be estimated statistically from known human incidence data, was 

established as a useful tool for predicting age-specific cancer hazard 

functions. 2

(

2. Allowing Dose-Dependent .Transformation Rates: The IMS Model

During the 1970's, EPA propelled the further development of the 

Armltage-Doll model to allow for dose*dependent cellular transforma­

tion “rates. Using the assumptions in Table 1, researchers from the 

Carcinogen Assessment Group (CAG) obtained the following natural
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generalization of tho Armltage-Doll modal: *■ i

h(t) - c(a^ + b^x)<<2 + b2x)...(ak +

Here, x is dose rate, k is Che number of stages that a cell line must 

traverse to malignancy; c - N/kl where N is the (constant) number of 

normal cells at risk; and (aj + bjx) is the dose-dependent

transformation rate of cells at stage J -1 Into stage J. This is the 

basis for most of the EFA's subsequent policies on generic methodolo­

gies for cancer risk assessment.

To enable cancer risk assessment, EPA supported development of a 

series of computer programs (the GLOBAL programs) for estimating the 

parameters of the LMS model (Crump and Vasson, 1989.) These programs 

combine maximum likelihood estimation (MLE) and some statistically ad 

hoc extrapolation procedures to establish estimated dose-response 

functions and confidence limits. To simplify calculations, the terms 

in the above expression for the hazard function are usually multiplied 

out and then Integrated over the lifetime of the exposed subject to 

.obtain the following algebraic expression for lifetime cumulative 

hazard:

H(x) - q0 + qxx + q2x2 + ... + qkxk,

where x is the lifetime average dose rate (e.g., in mg of carcinogen 

per kg of body weight per day) and the qj are the parameters of the 

model (constrained to be nonnegative) estimated from the data - -

- 7 -
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usually, animal bioassays. A quancal dose-response bodal for 

subject's lifetime probability of cancer, say p(x), follows directly 

from the probability formula p(x) - 1 - exp[-H(x)]. For very small 

values of x (e.g., for x < 0.1), 1 * exp[-H(x)] Is approximated by 

H(x), quadratic and higher terms approach 2ero, and the model 

simplifies to p(x) - q0 + qjx. This is the algebraic form most 

often used by the EPA in practical applications. In this case, 

can be interpreted as the carcinogenic potency of the chemical 

carcinogen, defined as the rate of increase in lifetime probability of 

cancer per unit increase in x (l.e., q^ is the slope of the 

dose-response curve at very low doses.) Often, the GLOBAL program's 

upper confidence limit for the potency parameter, denoted q*. is used 

as a conservative estimate ox ql. Scaling q* to humans, e.g., through 

an interspecies allometrlc formula -- which might, for example, scale 

the dose level x according to the 2/3 or 3/4 power of the ratio of 

human to animal body weights to adjust for differences in metabolic 

rates and o*:her factors (Travis and Uhlte, 1988; Chappell, 1989) 

gives a unit risk estimate for humans, defined as the increase In 

lifetime probability of cancer from continual exposure for 70 years to 

>1 ug/m^ of the chemical inhaled by a 70 kg subject.

The combined statistical and theoretical approach that has grown 

out of the assumptions in Table 1 is the linearized multistage (LMS> 

risk model. EPA uses the LMS model as the regulatory method of choice 

for quantitative cancer risk assessment (Andersen, 1983.)

sal.
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3. Critique of the Armltaga-Doll and LMS Models

Progress in understanding carcinogenesis has revealed serious 

flaws in the Armitage-Doll model and in the LMS model. Some of the 

main objections are as follows:

1. The biological assumptions on which the Armitaee-Doll and LMS risk 

models are based are incorrect. Specifically, addressing in order the 

assumptions in Table 1,

(a) Intermittent doses are important in practice and can not be 

accurately replaced with "equivalent” lifetime average doses (Crump 

and Howe, 1984; Murdoch and Krevskl, 1988.) In general, there will be 

no constant exposure level that is "equivalent" in its health effects 

to a specific time-varying dose pattern, e.g., because of the 

Important transient responses of metabolite levels produced by time- 

varying exposure concentrations. For example for some chemicals. 

Including butadiene and benzene, it has been found In laboratory 

animals that reducing exposure concentration and increasing exposure

juration in such a way that concentration x duration (e.g., in 

ppm-weeks) remains constant can dramatically decrease carcinogenic 

response (Cronkite, 1987.)

(b) More than one set of mutations or other critical molecular events 

may lead to the same carcinogenic endpoint. A clear understanding of 

the mechanisms of Induction of retinoblastoma has now emerged

(Velnberg, 1988) to show that g__ fUffd Prtor__of mutations Is not

required for this or similar neoplasms.

- 9 -
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(c) Lesions in sobs cells uy asks it essier for neighboring cells to 

acquire lesions (e.g., becsuse of impaired cellular contact control or 

secretion of unusual growth factors) so that cell lines do not neces­

sarily undergo transformations independently of_each other. Moreover, 

deaths or deficiency of proliferation in a nature cell subpopulation 

can stlnulate conpensating proliferation in a less differentiated 

subpopulation, as has been observed experimentally for, e.g., benzene 

bone-marrow toxicity (Cronklte, 1987.) Thus, cells do not necessarily 

divide independently of each other: a change in the proliferation rate 

in one cell population may be Informative about the probable rates in 

other populations.

(d) Cell proliferation races can be sensitive to dose through various 

eytot^xlc mechanisms, e.g., selective poisoning of normal cells 

compared to transformed (resistant) cells or delay of mitosis by 

cycle-specific cytotoxins, Including metabolites of benzene (Eastmond

£t__ ai, 1987.) Thus, cell__proliferation rates are not necessarily

independent—gf dPSli moreover, they are_probablv not independent of 

stage In the sequence of transformations leading to full malignancy. 

For example, in the case of leukemia, blood cells in different 

lineages and stages of transformation typleally divide at different 

rates and respond to different molecular regulatory signals.

