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report providesa ranked setof recommendationsfor proposedresearchto advance
the stateof the art in doseresponsemodeling. The report is the result of a meeting
of invited workgroup participantschargedwith identifying five areasof researchin
doseresponsemodeling that could be incorporated in a national agendato improve
risk assessment
methods.Leading topics of emphasisare interindividual variability,
injury risk assessment
modeling, and proceduresto incorporatedistributional methods and mechanisticconsiderationsinto no~dard
methodsof deriving a reference dose (RiD), reference concenttation (RfC), minimum risk level (MRL) or
similar dose-response
parameter estimates.
Key WoMB: interindividual variability,injury risk, Bayesiananalysis,latent variables,
Markov Chain Monte Carlo analysis.

INTRODUcnON
The recent advances in biological research, biochemical techniques, molecular
epidemiology, biostatisticalj mathematical methods, and computational power provide opportunities for considerable improvement in the assessment of dose response relationships for risk assessment.This paper describes the discussion and
results of a one-day meeting of thineen invited participants (listed as authors) of a
dose response workgroup and several additional attending experts in dose response
modeling. The workgroup meeting was pan of a three-day workshop exploring
research possibilities to improve risk assessmentsdone to suppon occupational and
environmental health policies and standards. The charge to the panicipants of the
workgroup was to identify five specific research areas that would significantly improve dose response modeling for occupational and environmental risk assessment.
Each invited participant was asked to prepare a brief description of research programs that could be the subject of a request for proposals. Table I shows titles and
authors of each initial written proposal. This paper draws from the proposal writeups, often verbatim, to describe the areas of research the workgroup found most
promising.
The dose-responseworkgroup meeting proceeded in three stages.First proposals
were soned into broad topic areas, and then each proposal was presented and
discussed. Additional topic areas and ideas for proposals were then solicited from
the group. Next there was an extended period during which the individual propo~
als were further refined, extended, and consolidated, into ten groups. Finally, each
participant was asked to rank the proposal groups giving five points to the top choice
in terms of desirability for funding, four for the second choice, three for the third,
two for the fourth, one for the fifth and zero for the remaining fIVe proposal groups.
In all, thineen people participated in this ranking exercise.
PROPOSED UNFS OF DOSE RESPONSE RESEARCH
The ten areas the group chose to explore, in ranked order are given in Table 2.
Some proposals benefited by the multiplicity of ideas attached within the various
groups-and the process of grouping is the principal reason why there is not a oneto-one mapping of the initial proposals listed in Table 1 to the final ranked items
in Table 2. The groupings may well have been a disadvantage to some of the
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Table I. Initial researm ideas proposed to improve dose responsemodeling
for risk assessment.

proposals mat might have benefited from being joined wim omen, but were
presentedin relative isolation from other proposals.In any event, me differences
between me second mrough the seventhranked proposal groups are relatively
small, and the eighm proposal also received significant support. This paper di~
cussesme first eight ranked groups. ramer man me five top rated proposals
originally requestedby me organizers.
CHARAcrERlZlNG
INTERINDIVIDUAL AND JNrERSP~
VAIUABILfIY
IN SUSCEPnBILfIY
An important consideration in regulators' decisions to mitigate risks is that
people differ in their responses to environmental and occupational exposures.
During the last 15 years, innovations in both observational study design and risk
analysis methodology have led to improved descriptions of interindividual differences in risk (see, e.g.,Bogen and Spear 1987; Bois et aL 1996 and 1999; Hattis and
Burmaster 1994; Cullen and Frey 1999) and in the mechanistic basesofpharmacokinetic and pharmacodynamic determinants of exposure-dose-responseacross species used in laboratory testing (USEPA 1994;Jarabek 1995a,b;USEPA 1996; Schlosser
and Bogdanify 1996). Yet, mathematical tools to reach policy decisions that adequately address characterization of exposure-dose-f'esponsein a mechanistic fash-
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Table 2. Summaryranking of ideas for the dose responsemodeling workgroup.

1. CharacterizingInterindividual and InterspeciesVariability in Susceptibility
2. Models fOTInjury Risk Assessment- Including Development and Characterizalion of Risk Estimates and Exposure Mebics

3. Adaptations and Modifications
(e.g.,to Derive RiDs)

to Existing Standard Procedures

4. Acceptability Criteria for MechanisticHypothesesand Data
5. Modeling Analysesfor Multiple Endpoint Data (Especiallyfor Different Endpoints on Different Scales)
6. New MechanisticModels of Carcinogenesis
7. Combining Data of Different Typesin Risk Analyses
8. Exploring Evidenceand Modelsfor Complex DoseResponseRelationshipsin
the Context of Homeostasis
9. Ideals for Risk Analysis/ Relationshipwith SocietalDecisionProcesses
10. InterspeciesExttapolation Basedon RelativeRisk
ion or that address heterogeneity have not been adopted by regulatory agencies for
routine use. The standard practice is to base standards on the population risk,
sometimes in combination with ad hoc procedures thought to be conservative (e.g.,
use of most sensitive species) to estimate an upper bound on population risk. It is
hoped that decisions based on an upper bound so calculated will provide protection
for sensitive individuals. To make such estimates, simple dose-time-response or
stochastic models of the carcinogenesis process are fit to experimental or epidemiological data. Noncancer methods rely on designation of a sentinel adverse effect in
a putatively sensitive species, and then apply interspecies and intrahuman "uncertainty factors" that have been traditionally based on empirical, not mechanistic,
motivation (Jarabek 1995a).
Break-out group participants identified several lines of research that would lead
to improved methods to assessinterindividual variability in dose response. These are
outlined below.