(e) The one-hit hypothesis Is incorrect for many cancers, e.g., for 

bladder cancers caused by chemically-induced bladder stones (a non-hit 

mechanism.) It may be Incorrect even for some cancers that are caused 

by genotoxic damage. If each strand of DHA In a chromosome must be

. 10 -
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uit within a certain time window (namely, before DNA repair mechanisms 

heal the damage or the cell divides) to sever the chronosoae and cause 

heritable damage in the cell line, then a two-hit (quadratic) dose- 

* response relation results (Thorslund et al. 1988.) Thus, a linear 

relation between Internal (e.g. cell-specific) dose and transformation 

rate can not be assumed in general. Although EPA has long used the 

one-hit model based on an assumption that it is "conservative"

(unlikely to underestimate true risk) (Andersen et al, 1983), even 

this assumption has recently been questioned (Bailar et al. 1988.)

(?) Xhe__ number of target cells at risk in some neoplasms. Including

leukemia. Is not constant. For example, blood cell populations 

respond with great sensitivity to cytotoxic effects of exposures to 

chemicals such as benzene and can fluctuate by substantial fractions 

of their normal values (Mehlman, 1989.)

(g) The mathematical analysis of the linearized multistage model, as 

implemented in the GLOBAL programs, depends on an assumption that

carcinogenic responses are rare. In fact, in the animal experiments

. to which the model is usually applied, carcinogenic responses are

usually very common. Invalidating the use of the standard LMS model 

(Moolgavkar and Devanjl, 1988.)

Thus, many of the assumptions in the LMS model can no longer be 

considered speculative (l.e., possibly true and possibly false) with 

respect to current scientific knowledge: they are now known to be

Incorrect as general postulates for specific aspects of earclnogene-

SAL 00000281?
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*i.f. On the other hand, the Armitage-Doll/LMS nodal fall* to provide 

adequate representation for sone other biological aspects of 

carcinogenesis that are nov recognized to play a critical role In many 

cases of cancer causation. These omissions Include

o Cell__ death__ find__differentiation. As stem cells differentiate Into

increasingly mature, decreaslngly proliferative, lineages they lose 

their susceptibility to carcinogenic transformation. An accurate 

accounting of the number of stem cells at risk of malignant 

transformation over time must allow for losses due to stem cell death 

and differentiation.

o Feedback control _1qops (e.g., based on molecular signal strength 

from contact regulation) from cell population si2es to the 

proliferation and differentiation rates of individual cells.

o Effects, of the subject*s age at the beginning of dosing on his or 

her susceptibility to carcinogenic transformations (Murdoch and 

Krevski, 1988.)

o. The critical role of mitosis (cell division) in locking-in 

carcinogenic damage.

Qualitatively, the predictions of the Armitage-Doll/LMS model 

conflict both with some biological evidence and with other models. For 

example,

SAL 000002818
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' aseta^-. to *empirical data, the Armitage-Doll model

requires chat carcinogenesis for most carcinomas Involves betweent k • 

4 and k - 7 stages. But there Is no biological evidence chat more 

than tvo stages are Involved In the majority of carcinomas. A k 

between 4 and 7 "does not have experimental Justification and seems 

somewhat Implausible" (Murdoch et al, 1987.) Exactly two stages are 

required for retinoblastoma and similar carcinomas (Veinberg, 1988.)

o The LMS model Is algebraically inconsistent with the general 

relative risk hypothesis unless It is assumed that the dose variable 

acts on exactly one stage and Is algebraically Inconsistent with Che 

general absolute risk hypothesis unless the background hazard function 

is constant.

Finally, there are several pragmatic and statistical objections 

to the LMS framework. These include the following two:

o The predictions of the LMS model are often very sensitive to slight 

variations__ In Its assumptions, e.g., about the number of stages

involved in carcinogenesis, the specific stages whose transformation
v
rates are affected by the exposure variable, and so on, as discussed

by Sielken (1987).

o Xh£__predictions__ of the LMS__model__ ______sometimes insensitive to

relevant empirical data. The polynomial form of the hazard function, 

implied by the assumption of a static, linear Increase in

transformation rates at each stage, is a mathematical straight Jacket

SAL 000002819
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th .an j/ju bo-ic-fitting IMS model from fitting the

observed data adequately (Sielken, 1987.) For example, If different 

terms hold at high doses than at low doses (perhaps because normal 

metabolic pathways become saturated at high doses) then the LMS

framework's implicit assumption that the coefficients qg...........

have the same values throughout the range of doses will be incorrect 

and may produce "maximum-likelihood” risk estimates (for this class of 

models) that do not fit the observed data. The IMS methodology seeks 

to avoid this problem by successively deleting high-dose observations 

until an adequate fit is obtained. But doing so requires Ignoring 

some relevant data. A better approach would be to use a less

restrictive class of models, e.g., one based on simulation, that does 

not require a fixed algebraic form for the dose-response function.

In summary, the LMS model has problems In its foundations, as 

well as statistical and pragmatic drawbacks, that make its predictions 

suspect in many applications. It has a biological motivation, but one 

based on assumptions and speculations, once scientifically plausible, 

that are now known to be wrong for many carcinogens. Perhaps more 

- importantly, the IMS framework fails to capture several important 

cell-biological phenomena underlying carcinogenesis.

4,_a More Recent Approach: The KVK Framework

Numerous attempts have been made to expand the practical 

applicability of the original Armltage-Doll framework, for example by

S*L °oooo2azo
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allowing for

Different proliferation rates at different premalignant stages. 

(Some of the original work by Analtage and Doll considered this 

possibility. However, it Is now recognized that differential growth 

rates are probably not critical in nost cancer Induction.)

Dose^dependent transition rates (Crump et al. 1976). This effort 

eventually led to the linearized multistage risk modeling framework.

Exposure to multiple carcinogens acting at different stages 

(Vhlttemore and Keller, 1978);

Time'dependent dosing patterns (Crump and Howe, 1984; Murdoch and 

Krewskl, 1988.)

Exposures to mixtures of carcinogens that Interact in affecting 

stage-specific transition rates (Thorslund and Chamley, 1986; Brown 

and Chu, 1989).

All of these extensions have been made within the framework of 

assumptions outlined in Table 1. All suffer from (1) Ad hoc algebraic 

assumptions about Che effect of administered dose on stage-specific 

transition rates (l.e., the rates at which cell lines at one stage are 

transformed into cell lines at the next stage); and (il) Inability to 

represent the effects of cell birth, death and differentiation in the 

target tissues (Murdoch __gl, 1987.) Thus, they do not overcome

• 15 •
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these basic limitations :hi »..iitige-Doll/LHS framework.

An Alternative two-stage cancer risk nodeling framework has been 

developed over the past twenty years that extends and refines the

Armitage-Doll model by explicitly accounting for cell birth and death

(e.g., chemically Induced cell proliferation) as well as cell

differentiation and cell transformation via genotoxlc (DNA-damaging) 

chemical reactions ("hits”). Originally proposed for retinoblastoma 

by Knudson on empirical grounds in 1971 and later developed 

mathematically by Moolgavkar and Venzon as a general approach for 

modeling carcinomas, this Moolgavkar-Venzon-Knudson (MVK^ model has 

attracted a great deal of attention recently as a more biologically 

realistic alternative to Armitage-Doll/LKS. However, debates over its 

theoretical soundness and practical usefulness are ongoing. The

remainder of this section summarizes and evaluates the MVK model.

Assumptions of the MVK Model

The structure of the MVK model Is indicated diagraomatlcally in 

figure 2. Embedded in this structure are the following key 

assumptions.

A. First Assumption: Two Stages are Involved In Carcinogenesis

Tvo transformations are required to convert a normal cell line to a 

malignant one. As In the Armitage-Doll model, each successive 

transformation corresponds to another "stage" in the progress of the

SAL 000002822
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Stage 0 Stage 1 Stage 2

Normal Premalignant Malignant
Stem Ceils Stem Cells Stem Cells

ao

FIGURE 2: MKV Model
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ceil line coward malignancy. Sach call . jm \ J^/ialon) 

Into the sane stage as its parent. If It acquires an additional, 

heritable transfornatlon during its life that is not repaired before 

it divides, then it can be thought of as having nade a "transition" to 

the next stage. In Figure 2, normal cells belong to stage 0. Stage 1 

cells have acquired exactly one of the two transformations needed for 

malignancy. These are called "Intermediate” cells in the HVK model 

(see e.g., Moolgavkar et _al. 1988), but are referred to as 

"premallgnant" cells in this paper. Stage 2 cells are the fully 

malignant ones.

In the KVK framework, the first transformation is generally 

considered to be a "mutation” in the broad sense of altering • cell 

line's genotype. The second transformation may or may not involve 

genotoxic mechanisms.

L___Second Assumption: Cell-lines undergo transformations independently

of each other. These transformation rates from stage 0 to stage 1 and 

from stage 1 to stage 2 are denoted in Figure 2 as LI and L2, 

respectively. More specifically, each normal cell at risk dies or 

differentiates, divides into two normal cells, or divides into one 

normal and one premallgnant cell, with average hazard rates (per cell 

per unit time) of bO, aO, and LI, respectively. (Differentiation is 

lumped with cell death because either removes the cell line from 

further risk of cancerous transformation.) Similarly, each pre­

mallgnant cell at risk either dies (or differentiates), produces two 

premallgnant offspring, or produces one premallgnant and one fully

17 SAL 000002824



il, andmalignant daughter oil, with 7itJ3 il, and . . ;jpi v

(The probability that a cell will produce tvo offsp j in the next 

stage is considered to be negligible compared to the probability that 

it will produce one.) The probability that a dividing cell produces 

two daughter cells in its own stage is orders of magnitude greater 

than the probability that it produces a daughter in the next stage.

C. Third Assumption; As soon_aa__a fully malignant stem cell la

produced.___it begins to groliferate. leading to a detectable tumor some

time, v. later. Moolgavkar et al (1988) treat v aa a constant, called 

the latency period for the carcinoma, but note that it could also be 

modeled as a random variable.

D. Fourth Assumption; _The carcinogenic process takes place in the

context of normal tissue cell ~ growth and differentiation. This

process can be represented by making N0(t), the number of cells in 

stage 0 (normal stem cells), a deterministic function of time t; or a 

stochastic model for (N0(t)) can be specified. Moolgavkar et al 

(1988) consider both possibilities.

f' E. Fifth—Assumption: Transition, parameters can be dose-dependent. As 

pointed out by Thorslund et al. 1987, the six parameters of the MVK 

model, namely aO, al, bO, bl, LI, and L2 In our notation, can all be 

dose~dependent, thus producing a framework suitable for quantitative 

risk assessment. Vhile the transition parameters In IMS are all 

Interpreted as transformation rates along the path from normalcy to 

malignancy, analogous to the LI and L2 parameters in the MVK model.

. is . SAL 000002825



the MVK model also has transition parameters that tan show ths sft-.^ce 

of dose on stem cell proliferation rates. aO and al. and on stem cell 

death rates. bO and bl. This substantially Increases the expressive 

power of the MVK model: It can express (and calculate the effects) of 

phenomena that can not be represented in Armitage-Doll approaches to 

cancer modeling.

4.2 Qualitative Insights _a_nd Contributions from the MVK Model

The structure of the MVK model suggests several qualitative 

conclusions even in the absence of detailed quantitative modeling. 

These are summarized in Table 2. The conceptual framework provided by 

the model provides a powerful tool for thinking about carcinogenesis 

in general and about the directions and time patterns of effects of 

different carcinogens. The MVK model also contributes to cancer 

modeling in the following ways:

o Explanation of__carcinogenesis is organized__around__ ft__ few key

. parameters. The six (possibly time-varying) parameters in Figure 2 

provide the basic input data for the model from which cancer hazard 

rates over time are predicted. Carcinogens affect the probable time 

to tumor only through these six parameters, although each parameter 

may be supported by biologically causal models. These parameters 

provide a parsimonious structure for integrating dlvsrss research 

efforts and results and for clearly focusing and characterizing the 

expected benefits of different lines of empirical research.