A. Methods to Incorporate Genetic Detenninants of Heterogeneityto Model
Variability in CancerRisk
It is generallyacceptedthat canceris a genetic disease,involving somaticmutations or other changesto DNA that can be induced by environmentalexposuresto
carcinogens.The mathematicalmodelsusedin risk assessment
suchasthe Armitage-
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Doll multistagemodel and the Moolgavkar-Knudsontwo-mutationclonal expansion
model are based on fundamental concepts about mutation and heterogeneity.
However,neither model accountsfor an individual's specificgenetic make-up,or
population heterogeneityin unmeasuredgenetic or environmentally-inducedfactors. Some germline mutations can also produce a herediw-y predisposition to
canceror an unusualsensitivityto environmentalcarcinogens.For example,AtaxiaTelangiectasiapatients (homozygousfor the ATM mutation) are exquisitelysensitive to ionizing radiation, and ATM heterozygotesare at elevatedrisk. Other examplesinclude predisposinggenessuchBCRAI and BCRA2for familial breastand
ovarian cancer, APC for familial polyposiscoli, and the mismatch repair genes
MLHI and MSH2for herediw-y nonpolyposiscolorectal cancer.Poiymorphismsin
genesinvolvedin the metabolicactivationof pre-carcinogensto their activeform or
their deactivation,alsomayconfer a larger population attributable risk (e.g.,NAn
and NAT2 activationof aromaticamines).A number of thesepoiymorphismsaffect
appreciablefractions of the population. Ymallygenomic instability is an important
mechanism in certain kinds of cancer, such as herediw-y nonpoiyposis colon
cancer.in which mutations in one geneproducesextensivelossof DNA replication
fidelity, leading to high rates of somatic mutation at other loci involved in the
carcinogenic process.Absent specific information about an individual's genetic
makeup, substantialheterogeneitybetweenindividuals in their baselinerisk and
sensitivityto environmental carcinogensis expected.
Duncan Thomas proposed development of mathematical methods to model
heterogeneitythat would take advantageof the powerful molecular tools currently
availablefor genetic testing (t.g., including whole genomic scansand gene-expression arrays).Priorities noted for possibledevelopmentincluded:
I. Methods for incorporating variation in identifiable genetic factors and for
estimatingresidual heterogeneity
2. Stochasticmodels of carcinogenesisincorporating genomic instability. The
key idea is to allow for the possibilitythat an early event in carcinogenesis
could lead to a somatic mutation in a mismatch repair or other regulatory
gene,inducing a complex cascadeof subsequentevents.The datafrom microdissectedtumors on clonal variation in molecular markers within a single
tumor could potentially be exploited for this purpose.
3. Methods for incorporating infonnation on metabolic genesinto physiologically-basedphannacokinetic models to describe complex pathways(elaborated funher below).
Expandingon theseideas,the group recognizedthe valueof methodsexploiting
datafor specificmetabolicgenepolymorphisms,induction of activatingand detoxifying enzymes,DNA repair, and major gene changeson defined genn-line mutations in genesalong known molecular pathologicalpathwaysin cancer.The quantitative work of Hattis and Barlow (1996) basedon variability in phenotype rather
than genotype observations(activities of metabolic activation, inactivation, and
DNA repair) could be extended through greater use of in vivo observationsof
relevant enzymeactivities,and proceduresto separateunderlying variability from
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measurement errors (see, e.g.,Hattis and Silver 1994). Methods to measure variability in both susceptibility and relevant exposures by examining the pattern of agespecific cancer incidence could be further developed. For example, Finkel (1987,
1995) and others (Manton and Stallard 1979; Manton et aL 1986) using techniques
of heterogeneity dynamics have extracted estimates of variability from age specific
incidence data. Heterogeneity dynamics provide methods for describing changing
characteristics of a heterogeneous population as its members age.
B. CJlaraderizing Interindividual Variability in Effective Doses and Risk within
the Framework of Physiologically Based Pharmaookinetic Models
Occupational risks from chemicals vary among individuals in a workplace due to
varying exposure patterns and differences among workers' rates for enzymatic
activation and detoxification of chemicals, health status, and other factors. Enzyme
activity is detennined by various intrinsic and extrinsic factors. These include
genetic makeup, lifestyle, phannaceutical usage, alcohol intake, health status, and
age. For example, drugs serve as potential enzyme inducers. Dietary factors, health
status (e.g., ketotic states associated with diabetes), and alcohol alter the activity of
an important oxidative enzyme, P450-2El, involved in metabolism of some workplace chemicals. The impacts of complicated, time-dependent interactions of multiple factors on metabolism, and the complex exposure patterns in the workplace,
are often overlooked in the setting of occupational standards.
Melvin Andersen proposed research to investigate conditions under which interactions are likely to enhance toxicity, and to identify members of the population
most at risk. The research would explore the quantification of increased risk, and
the identification of activities and lifestyle factors that lead to higher workplace risks.
How such characterizations could influence PEL or TLV standard setting activities
for occupational exposures would also be examined.
Past assessmentsof interactions have mostly involved observation of altered
phannacokinetic behavior of compounds in healthy human volunteers under controUed exposure conditions. Conclusions were typically drawn from observed alterations in the kinetic properties, for example, in the presence of chemical mixtures,
with intake of small to moderate amounts of alcohol, or with varying levels of
exercise. It is proposed that methods now be developed utilizing physiologically
based toxicokinetic (PBTK) and toxicodynamic (m) models. PBTK models describe the disposition, metabolism and transport of chemicals and metabolites in
various tissuesof the body, and certain m models characterize alteration of enzyme
levels, receptor levels, and effects due to exogenous compounds or dietary factors
(see, e.g., Chien et al. 1997). The PBTK/ms modeling framework provides the
means for integrating critical data of different types into the assessment. This
includes data from mechanistic studies of pharmacokinetics and enzyme induction
in animals, and limited studies in human volunteers or with human tissue. The
overall goal of the modeling research would be to define the temporal and lifestyle
factors that lead to variability in responses to chemical exposure in diverse worker
populations, and to quantify that variability.
Variability in risk due to interindividual differences in pharmacokinetics has
been addressed in recent risk assessments,including that by the Occupational Safety