SAL 000002326
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TABLE 2: QUALITATIVE CONCLUSIONS FROM THE MVK MODEL

1. The hazard race cancer initiation at time t la h(t) - Nl(t)L2(t),
i.e., it is the number of premalignant cells at risk of malignant 
transformation times the transformation rate. Technically, h(t) - 1 - 
exp(-Nl(t)L2(t)], but for L2(t) small enough so that Nl(t)L2(t) is 
small, this Is numerically almost exactly Nl(t)L2(t).

2. A chemical carcinogen is a chemical that Increases anv of the 
quantities LI, L2, or Nl. Thus, a chemical that Increases the 
proliferation rate al or decreases the differentiation rate bl, 
thereby increasing the equilibrium value of Nl, vill be a carcinogen, 
even though it may leave LI and L2 unchanged. A classical "initiator*1 
can be thought of as a chemical that Increases LI or L2, e.g., by 
genotoxically Induced mutations; while a classical "promoter” might 
increase the proliferation rate al.

3. A carcinogen that increases LI produces a permanent increase in the 
hazard function h(t) among exposed subjects. The effect persists even 
after exposure ceases because an Increase in LI permanently Increases 
the pool Nl of premalignant cells awaiting malignant transformation. 
By contrast, a carcinogen that increases L2 leads to a temporary 
Increase in the cancer hazard function during exposure that stops when 
exposure ceases. (See Figure 2.)

4. Older people, who have accumulated a larger population of 
premalignant cells Nl(t) over the years, will be disproportionately 
sensitive to carcinogens that Increase L2.

5. The effects of low doses of a chemical carcinogen on the cancer 
induction hazard function depend very much on the specific mechanisms 
by which the carcinogen acts -- e.g., by increasing L2 vs. increasing 
al or LI.

6; By suitable choice of the six MVK parameters aO,al,bO,bl,Ll, and 
L2, the empirical age-specific hazard functions for most real 
carcinomas can be successfully reproduced. Thus, a two-stage model 
suffices to explain empirical data. Moreover, the time pattern of 
association between smoking and breast cancer, or between other 
carcinogens and cancers, can also be explained very successfully using 
this model.
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O Hiny__of the key Pirmtiri for surrogates for than) can oofnttillv

be measured directly In the laboratory <or in cellular systems) rather 

than being estimated statistically from whole-animal bioassay response 

data. Thus, the MVK model can potentially use the empirical data from 

"molecular epidemiology," as discussed in Section 5.

o The MVK model suggests an integration of causal biological 

mechanisms__with__more__ traditional__statistical__ approaches to under­

standing and quantifying cancer risks. The structure of the model

suggests the qualitative behavior that a particular carcinogen's 

age-specific hazard function should exhibit, given some information 

about its mechanlsm(s) of action. Predicted qualitative behavior can 

be useful in selecting among alternative classes of statistical models 

for application to whole-organ reponse data from traditional animal 

bioassays. The MVK framework also invites direct measurement or 

estimation of its parameters through the application of statistical 

techniques to cell-level laboratory measurements. Thus, it provides a 

potential unifying framework for the synthesis of intemal/causal/ 

biological and extemal/descriptive/statlstlcal approaches to 

'quantitative risk assessment.

o Useful predictions are made without a simple analytic formula. The 

simple logical structure of the MVK model shown in Figure 2 does not 

in general lead to simple, closed-form expressions for the cancer 

hazard function h(t) representing the expected arrival rate of the 

first fully malignant cell into the Stage 2 compartment. However, 

useful quantitative results can be produced using numerical
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techniques. An Important lesson Is that It is not necessary to 

restrict biological assumptions to those that lead to analytically 

tractable formulas (e.g., the LMS polynomial) for quantitative cancer 

risk assessments.

4.3 Limitations and Enhancements for the MVK Framework

The MVK model has unquestionably made a major contribution to 

understanding chemical carcinogenesis. However, viewed as a tool for 

Quantitative risk assessment, it has limitations. These center around 

the areas of (i) Speculative assumptions; (11) Data gaps; (ill)

Incomplete description of biological processes; and (iv) Questionable 

analytic methods. The first two of these have made many regulators 

hesitate to accept the MVK approach as a basis for quantitative risk 

assessment. But It seems likely that all four types of limitations 

can and will be overcome in many practical applications over the next 

few years. In the rest of this subsection, specific limitations and

possible improvements and extensions of the MVK model are Identified.

V

A. First Limitation: Speculative Assumptions

Adherents of the LMS model have sometimes criticized the MVK 

model on the grounds that it is speculative, unproven, and Inadequate- 

ly tested to support regulatory risk assessments. Since the LMS model 

itself is speculative (or in many aspects wrong; see Section 3), 

however, accepting the MVK framework is not a matter of choosing a
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speculative framework over a non*speculative alcamatlva. Yet, It la 

true that the central MVK hypothesis of only two stages, although 

correct for retlnoblastona and plausible for some other cancers, nay 

not be correct as a general nodal for cancers (or even for all 

carcinomas.) The provision for cell proliferation and differentiation 

(and death) seems unexceptionable: most sten cells undergo these 

processes. Modeling cancer growth, following the creation of a fully 

malignant cell, as a constant or random latency period is simplistic, 

as acknowledged by Moolgavkar et al (1988), but, as they also point 

out, a more accurate stochastic growth model can easily be substituted 

for a simple latency period model.

Extending the MVK model to allow for more than two stages makes 

it general enough to subsume LMS as a special case (by setting the 

death/differentiation parameters and the proliferation parameters 

equal to constants or zero.) Thus, an extended, multi-stage MVK 

framework is strictly better able than the LMS framework to describe 

biologically realistic cancer processes.