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and Health Administration for methylene chloride, the US Environmental Protection Agency's draft assessmentfor trichloroethylene, and California's draft assessment for tetrachloroethylene (Cal/EPA OEHHA. 2000, based on Bois et aL 1996).
Recent uses of PBTK models have also evaluated the adequacy of current standard
setting approaches when variability is taken into account (Thomas et al. 1999).
In a related proposal, Harvey Clewell proposed research to investigate the hierarchical Bayesian approach to characterizing uncertainty and variability in pharmacokinetic models for cancer risk assessment.as developed by Frederic Bois and
others (Bois et aL 1996; Gelman d al. 1996). The power ofPBTK models is obtained
at the expense of using a large number of parameters, some of which may vary
significantly among individuals (e.g., the phannacokinetic constants) and few of
which are known with precision. The impact of parameter uncertainty in PBTK
models has often been evaluated using a Monte Carlo approach (Bois et aL 1990;
Allen et al. 1996; Clewell and Andersen 1996; Bailer and Dankovic 1997; Dankovic
and Bailer 1994; Hattis 1990; Portier d aL 1989), wherein specified probability
distributions are randomly sampled for each model parameter and the PBTK model
is run. The process is repeated numerous times to define a probability distribution
for the desired PBPK dose metric. In typical applications of this approach, variability
in individual toxicodynamic response susceptibility per unit of internal dose is not
addressed, and if it is. it is not decoupled from uncertainty (e.g., due to measurement error). Further, although model parameters are correlated, only limited
correlation is typically assumed, or it is ignored altogether.
Hierarchical statistical models within a Bayesian framework have been applied to
disentangle model uncertainty from variability, using the computational technique
of Markov chain Monte Carlo simulation (Bois 1999; Bernillon and Bois 2000).
Markov chain Monte Carlo (MCMC) procedures are widely useful for fitting of
hierarchical models that incorporate individual-specific parameters. For example,
MCMC algorithms have been used for estimating the population distribution of
physiological parameters based on data for the pharmacokinetics of the chemical in
different individuals (Bois et aI. 1996;Jonsson and Johanson 2000). The approach
adopts a hierarchical population model to enable uncertainty and variability in an
individual's response to be distinguished from the variability of individual responses
within the population. The same pharmacokinetic model structure applies to all
individuals, but model parameters vary among individuals. The Bayesianframework
provides a formal structure for combining prior knowledge on parameters from the
scientific literature with data from pharmacokinetic experiments, to generate posterior distributions for any given parameter value. Thus widely different types of
data can be integrated, for example, from studies of distribution and elimination in
human volunteers, in vitro and in vivo metabolic studies in experimental animals,
and physiological measurements from various sources. The overall approach provides the statistical foundation to support PBPK model calibration that is lacking in
most PBPK applications (Bernillon and Bois 2000; Kohn 1995 and 1997).
Some members of the group raised concerns over caseswhen the use of this
approach results in parameter estimates that differ substantially from values expected based on a priori knowledge. This may occur when the "prior" distributions
assumed are relatively broad, and parameter values are significantly influenced by
distantly related parameters with extensive observations used in the Bayesian "up-
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dating". The programs and analysesare complicated, and there is the concern
regarding how possible subtle misspecificationof model structure and possible
underestimationof the uncertainty in availableobservationaldata might influence
posterior estimatesof parametervalues.The proposed study is, using both actual
and simulated data, to distinguish the conditions under which reestimation of
model parameterswith the approachproducesrelativelyaccurateresultsfrom those
under which it maybe misleading.This might be done, for example,by applyingthe
approach to a welkharacterized system,deleting information, and predicting the
deleted data from the remaining information (a technique referred to as Kcross
validation").
Other proposed work in this area would focus on greatly needed researchon
model uncertainty and lack of identifiability in complex models.Both maybe dealt
with effectivelyusing a Bayesianapproach. For example, if a biologically realistic
model is under identified, prior information can be brought in to enableBayesian
identifiability. In addition, if there are definableuncertaintiesin the model, one can
utilize Bayesianmodel averagingtechniques.
C. Hmnan V8riability in Baseline Values for Parameters - PredictoI'S of NonCancer Susceptibility
One important determinant of the population distribution of susceptibility to
non-cancer toxic insults is the baseline distribution in the human population of
functions and functional reserve capacities for physiological process such as kidney,
lung, or liver functions. We define functional reserve capacity as the amount of
change in a physiological parameter needed to produce abnormal function or an
adverse outcome. As an example from Hattis et al. (1999) the distribution of low
density lipoprotein (LDL) is considered, LDL is thought to be an important physiological parameter likely to be on the causal pathway to cardiovascular disease.The
variability of LDL in the population loosely reflects differing susceptibility to cardiovascular disease. The distribution of functional capacity among those not receiving
intervention might be described as the distribution of differences between a standard cutoff for clinical intervention and measured values in the population. Baseline
observation studies, such as surveying via NHANE5 LDL levels, have the advantage
that they do not require deliberate administration of toxicants or drugs to humans.
From LDL and other parameters one can predict the risk of cardiovascular
disease.Similarly, from study of other continuous variables related to serious health
outcomes it may be possible to develop relationships for use in predicting noncancer risks. Examples include, birth weight and infant mortality; sperm quality
parameters and male fertility performance; forced expiratory volume in one second
as a predictor for general cardiovascular mortality; iodine deficiency and thyroid
pathology. Also by examining the distribution of indicators of functional capacity
one can gauge the extent to which the certain risk assessmentpractices are protective (e.g., assignment of certain uncertainty factors). Dale Hattis proposed the
development of data to explore the use of baseline observations in quantitative noncancer risk assessmentprocedures. For additional discussion of the potential for this