IB. Second Limitation: Incomplete Description of Biological Processes

The essential contribution of the MVK framework compared to the 

Armitage*Doll/LMS framework is its Inclusion of some additional 

aspects of cancer biology -- namely, cell line proliferation, death, 

and differentiation •• that are Important in carcinogenesis and that 

enter directly into the biologically correct determination of cancer 

hazard rates. It is possible to earry further this idea of Including
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ijgxw-ny important features In a risk model: not all the essential 

determinants of age-specific cancer hazard functions are represented 

in the KVK model. Important omissions Include the following:

1. Internal dose. Cell transformation rate parameters in the KVK model 

must by definition depend on internal, biologically effective dose 

(e.g., quantities of metabolites reacting with DNA or other target 

macromolecules per unit time) rather than on administered dose. The 

KVK model therefore requires a "front end” physiologically-based 

pharmacokinetic (PB-PK) model to convert administered dose of a 

chemical to internal doses of relevant metabolites (since in general 

they are not proportional to each other.) This is equally true for 

LMS and other dose-response models.

2. Cytotoxic effects. Stem cell proliferation and differentiation 

rates are homeostatlcally regulated, In part by molecular control 

signals fed back by more mature cell populations (Metcalf, 1988.) The 

dynamic response of stem cell population sizes to the cytotoxic 

(cell-killing and cell-damaging) effects of chemicals can not be

modeled without incorporating additional compartments to represent
r.

more mature cell populations and different cell lineages. The KVK 

model must therefore be coupled to a cell kinetics and cytotoxicity 

model if it is correctly to account for the fluctuating sizes of the 

cell population in its first compartment. This is particularly an 

issue for leukemias and other neoplasms of the hematopoietic 

(blood-forming) system, whose cells can be especially sensitive to 

cytotoxic effects. The KVK model should also have state-dependent

. 24 •
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irAiAj -ur values, in which the numbers of calls in dlffsrsnt 

compartments affect cell birth and death rata parameters as veil as 

differentiation vs. proliferation probabilities.

3. Transient malignancies. The staple MVK model assumes that the 

first fully malignant call eventually creates a tumor (or leukemia) by 

clonal expansion. In fact, however, it is likely that a malignant 

cell may lie dormant for some time and then die (or be killed, e.g., 

by cytotoxic action of continued exposure to the chemical carcinogen, 

or differentiate into a harmless lineage) before It can proliferate. 

The simple MVK model must be modified to take into account such 

spontaneous extinction of malignant cell lines. As noted by 

Moolgavkar et al (1988), it also must be linked to a back-end model of 

tumor erovth so that Its quantitative predictions can be easily 

compared to animal bioassay and epidemiological data. 4

4. Heterogeneous transition parameters. Not all cells in the same 

compartment or stage proliferate at the same expected rate (Vebb, 

1986.) The proliferative capacity of a cell depends in part on hov 

many generations of successive cell divisions separate it from its 

original ancestor (the start of the cell line or clone to which it 

belongs.) The probablity that a cell will divide also varies with the 

amount of time since its last division, l.e.t with its own age or 

"maturity” within its current compartment. Cell kinetics models have 

recognized and Incorporated this heterogeneity for many years (Elsen, 

1979.)
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juon.uy, to continue the move toward more biologically 

realistic and expressive models that has been started in the HVK 

modeling literature, it is necessary to extend the original HVK model 

to incorporate cell kinetics, PB-PK, and tumor growth modeling 

techniques (Conolly et al. 1989.)

C. Third Limitation: Incomplete-Mathematical Analysis

The next limitation of HVK modeling, at least as it has been

developed through 1989, is not intrinsic to the model. The analytic

work of Moolgavkar et al (Hoolgavkar, Devanji, and Venzon, 1988, 1989) 

has so far used deterministic differential equations to propagate 

expected values of random variables. However, the qualitative dynamic 

behavior predicted by this type of analysis does not correctly reflect 

the probable behavior of the underlying stochastic system. Despite 

its power and elegance and the valuable insights that it has produced, 

such analysis can create artificially high risk estimates because, for 

example, it does not correctly account for extinction probabilities in 

small cell populations.

y.

Recall that In Figure 2, the hazard rate at time t for the first

entry of a cell into stage 2 (malignant), given that there are N^(t)

premalignant cells in stage 1 at time t, la h(t) - L^CtJN^t).

This is the hazard rate when H^(t) is known. But since (N^(t)}

follows a stochastic birth-and-death process, its value N^(t) for t 
♦

> 0 will not be known at time 0. Assuming that N^(t) can not be 

observed, (h(t)) will be a randomly evolving hazard function, driven

. 28 .
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by the randomly c. *’.ving process (N|(t)). This la what eoaplleataa 

the analysis. (Braces {) enclose time series.)

To get around this difficulty, Moolgavkar et al (1988, 1989) 

proceeded roughly as follows. (Their developaent used a different 

technical device -« moment generating functions -- that is more 

rigorous but that leads to the same conclusions.) From applied

probability theory, it is known that the expected value of the

probability of an event is the conditional probability of the event. 

A hazard rate is essentially a conditional probability per unit time. 

Hence, the expected value of h(t), denoted by E[h(t)], should (by this 

line of reasoning) be identical with h(t) Itself, i.e., h(t) -

E(h(t)]. Taking expectations of random variables on both sides of 

h(t) - L2(t)N1(t) gives the fundamental equation used by

Moolgavkar and coworkers, h(t) - E[h(t)] - L2(t)E[N^(t)]. The

remaining challenge is to find E(N^(c)].