type of study, seeHattis (1998) and Hattis et aL (1999).
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D. Variability in M~J!A~~
Determinants of a.emkal Disposition (e.g. Related
to Age, Species, Sex, Disease State, for Oral, InhAbtion, 8Dd Dermal ExpoSW'es)
As discussed above, dosimetry based on PBTK models has become a useful tool
to adjust for differences in delivered and internal dose across species and within
human populations. Examples of applications in risk assessmentsfor gasesinclude:
formaldehyde (CIrr 1999), tetrachloroethylene (Bois et al. 1996), vinyl acetate
(Bogdanffy et al. 1999), EGBE (IRIS 1999), and vinyl chloride (IRIS 2000). Dosimetry modeling was also a key aspect of the National Ambient Air Quality Standard
for particulate matter in 19963.(USEPA lW6). Reduced mechanistic model structures and empirical models of mass transpon have formed the basic default procedures for the calculation of human equivalent concentrations in the U.S. Environmental Protection Agency reference concentration methods (USEPA 1994;Jarabek
1995b).
Annie Jarabek proposed research to fill substantive gaps in the anatomical,
physiological and mechanistic data needed to explicitly describe the major factors
influencing chemical disposition defined to encompass the processesof deposition
(e.g. primary deposition of an inhaled toxicant or particles on airway surfaces),
uptake, distribution, metabolism and elimination as well as subsequent toxicanttarget interactions, i.e., mode of action Uarabek 2000). Such data would allow a
comprehensive characterization of the exposure-dose-duration-response continuum
across species so that variability can be addressed by describing differences in the
mechanistic factors that determine disposition and pathogenesis. She proposed the
acquisition of such data for different agesand genders in experimental animals and
humans and for different diseasestates (e.g.,COPD) in humans for inhalation, oral
and dermal routes.
Parameters of interest include the anatomical parameters of airway lengths,
ponal of entry (respiratory tract, GI, dermis) tissue thickness, cell types and locations, and other physiological parameters such as ventilation rates, Gl transpon
rates, dermal transpon rates, metabolism, and the fraction of specific types of cells
in various phases of the cell cycle. These data would suppon improved dosimetry
modeling to increase the accuracy of descriptions of dose differences among species
and within the human population. For example, the respiratory tract of children
differs dramatically from that of the adult in anatomical structUre and ventilatory
pattern (e.g., the oral-nasal switching point between nose versus mouth-breathing
with exertion) and has not been well-described (Dieten et al. 2000). Simple scaling
assumptions do not adequately address variability in uptake Via inhalation due to
these agel developmental differences. Further, the collected data would provide a
basis for assessingconfidence in the description, thereby informing the magnitude
of the interspecies and intra-human uncenainty/adjustment factors used in risk
assessment.
This research would inform efforts to assign uncenainty factors for pharmacokinetic and pharmacodynamic differences (see below) and complement a Federal
interagency collaborative effon to develop a suite of dosimetry models for oral,
inhalation and dermal exposures. Such models have potential applications for both
cancer and non-<:ancer endpoints. Development of such models therefore contributes to a harmonized approach for cancer and non-<:ancer risk assessment,and is
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consistent with USEPA's Methodsfor Derivation of Inhalation Refemaa Cmaanbutions
and Application of Inhalation Dosimetry (USEPA 1994) and proposed carcinogen
guidelines (USEPA 1996b).
E. Comparative Studies of Variability in Susceptibility to Toxic and Other
Effects in AnimAlc and People
Traditional protocols for animal toxicology experiments usually go to considerable lengths to minimize the variability among tested animals. This is because, in
general, the more the variability, the larger the sample size required to demonstrate
differences between the effects of experimental and control exposures. Variability
is therefore deliberately restricted in most animal experimental work by using
genetically homogenous animals, a single age class of subjects (-young adults"
usually) and sometimes a single sex of animals. Before initiation of treatment the
animals usually have been subject to relatively uniform environmental stimuli,
including uniform and unchanging diet. Efforts are also made to maintain healthy
animal colonies, as free of infections as possible. Thus the laboratory animal is not
exposed to the diversity of living conditions of wilder, outbred populations. And, of
course, there are also no deliberate neuroactive drug exposures (e.g., narcotics,
alcohol, tobacco, caffeine) unless they are explicit subjects of experimental study
(Hattis 1996).
Studies are needed to experimentally assessin animal systemshow much some or
several of these common practices actually reduce variability in the doses producing
defined toxic responses. Studies are also needed to assessthe general distribution
of comparative degrees of variability in toxic response for the free-living human
population, relative to the types of animal groups usually used for toxicological
testing. That is, how often is there a large difference in animal/human variability?
F. Proced1D'e5to U tiHze Interindividual

VariabiJity

Inf OnnaUOD in Cancer Risk

AMessment
This would be an extension of the efforts described above under genetic determinants of variability (A), and (D) variability of mechanistic determinants of chemical disposition. Efforts are needed to elucidate an appropriate set of operational
procedures to incorporate available generic and chemical-specific information
on
human interindividual
variability in susceptibility to carcinogenesis into risk analyses utilized for risk management under a range of regulatory authorities and risk
management criteria. For an exploration of some different potential implications of
variability vs uncertainty for risk management under different regulatory authorities
see Hattis and Anderson (1999), Krewski et aL (1999), Hattis and Minkovitz (1996),
and Bois et aL (1996).

MODELS FOR INJURy RISK ASS~MENT
INCLUDING DEVELOPMENT
AND CHARACl'ERIZA1l0N
OF RISK FSDMA~
AND EXPOSURE
MKrRI~
James T. Wassell and John Bailer proposed the development of methodology for
assessingrisk and exposure metrics for occupational injury. The application of risk
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assessment methods to this problem provides many opportunities for innovative
development, but more importantly has the potential to significantly contribute to
public health improvements. The incidence of occupational and non-<)Ccupational
injuries is substantial, with a relatively early average age of occurrence for most
serious injuries. In comparison to cancers and manifestations of cardiovascular
disease, social effect measures such as years-<>f-potentiaJ-life-lost(ypll..) (Gilben et
al. 1998) are potentially greater for injury. The field of injury risk is just beginning
to define relevant endpoints for social policy evaluation such asworking lifetime risk
(Fosbroke et aL 1997; See and Bailer 1998).
Among the most interesting methodological challenges is the defmition of relevant causal and potentially confounding exposures. The most commonly available
occupational injury data are based on the number ofhoUTSworked in the workplace
and the size of the workforce. The proportion of time actually at risk (for example
while using a particular type of machine or while engaged in material handling) is
not distinguished from the portion of time worked while not at risk or at risk in
other ways.Wassell (1989) discussedprobability considerations for commonly used
methods of Statistical analysisof injw-y data. Poisson regression and other models of
injury occurrence that would be more descriptive and helpful for evaluating the
efficacy of interventions would include prospective or blind retrospective assessments. Modifiable targets for preventive action include factors such as the time
spent operating unguarded machines, or the number of maintenance operations
that could lead to a violation of lock-<>ut/tagout precautions. Methods should
account for personal confounding factors (e.g.worker age,job tenure, training) to
control for non-engineering contributions to injw-y risks.
Another important area of research is the development of exposure-response
models for chronic repetitive motion injuries, analogous to cancer multistage or
classical toxicological probit dose response models. Such models should be based
on considerations of physiological factors and data on the variability in the frequency and intensity of repetitive motion stressescreated by particular work tasks,
as well as variability in physiological responses to repeated subclinical injw-y events.
They ideally should also be based on a mechanistic theory for how irreversible or
very slowly reversible injury events happen. Finally, work is needed on prioritysetting for injury prevention efforts.

ADAPTA'nONS AND MODmCA'nONS TO EXISfING STANDARD
PROCEDURFS(e.g..FOR DERIVING RFD"S)
There were three proposalsaimed at improving on existing default procedures
for risk assessment:
Further explorations of "data-derived" UDcertainty/adjusunent factors (UFs)
through the development of
data bases for existing uncertainty factors

probabilistic distributions of UFs adaptedto specifictypesof agentsand
effects
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probabilistic approaches for reference dose (RiD) derivation
criteria for using data-derived factors

Developmentof quantitativeguidancefor expectedrisks posedby an Rill or,
alternatively,the probability that the population threshold is belowcalculated
RiD levels.

. Approaches to recognize influences such as age, latency, and pattern of
exposurein bioassaysand exposedhuman populations
The first two were originally developed by Lynne Haber, and the third was
generatedin group discussion.The proposalsare briefly discussedin the following.
A. Data-Derived UFs
Traditionally, default UFs of lO-fold have been used for extrapolation from
animals to humans, and for accounting for variability among humans due to sensitive populations and individuals. Development and examination of data bases,for
example on human and rodent chronic toxicity for certain classesof agents, may
provide the rationale for a different default for application in specific circumstances.A factor so identified is termed a -data derived UF;" a few assessmentshave
been conducted using such factors (e.g., Bogdanffy and Jarabek 1995; Bogdanffy et
aL 1999; Dourson et aL 1998; lPCS 1998). Renwick (1991) and Renwick and Lazarus
(1998) suggestin terspeciesand intraspecies UFs can each be broken into toxicokinetic
and toxicodynamic components, based on the relative contributions of these components for a number of chemicals examined (e.g., for the interspecies factor, a
factor of 3.3 for each component). Similarly, reduction of the interspecies UF from
10 to 3 is used to address uncertainty in laboratory animal to human extrapolation
for Reference Concentrations (~)
when dosimetric adjustments are made for
species differences in toxicokinetics (USEPA 1994; Jarabek 1995a). As a further
step, as outlined in the second bulleted section below, the use of distributions,
rather than single point estimates, has been proposed (Hasseblad andJarabek 1996;
Baird et aL 1996; Hattis et aL 1999).
The issue of criteria for replacement of default UFs has been raised (e.g., Meek
2000). (Since the workshop, the term .chemical-specific adjustment factors" has
replaced the term -data derived UFs." Guidance for the use of data in the development of chemical-specific adjustment factors for interspecies differences and human variability have been developed by the I~,
and are available at http:/ /
www.who.int/pcs/pubs/pub_list.htm.)
Whether the critical determining factor for
toxicity has been identified in developing the factors can be questioned. To derive
a factor for the interspecies toxicokinetic component, laboratory animal to human
ratios of the values of some human toxicokinetic parameters have been compiled,
but it is usually not clear that these ratios are adequate surrogates for the ratios of
critical tissue doses in the two species. SimiIar1y, it is currently unclear how to
translate information on human variability in key metabolic parameters into an
uncertainty factor for human variability in kinetics. Descriptions of human variability in the critical pharmacokinetic parameters through the PBPK modeling of well-
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characterized model chemicals acting via selected modes of action may help to
elucidate whether such variability is adequately described by the variability in certain
metabolic parameters (e.g., a key enzyme's V- or V_/Km ratio).
Risk assessmentapplications involving uncertainty factors less that the traditional
defaults of lO-fold for inter- and inttaspecies variation are beginning to appear. The
National Research Council (2000) has used such factors to establish acute exposure
guideline levels (AEGl.s) for highly hazardous substancessuch as mono and dimethylhydrazine. when the available data are deemed sufficient to support such practice.
Further details of the risk assessmentmethodology used in establishing AEGl.s are
given by the National Research Council (2001).
B. CharacteriziDg UDceI1ainty in RiDs 8Dd RfCs