To calculate E[N^(t)], one can construct a system of ordinary 

differential equations representing the balance of flows among 

> compartments in a diagram such as Figure 2. The flows relating 

expected values of N^(t), ^(t), and Nj(t) in Figure 2

correspond to the system of differential equations

dE[N0(t)]/dt - [aO(t) - bO(t) - Ll(t)]E[N0(t)]

dE(N1(t)]/dt - lal(t) - bl(t) - L2(t)]E[N1(t)J + U(t)E[N0(t)]
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dE(N2(t)]/dt = L2(t)E[H1(t)]; or in vector-matrix notation,

dE[N(t)]/dt * A(t)E[H(t)] where A(t) aO (t) -bO (t) -LI (t) 0 O'

Ll(t) al(t)-bl(t)-L2(t) 0 

0 L2(t) 0

(Moolgavkar et al set the Ll(t) term in the first equation and the 

L2(t) term in the second equation equal to zero, presumably because LI 

has a negligible influence on the evolution of cell counts in stage 0, 

while the number of L2 transitions is 0 if conditioned on N2 * 0.) 

The solution of this system of equations (or vector differential 

equation) is a matrix exponential. Moolgavkar et al use this solution 

as the basis for numerical calculations that can successfully reproduce 

many observed cancer risk curves.

Critique of the Deterministic Mathematical Analysis

The analysis just presented, although plausible, is mathematically 

incomplete. The problem is in the basic identity E[h(t)] = h(t), on 

which everything else depends. This identity does not hold for 

stochastic hazard functions (Arjas, 1981, Schechner, 1982, Brown and 

Ross, 1982.) The problem is that at time 0, h(t) is a random variable, 

whereas E[h(t)] is constant.

In slightly more detail, let I(t) denote the information set (the sigma 
algebra) with respect to which E(h(t)] is calculated, so that E[h(t)] 
is an abbreviation of E[h(t) ;I(t) ]. Then E[h(t);I(t)J is not the same 
as E[h(t)?I(0)] [and, technically, is not even measurable with respect 
to 1(0), and so is a random variable with respect to 1(0).] In the
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terminology of modern stochastic process theory, the expected value, 
propagated through the Moolgavkar et al differential equations are no
adapted to their underlying filtration. A correct formulation woui 
require stochastic differential equations to represent the flows i 
Figure 2 and special (martingale calculus) techniques to solve the 
(Schechner, 1982; Brown and Ross, 1982.)

The following simple example demonstrates that the type o 

mathematical analysis described above can give incorrect prediction 

for the qualitative behavior of MVK cancer risk hazard functions.

Example:Deterministic Differential Equations Do Not Predic 
Extinction Probabilities Correctly

Problem Setting; In the MVK flow diagram in Figure 2, set LI « 0, L2 
0.01, Nx(0) » 4, N2(0) - 0, al - 0.5, and bl * 0.5. Thus, th 
transition rates are constant; the inflow from stage 0 to stage 1 i 
eliminated for convenience of exposition; the stochastic outflow frc 
stage 1 to stage 2 occurs at an expected rate of one transformation pe 
hundred cells in stage 1 per unit time (this is completely arbitrary) 
and each cell in stage 1 is equally likely to produce a daughter cel 
or to die or differentiate in each unit of time. At time 0, there at 
four premalignant cells in stage 1 and 0 malignant cells in stage 2.

Problem: What is the probability that a malignant cell will eventuall
be created?

MVK Solution: If- the formula h(t) - E[N^ (t) ]L2 (t) were correct,
malignant cell would eventually be created with probability 1. Fc 

evolves according to a random walk (with zero as an absorbir 
boundary) in which the number of premalignant cells is equally like) 
to increase by 1 as to decrease by 1 in unit of time prior to th 
creation of a malignant cell. Hence, in the Moolgavkar et al analysis 
the expected number of premalignant cells remains constant over time 
at E(H1(t)] * 4 in this example. [In terms of the differentia 
equations used to propagate expected values, notice that when al(t) 
bl(t) and Ll(t) « 0, the equation dE(NWt)]/dt * [al(t) - bl(t)
E[N1(t)) + Ll(t)E(N0(t) ] used by Moolgavkar et al (Equation 11, f
387 of their 1988 paper) reduces to dEfN^tn/dt * 0, implying th« 
the expected number of cells in stage 1 remains constant.] But thi 
the hazard rate h(t) must also remain constant over time. A_constai 
hazard rate implies that eventually a malignant cell will _be_ create 
with probability 1. In this example, the constant hazard rate would J 
h(t) = E[H1(t) ]L2(t) * 4(0.01) « 0.04. The time until a malignar
cell is created therefore has an exponential distribution with < 
expected value of 1/(0.04) * 25 periods.
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Correct Solution: Since the number of premalignant cells, (NWt)},
essentially follows a symmetric random walk stochastic process with an 
absorbing boundary at « 0, it follows that with probability 1,
there will eventually be zero cells left in stage 1, i.e., there will 
come a "stopping time," say T. for which H1(T) » 0 for the first 
time. (See e.g., Ross, 1983, p. 245, Example 7.6(b) for a proof.)
Less formally, the initial premalignant clone will become extinct with 
probability 1. given the choices of parameter values we have made. 
Thus, it has only a finite number of periods in which to generate a 
fully malignant cell. If the premalignant clone becomes extinct before 
a malignant cell has been generated, then no malignant cell will ever 
occur. Thus, the correct probability that a malignant cell will ever 
be generated is less than 1. The reason is that the hazard function 
(h(t)?I(t)) is not constant, but evolves randomly according to c 
stochastic process that eventually crosses the line h(t) = 0 and stops. 
The expected number of premalignant cells E[H^(t);I(0)] does not sta> 
constant, as the Moolgavkar et al differential equations prescribe, but 
decreases with t as the probability that extinction has occurred, Pr[*l 
< t;I(0)], increases.

In summary, Moolgavkar et al (1988, 1989), although making a aajoi 

contribution to cancer risk modeling by incorporating biological 

phenomena into a parsimonious stochastic compartmental flow model, d< 

not analyze the resulting model fully because (h(t)} is a stochastif 

hazard function.

An Alternative Analytic Strategy; Stochastic Simulation

\

The exact mathematical analysis of randomly evolving hazar 

functions with state-dependent transition parameters can be ver 

difficult. Fortunately, for the purposes of practical numerica 

calculations, an alternative approach is available. Stochasti 

simulation of the randomly evolving system can be used to obtai 

accurate numerical results even when the analytic formulation is tc 

hard to solve (Yakovlev and Zoren, 1988.)
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The basic ideas of stochastic simulation for extended <(VK models 

are described in Cox (1989.) By use of appropriate simulation 

techniques such as uniformization (Ross, 1983) it is possible to 

construct a discrete-tine stochastic simulation of the KVK nodal (or 

more general multlconpartnenc birth-death processes with 

state-dependent transition paraaeters) whose probabilistic behavior 

obeys exactly the same probability laws as the continuous-time system 

being simulated. Analysis of the KVK model via stochastic simulation 

is preferable to the type of mathematical analysis begun by Moolgavkar 

et al insofar as it can produce accurate results without making the 

simplifying approximations usually required to get tractable 

mathematical results. On the other hand, stochastic simulation often 

requires many runs to build up enough sample paths to obtain accurate 

numerical risk estimates.

5. New Uses of Biological Data in Quantitative Risk Assessments

Both the LHS framework and the KVK framework require model para­

meters to be estimated from empirical data before predictions can be 

-<made. Historically, quantitative risk assessments have been based 

exclusively on two types of data: animal bloassays and human epidemi­

ological studies. Other potential sources of relevant data Include

o Structure-activity relations (SAR's), indicating that a chemical has 

a structure associated with carcinogenic activity (United States Dept, 

of Health and Human Services, 1966.) (A recent extension of this idea 

la to examine metabolites for structural similarities as possible sites
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for enzyme Activity leading to carlnogenesls (K. Bird. 1989, personal 

communication.)]

o In vitro testa in microorganisms such as the Ames test for 

mutagenicity In Salmonella typhlmurlum (Margolin et al. 1989); and

o Biological markers and "molecular epidemiology” assays, such as the 

formation of covalent adducts in purified DNA exposed to a chemical 

(Hattis, 1986, Ferera, 1986.)

These sources have not been used in (or generally considered 

appropriate for) quantitative cancer risk assessment, but have been 

used In qualitative hazard identification (United States Dept, of 

Health and Human Services, 1986.)

During the 1980's, Increasing enthusiasm has been expressed for 

the idea of using such biological data as part of quantitative risk 

assessment. Instead of basing parameter estimates and risk estimates 

entirely on statistical extrapolations from whole-animal data, several 

proposals have been made to use laboratory measurements of biological 

processes Inside the organism (and interpolations based on them) as the 

primary relevant data for quantitative risk assessment (Hattis, 1986, 

Perera, 1986.)

Measurement-based approaches to quantitative risk assessment now 

fall into tvo broad categories, as follows.
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O Phvsloloaicallv-basad__phaiagfipfrllMtlC__ tttzl3U__ approach** draw on

metabolic rate parameters, compartment sizes, biochemical reaction 

rates, and chemical equilibrium partition coefficients measured in the 

laboratory to predict the internal doses of metabolites at target sites 

that will be generated by an external (administered) dose (Reitz, 1989; 

Conolly, 1989.)

o "Molecular epidemiology* approaches (including the use of biological 

markers) attempt to directly measure internal doses, or surrogates for 

internal doses, by laboratory techniques (Perera, 1986; Varren and

Beck, 1988; Dragsted, 1969.)

Both approaches offer potential advantages over whole-organism data and 

extrapolations for quantifying risks. However, so far, only the PB-PK 

approach has started to prove its value in practical applications by 

providing a new, useful framework for making interspecies dose convers­

ions and risk extrapolations. Both approaches will now be described.

LA__ PB-PK Modeling for Inter species Dose_Converslon

[_

In brief, a compartaental flow model Is used to describe how an 

inhaled, Ingested, or injected dose of a chemical carcinogen is 

distributed to the relevant compartments (e.g., fatty tissue, liver, 

bone marrow, etc.) within the body by the blood stream, and how it is 

transformed into successive metabolites. A system of ordinary 

differential equations describing flows across compartment boundaries 

is then set up and solved numerically.
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The moat relevant point about PB-PK modeling la that tha 

biochemical reaction constants and other data that It requires can in 

many cases be measured experimentally and applied successfully to 

predict Internal doses in various species (Reitz et al. 1989, Travis, 

1989.) It thus provides a constructive approach to incorporating some 

relevant biological measurements Into quantitative risk estimates. 

PB-PK modeling is perhaps most useful for predicting Internal dose 

patterns of metabolites In humans from observed internal dose patterns 

In animals and from knowledge of the relevant metabolic pathways 

Involved. However, it does not explain which metabolites are involved 

In cancer induction or model the cancer Induction, promotion, or 

progression processes themselves. So PB-PK modeling is a useful 

component in cancer modeling. It must be combined with other modeling 

techniques to form a complete description and predictive framework for

cancer risk modeling (Conolly __ &1, 19~89.) At present, the PB-PK

approach has proved Itself well enough to start winning some limited 

recognition and acceptance among members of national and international 

research and regulatory communities (Travis, 1989.)

>5.2 Molecular Epidemiology

"Molecular epidemiology” uses laboratory techniques to study the 

propagation of effects at the biochemical and molecular levels. The 

strengths, weaknesses, and uses of molecular epidemiology techniques 

coincide with those of biological markers. Some representative 

molecular epidemiology assays for carcinogenicity are listed in Table 3 

(Warren and Beck, 1988.)
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TABLE 3: SOME REPRESENTATIVE MOLECULAR EPIDEMIOLOGICAL ASSAYS FOR
MEASURING CARCINOGENIC ACTIVITY (Warren and Beck, 1988)

1. Measurement of covalent binding of a chemical to purified DNA in 
vitro.

2. Alkylation of other cellular macroao^ecules, Including RNA and 
especially aalno acids in cellular proteins.

3. Alkylation of other, aore accessible proteins, such as henoglobln. 
These proteins aay (with questionable validity) be considered proxies 
for the relevant cellular aacroaolecules.