ti

Traditionally, RfDs and ~
have been derived by dividing -no observed adverse
effect levels" (NOAEu) observed in toxicological experiments or epidemiology by
fixed uncertainty factors (although recently there has been some use of -benchmark
doses" instead of NOAEU). A number of investigators have recently sought to
replace fixed uncertainty factors with a probability density function, or PDF, that
characterizes the uncertainty in the size of a -true but unknown" scaling factor (t.g.,
Baird tt aL 1996; Slob and Pieters 1007; Price tt aL 1007; Swartout tt al. 1008). For
the UF of interest, the PDF is derived from data for that factor (t.g., interspecies
difference) for a reasonably large sample of chemicals. In addition to developing a
PDF for the uncertainty factor, the uncertainty in the identification of a no effect
level from animal study observations can be addressed (t.g., Leisenring and Ryan
1992). Some residual risk is expected at the NOAEL due to the limited numbers of
animals studied and other limitations of experimental design. The distributions of
the UFs and for the animal no observed effect level may be convolved to develop a
probabilistic distribution for the RiD. A probabilistic RiD has been developed for
methylmercury (Clewell tt aL 1999), based on a distribution of the input variables
to the PBPK model used to convert hair mercury concentrations to a chronic intake
rate.
PDFs for the RiD would provide useful information for both risk assessmentand
characterization, including uncertainty disclosure, information on the degree the
RiD may be protective, and uncertainty in the overall health protection process.
However, much work is needed before such distributions can be reliably derived,
particularly the development of a statistical framework for the analysis. The derivations of PDFs for UFs typically involve comparisons of NOAEU from experiments
conducted using different numbers of animals and experimental protocols. Proposed research includes the development of a statistical framework. for example to
account for the uncertainties in the derived ratios, the residual risk at the NOAEL,
and the updating of distributions based on chemical specific information. Work to
date has not considered in detail how to take into account chemical-specific information in the development of the PDFs.The impact of ad hoc changes in UFs based
on chemical specific data considerations on the characteristics of the appropriate
PDF could be explored.
Dale Hattis raised a distinct but related research need to develop data and
methodology to examine the assumption of true population thresholds embodied
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in the traditional RfD concept. The recent work of Hattis et aI. (1999) is basedon
the idea that human population distributions of susceptibilitymay be describedby
continuous lognonnal or other more complex distributions, implying finite and
potentially estimablerisks at variouslevelsof exposureaboveand below traditional
RfDs. Also, when the diseaseof concern occurs in the population by the same
mechanismas that of the toxicant in question, a population threshold is unlikely
and somerisk from exposureis expected.In this framework,RfDswould be defined
asthe human doseor exposurelevelsexpectedto produce no more than a specific
incidence of hanD at a minimal severitywith a defined degree of confidence.
C. Influences of Age, Latency,and P8;tern of ~
and Other Factors
This is related to proposalIE discussedunder the first program group aboveon
variability. The work here would be to explore whether the traditional uncertainty
factors adequatelycapbJreheterogeneitygiven the necessarylimitations in toxicological study design.
CRn'ERIA FOR. ACCEPTABnJTY
DATA

OF MECHANISl1C

HYPOTHFS~

AND

Rory Conolly proposed the initiation of a process to develop consensus criteria
for the use on mechanistic information in risk assessmentand management. He
noted that the movement away from routine use of default assumptions towards
more data-based approaches to risk assessmentis in step with the increasing sophistication of laboratory methods for the study of biochemical mechanisms and the
identification of trace levels of contaminants. These developments are raising questions of how data-based assessmentsshould be structured and of the selection of
endpoints for assessment.
Sensitive analytical techniques and the new biochemical techniques such as
genomics and proteomics have the potential to link contamination at widespread
environmental levels with changes in the expression levels of genes or the concentrations of specific proteins. In some cases, as for TCDD, biologically plausible
hypotheses can be developed, suggesting that such early biochemical effects are the
precursors of downstream frankly toxic effects (USEPA 2000). Dose response information for the early biochemical effects might be interpreted as indicative of the
expected shape of the dose response curve for the downstream frankly toxic effect.
As a result, risk assessorsand risk managers are faced with several issues,including:
1. Do biochemical changes, such as a change in the expression level of a gene or
the amount of a protein in a cell, constitute Madverse"effects?
2. How often and under what circumstances does the shape of the dose response
CUIVefor an early effect, such as a change in gene expression. inform us about
the expected shape of the dose response CUIVefOTa frankly toxic effect further
-downstream" in the causal pathway of harm?
3. Is homeostasisa detenninant of dIe shape of dIe dose response curve? If so,what
are dIe implications of homeostasis for dIe shape of dIe dose response curve?
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4. Does the additivity to background argument (Crump et aL 1976) apply if
homeostasisis operativeor if pharmacokineticnonlinearities exist?
5. When the understanding of mechanismis incomplete (as it alwaysis), what
criteria should be used to judge the acceptability of hypothetical linkages
betweenearly biochemical and later, frankly toxic effects?
6. How should mechanistic information be used in risk assessmentwhen available data do not allow discrimination between alternative, plausible mechanistic hypotheses? Should a spectrum of assessmentsbe developed based on the
alternative hypotheses?
The broader risk assessmentcommunity, consisting not only of risk assessorsbut
also of researchers collecting the critical data, need to carefully consider these
questions in order to work toward shared understanding and consensus that is
helpful for social decision-making. The critical needs are for (a) research design
and development of mechanistic risk assessmentmodels to be intelligently coordinated with each other and, (b) development of consensus criteria for the use of
mechanistic data in risk assessmentand risk management under different types of
regulatory mandates. Workshops on the development of consensus criteria would
be helpful in promoting reasoned discussion of these issues.
In a related proposal, ~nding
the Range of Observation: Quantitative Relationships Between Key Biological Events to Aid Designation of Adversity and Identify Health Effects, .. Anniejarabek emphasizedthe importanceplacedby the USEPA
on characterizing the mode of action, defined as a chemical's influence on molecular, cellular or physiological functions (USEPA 1996;jarabek 2000) in risk assessments. This requires a conceptual model that evaluates key events along the exposure-doseresponse continuum. Biomarkers data based in a mode-of-action ttamework
essentially provide precursor lesion data and can serve as a basisfor a parallelogram
approach to extrapolation and determination of human homology for the health
effect of interest (U.S. EPA 1994;jarabek 1999). Thus, the ttamework provides for
the extension of the range of observation, e.g.,for identification of biochemical or
cellular events as measures of response, provided that causal links can be established
to health outcome. She proposed research to evaluate the quantitative relationships
among key events (e.g.,liver and cellular proliferation linked to tumor outcome) from internal dose, to biologically effective dose, to various early effect indicators,
to various outcome measures. This would provide a platform for the integration of
diverse data, for example epidemiological data on effects in the population, and
toxicological and mechanistic data acquired at the target tissue, cellular and subcellular levels. This work would also provide the necessary data to begin development
of criteria for designation of adversity for use in risk assessment,e.g., a specified
degree of perturbation in cellular event such as 10% increase in cellular proliferation might be designated as a NOAEL or WAEL. This work is important to
accurately defining a given biomarker (defined by the NAS for exposure, effect, and
susceptibility or combinations thereof) and distinguishing adaptive versus adverse
effects.
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MODEUNG ANALYS~

FOR. MUL'DPLE ENDPOINT DATA

David Dunson proposed research to develop sophisticated statistical analytical
tools to analyze multiple endpoint data, as is being generated in reproductive and
neurodevelopmental studies. In recent years there has been increasing concern that
exposure to chemicals with endocrine disrupting properties during development
may have irreversible effects on reproductive, immune, and central nervous system
function. This concern was formalized in the NAS report, Pesticidesin the Diets of
Infants and OJildmz, which called for better information on the effects of pesticide
exposure during development. In response to this report, testing designs have been
implemented in which pregnant dams are dosed for the week before and after birth,
and then the pups are dosed through puberty. Animals are tested at various points
in the dosing period to ascertain effects on a variety of neurobehavioral, immunological, and reproductive outcomes.
Standard approaches for characterizing risk from toxicological studies are not ideal
for multigenerational and developmental studies, in which multiple correlated endpoints are measured, aswell aseffects occurring acrossgenerations of related individuals. H the outcomes are considered separately and no adjustment is made for multiple
comparisons, analyseswill often detect some differences among dose groups (at. for
example, p = .05) even if the chemical has no effect. However, standard adjustments
for multiple comparisons make it very difficult to detect real effects, if present.
because of the smaII numbers of animals tested and the large number of endpoints.
An additional complication is that sick animals often die prior to being measured for
outcomes that occur later in development. Such survival effects can produce biased
estimates and misleading inferences. Another issue that arises in quantitative risk
assessmentis how to estimate a benchmark dose or vinually safe dose based on
multiple correlated endpoints that are measured on different scales.
The purpose of this program would be to develop new approaches for assessingand
characterizing risk in toxicology studies with multiple endpoints that are potentially
measured on a variety of scales (e.g., continuous, binary, ordinal). In particular,
methods would be considered for reducing the dimensionality of the analysis,possibly
by using a few ~nt
variables" underlying a set of measured outcomes (Dunson
2000). In addition, methods would be developed for estimating a dose level associated
with a designated "acceptable" level of risk. One possibility would be to estimate the
change with dose in the proportion of animals with a lower level of function than an
average untreated animal (e.g.,by using a latent variable approach). The dose associated with a small change (e.g., 1%) could be useful for policy makers deciding on
permissible levels of exposure. A major objective would be to formulate a method that
is readily interpretable by both toxicologists and risk managers.
Some important questions that need to be considered when developing this kind
of method are

Should there be an adjustmentfor infomlative censoringfrom the deathsof
sick animalsbefore the end of the study?
2. Does the method have good operating characteristicsin the small samples
typical of thesetypesof developmentaltoxicology studies?
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3. Doesthe model accountfor correlation betweendifferent endpoints measuring a similar trait (e.g.,related neurobehavioralfunctions)?
4. Doesme model accountfor correlation betweenendpoints measuringdifferent b"aits(e.g.,unrelated neurobehavioralfunctions)?
5. Is the colTeiationstructure realistic,but simpleenough that the analysisyields
infom1ation about all of the parameters,evenin small samples?
6. Is there prior information that can be incorporated to improve the method?
How can this information be combined with data from the current study?
7. Doesthe method account for different measurementscalesfor the different
outcomesand for outcomesthat do not follow standarddistributions?
8. Can a latent variable or factor analytic type approach be used to simplify
modeling and risk.assessment
(e.g.,by incorporating the doseeffect relationship on one latent variable underlying the observedoutcomes)?
9. If the latent variable approach is used, how many latent variable are there
underlying the observedoutcomes.How can the data be used to provide
information about this choice?
10. Is the method robust (e.g.,to outliers, choice of parametric fonns. etc.
II.