4. Measurement of chemical*DNA adducts (e.g., by nonoclonal antibodies 
or competetive radioimmunoassay.)

5. Measurement of sister chromatid exchanges (SCE's) in lymphocytes

6. Measurement of mutation for 6-thloguanlne resistance in lymphocytes

7. Measurement of chromosomal aberrations in lymphocytes

8. Sperm morphology tests

9. Induction of dark basal cells in skin (as assay for tuaor promoters)

* Note: As explained by Warren and Beck (1988), the rationale for 
this assay is based on the classic Miller and Hiller theory of geno- 
toxic carcinogenicity in which carcinogens, which tend to be strongly 
electrophilic, act on nucleophilic cellular aaeroaolecules including 
DNA to create point mutations, chromosomal translocations and 
aberrations, and other forms of genetic damage.
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All of the techniques In Table 3 have boon uood In hazard identl- 

flcaclon for chemical carcinogens. For example, several of then were 

applied to workers occupationally exposed Co benzene, and Che resulting 

evidence was considered by EPA and OSHA in revising benzene standards.

The essentially new idea proposed by advocates of molecular 

epidemiology for quantitative risk assessnents is that Instead of being 

used only to indicate carcinogenic potential, these saae techniques can 

also be used to help quantify the strengths of_carclnogenlc responses 

at the cellular and biochemical levels. Hattie (1986) and Perera 

(1986) discuss opportunities to improve quantitative risk analysis by 

use of such methods. Important potential benefits Include

1. The ability to measure and quantify individual susceptibilities to 

carcinogens. This offers a chance to study quantitatively the 

variability in human susceptibility to carcinogens within human 

populations. (Variabilities spanning two to five orders of magnitude 

are not uncommon In the study of drug reactions.)

> 2. Improved Intersoecles dose-conversion based on appropriate adjust* 

ment of biological parameter valuer, rather than on more or less ad hoc 

extrapolations from body weight or surface area. This advantage is 

already starting to be realized to some extant through PB-PK modeling.

3. Improved dose reconstruction in cases where biological effects 

(e.g., certain chromosomal aberrations In lymphocyte cell lines) 

persist for years after direct exposure to a chemical has ceased. S
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4. Direet netiuriMnC of biologically offoetlv doses (or surrogates 

for them) in animal bloaasay experiments.

5. Early warnings of carcinogenic responses.

Achieving any of these benefits vould be significant. However, 

techniques of molecular epidemiology are still being developed and 

validated: they are still generally too new for practical use in

quantitative risk assessment. Moreover, there are obstacles to trying 

to use these techniques quantitatively. For example, the fact that a 

chemical forms covalent adducts with purified DNA in a test tube is no 

guarantee that it will do so In vivo, where the cellular DNA may be far 

less accessible.

Most practical molecular epidemiological techniques today must 

settle for proxy measurements that can be observed in place of the 

quantities of real interest -- for example, binding of a chemical to 

hemoglobin as a proxy for Its binding to target cellular macromolecules 

(which may be unknown.) Sound Inference then depends on the strength 

Lof the correlation between the proxy measurement on variables and the 

true values of the variables. In many cases, this correlation provides 

only weak predictive power. For example, Warren and Beck (1988) note 

that the level of DNA alkylation by methyl bromide predicted on the 

basis of its alkylation of hemoglobin in vitro Is far greater than the 

level actually observed.

In summary, it appears that as long as knowledge of the causal
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paths leading from expoiu.;? to a chaaleal to cancer Induction haa major 

gaps, aolecular epidemiology techniques that use correlation as a proxy 

for causation will be of United use for quantitative risk assessment. 

On the other hand, the techniques can contribute qualitatively to some 

of the benefit categories just described. Moreover, as causal paths 

are filled in • • for exanple, by using PB-PK modeling to predict the 

relation between a chemical's measured concentration in a bio- chemical 

pathway and the concentrations of its metabolites -- these techniques 

can be expected to become much more powerful aids to quantitative risk 

assessment.

6. Conclusion: What Lies Ahead for Chemical Carclnozen Risk Assessment?

The previous sections suggest that the field of quantitative 

cancer risk assessment is undergoing a crucial historical transition. 

What will be left behind is a statistical analysis framework, 

crystalized in the EPA's LMS methodology, that is characterized by

> o Static, closed-form algebraic models of the dose-response relation; 

o Whole-animal, species-specific response data;

o Statistical estimation of model parameters (typically by maximum- 
likelihood estimation applied to animal bloassay or epidemiological 
data);

o A motivating biological rationale based on Incorrect and incomplete 
simplifying assumptions for a single (genotoxle) mechanism of cancer 
induction;

o Ignored biological processes, including metabolism, cell kinetics, 
and cell line proliferation, differentiation, and death, that are 
essential to describing the process of carcinogenesis;
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o Statistical extrapolation of observed responses beyond the range of 
observed conditions eliciting thee.

Vhat will replace this status quo, if current trends continue to a 

successful conclusion, will be a new set of biologically based risk 

aodels characterized by

o Analytically intractable, biologically aore realistic computer 
models of the dose-response relationship and the mechanisms behind it 
(to the extent that these are known);

o Vlthin-organlsm biological process data supplemented by data on 
betveen-organism variability in important process parameters;

o Empirical measurement of model parameters and functions (typically 
by laboratory techniques of molecular biology);

o A motivating biological rationale that includes PB-PK, cell 
kinetics, cytotoxic, stochastic induction, and tumor progression 
relationships and their interactions;

o Statistical interpolation of measured parameters within the range of 
conditions for which measurements have been made.

The new theme is that by incorporating more cancer biology and 

empirical biological measurements into risk modeling, better risk 

estimates can be achieved (Travis, 1989; Vllson, 1988.) Technical 

development of laboratory and blomathematlcal risk modeling techniques 

that will supply the tools needed to convert this vision into reality 

is already well underway. The next substantial advances in 

biologically-based cancer risk modeling can be expected in the area of 

computer models that start to better integrate the PB-PK, cell 

kinetics modeling, and MVK-type cancer induction models, and molecular 

biological data bases that already exist.
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