Is the model identified by die data? Can reasonable consttaints be added to
ensure identifiability and improve efficiency?

12. Is the model easyenough to implement and interpret for non-statisticians to
be used widely?

NEW MECHANIsnC MODElS OF CARCINOG~IS
Two major topicswere discussedunder this heading:

. The implications for risk assessmentmodeling of genomic instability and webs
of molecular pathological pathways to carcinogenesis (instead of a completely
sequential set of k ordered stages in which particular genetic changes are
acquired in a fixed order)

. The need to develop procedures (t.g. Markov chain Monte Carlo analysis) to
represent the available biological information
cellular responses mediating carcinogenesis)

on signaling pathways and

Chao Chen highlighted some of the research opportunities related to this area
It is now widely accepted that cancer results from the accumulation of mutations
and other genetic changes in the genes that directly control cell division, cell death,
and differentiation (Bishop 1987; Weinberg 1989; Sugimura 1992; Williams et aL
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1996). These include positive changes in growth/division signaling systems via
.protooncogenes" and abrogation of specific growth/division control functions in
tumor suppresser genes (Barrett 1993). For some human cancer sites, molecular
biological tools have been used to elucidate the specific sequence of alterations in
genetically determined functions both in full-fledged tumors and in tissue where the
process is not yet complete (Fearon and Vogelstein 1990; Shi 1999; Mao et aL 1997;
Grossman and Lefell 1997; Cordon-Cardo et aL 1994; Sekido et at. 1998).
Given these recent advances in molecular research, and increasing understanding of the different kinds of influences (e.g., .nongenetic" events such as cell
proliferation) on carcinogenesis that can be exerted by chemical exposures, risk
assessorsface major challenges in adapting risk assessmentmodels to accommodate
new mechanistic understanding. For example TCDD, acting in part through Ah
receptors, triggers a variety of biological responses that can be divided into two
broad categories: (1) metabolic changes associated with uptake and subsequent
binding with other proteins, and (2) mitogenic processes manifested as DNA
replication, cell division, and alterations in differentiation. Which of these are
relevant in what ways quantitatively for predicting both cancer risks and a variety of
non-cancer risks? Schwarz et aL (2000) recently reviewed several proposed possible
influences on signaling pathways in relation to TCDD-induced antiapoptotic activities and concluded that many of the proposed pathways are not plausible. It would
be highly misleading if a putative causal pathway were chosen for modeling that
turned out not to be relevant to the endpoints of ultimate interest. As a general
approach a model could be constructed that incorporates rate-limiting factors that
are known to be in a relevant signaling pathway, and a black box could be used to
represent unknown or uncertain steps. This type of situation is best handled with a
newly developed type of mathematical tool that can be easily used to construct a
stochastic model that incorporates all available biol~cal information from activation of signaling pathways to cellular responsesand tumor incidence (Tan and Chen
1998). Application of this kind of tool to risk assessmentproblems is a promising
area for further exploration.

COMBINING DATA OF DIFFERENr 1YP~ IN RISK ANAL~
This wasa recurring theme emphasizedby severalparticipants in the courseof
the discussions.The main themeswere to encourage
. Developmentof hierarchical Bayesianframeworksfor cancer risk assessment
to:
-combine data from multiple sourcesof a variety of types (e.g.,data from
different animal bioassays
covering animalsof different cancer sites,genders
and species,and human epidemiology)
-integrate data on the effects of a single chemical via different modes of
action
-develop
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Application of a control theory framework to
-understand the influences of population heterogeneityin metabolic pathway activitieson susceptibilityand risk.

EXPLORING EVIDENCE AND MOD~
FOR COMPLEX DOSE RFSPONSE
RELATIONSIDPS IN mE CONTEXT OF HOMEOSTASIS
Both Kenny Crump and Ralph Kodell submitted proposals for research on the
toxicological phenomenon called hormesis, whereby a substance causesdeleterious
effects at high dosesbut a stimulatory response in the opposite direction at low doses
(Calabrese et aL 1999). Dr. Crump's proposal was to develop and apply rigorous
statistical tools to evaluate the pervasivenessof hormesis, while Dr. Kodell's proposal
was to develop biologically plausible mathematical models that predict Ies&-thanbackground risk. of cancer at low doses.Under Dr. Crump's proposal, a toxicological
data base comprised of data sets meeting a set of minimal criteria would be examined rigorously, controlling the false positive error rate while making the power to
detect hormetic effects as large as possible. Meta-analytic procedures would be used
to estimate the prevalence ofhormesis in the data base, such as the procedure used
by Crump etaL (1999) to estimate proportions of carcinogenic and anticarcinogenic
chemicals in bioassaysconducted under the National Toxicology Program. Under
Dr. Kodell's proposal, biological data would be collected and biomathematical
models of hormesis would be developed, to build on hypotheses (Andersen and
Conolly 1998; Lutz 1998) and models (Bogen 1998; Lutz and Kopp-Schneider 1999)
that have been proposed to support U-shaped or J-shaped dose response relationships for cancer. H, for example, toxic substances can affect homeostatic processes
in such a way as to produce dose response relationships exhibiting less-than-background risk at low doses, then the default assumption that either genotoxicity or
additivity to background will necessarily lead to low-dose linearity needs to be reevaluated. Some others in the group are skeptical that a careful and rigorous
analysis would lead to this result (Hattis 1997).
OVERAlL

CONCLUSION

The suggestions for research described above indicate the potential for greatly
improved contributions from different fields (toxicology, molecular epidemiology,
mathematical modeling, etc.) to improve dose response modeling. This can in turn
improve the estimation of potential health risks and the consequences of different
risk control choices. The field is the focal point of the dynamic interaction of data
and theory relevant to important social policy concerns.
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