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Estimating Upper Confidence Limits for Extra Risk in
Quantal Multistage Models
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1. INTRODUCTION

Many challenges are encountered in the evaluation
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Multistage models are frequently applied in carcinogenic risk assessment. In their simplest form,
these models relate the probability of tumor presence to some measure of dose. These models are
then used to project the excess risk of tumor occurrence at doses frequently well below the lowest
experimental dose. Upper confidence limits on the excess risk associated with exposures at these
doses are then determined. A likelihood-based method is commonly used to determine these limits.
‘We compare this method to two computationally intensive ‘‘bootstrap’’ methods for determining
the 95% upper confidence limit on extra risk. The coverage probabilities and bias of likelihood-
based and bootstrap estimates are examined in a simulation study of carcinogenicity experiments.
The coverage probabilities of the nonparametric bootstrap method fell below 95% more frequently
and by wider margins than the better-performing parametric bootstrap and likelihood-based meth-
ods. The relative bias of all estimators are seen to be affected by the amount of curvature in the
true underlying dose—response function. In general, the likelihood-based method has the best cov-
erage probability properties while the parametric bootstrap is less biased and less variable than the
likelihood-based method. Ultimately, neither method is entirely satisfactory for highly curved dose—
response patterns.

KEY WORDS: Dose-response models; bootstrapping; likelihood-based confidence intervals.

Often an upper confidence limit is computed for this
risk. Confidence levels of 95% are commonly used.

In this paper we discuss various methods for con-
structing upper-confidence level estimates of extra risk

of the risks associated with exposure to potentially haz-
ardous chemicals. One such challenge is the modeling
of the risk of a deleterious response as a function of
toxin dose. Data used in modeling risk often are from
animal studies, with tumor onset in various tissues fre-
quently used as the toxic end point. These data are used
to fit a functional form relating the probability of toxic
effect to dose which is used to estimate the extra risk
associated with exposure to low doses of the chemical.
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at a specified dose. We focus on the commonly used
likelihood-based method and on computationally inten-
sive bootstrap methods. These methods are discussed in
Section 2. In Section 3, we compare these two methods
using data from a recent long-term animal carcinogenic-
ity experiment. We describe a simulation study of these
upper-confidence limit estimators in Section 4.

2. METHODS

2.1 Data

Modeling tumor incidence minimally requires at
least two pieces of information for each animal: expo-
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sure and tumor status for each animal under study. With
this information, simple procedures can be implemented
to estimate model parameters. When additional infor-
mation such as survival time and tumor context (inci-
dental vs fatal tumors) is available, more complicated
time-to-tumor analyses become viable options (cf. Ref.
2).

2.2 Quantal Multistage Models

Quantal multistage models relate the proportion of
tumor-bearing animals in each dose group to an expo-
nential model containing a polynomial in dose. These
models were derived from early mechanistic models of
carcinogenicity.’ A common representation of this
model is

Pd) =1 — exp(—q, — d — q,d&* — ... — qd)

where P(d) is the probability of tumor onset in an animal
exposed to dose d of a toxin and (g,, ;5 25 --» g) ar€
nonnegative parameters. The degree of the polynomial
is frequently set to be one less than the number of dose
groups under study. The degree of the polynomial is also
referred to as the number of stages affected by dose in
the multistage model that motivated this functional form.
The estimates for the model parameters are obtained us-
ing maximum-likelihood techniques.

Given the parameter estimates obtained from the fit
of such a model, extrapolation to doses at levels of reg-
ulatory concern is often of interest. Two excess risk end
points are commonly considered. The added risk (AR)
associated with some d is the additional proportion of
tumor incidence over background incidence in animals
exposed to a dose of interest [(i.e., AR(d)=P(d)—P(0))].
Extra risk (ER) associated with a specified dose d is
ER(d) = [P(d)—P(0))/[1—P(0)], which represents the
excess proportion of tumors among those animals that
would have been tumor-free in the absence of exposure
to the toxic dose. Point estimates of either risk end
point may be based on using the estimated quantal mul-
tistage model, i.e., estimates (§’s) are substituted for
the parameters (g’s) in the P(d) function. These point
estimates do not reflect the statistical variability in the
data, and thus; confidence limits, typically upper con-
fidence limits on risk, are also determined. The re-
mainder of this paper focuses on upper confidence limit
estimation for extra risk at a specified dose. (Note that
the lower bound estimate on the dose associated with
specified added or extra risk, the so-called ‘‘virtually
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safe dose,”” or VSD estimate, is also sometimes used
in risk assessment.)

2.3. Upper-Confidence Limit Calculation

2.3.1. Likelihood-Based Procedures

Confidence interval calculation for risk in the con-
text of quantal multistage models has been well stud-
ied, with a good review of methods given by Crump
and Howe.® Crump and Howe® reviewed the construc-
tion of confidence intervals based on distributional prop-
erties of maximum-likelihood estimates, distributional
properties of likelihood ratios, and the bootstrap. They
focused on estimating a lower limit for the dose asso-
ciated with a specified level of extra risk (i.e., the VSD).
The first two procedures were based on statistical prop-
erties associated with maximum-likelihood estimation
(cf. Ref. 3). Crump and Howe® concluded that the like-
lihood ratio-based method was preferable to the method
based on maximum-likelihood estimates for theoretical
reasons (e.g., invariance under transformations) as well
as their practical experience in low-dose extrapolation.
Though they described bootstrapping as a method for
constructing confidence intervals, bootstrapping was not
considered in their simulation study. Crump and Howe®
concluded their review by noting that “‘the bootstrap ap-
proach may be useful in low dose extrapolation, and
further investigation into this method could be worth-
while’” (p. 202).

Crump and Howe® noted potential difficulties that
may arise from using likelihood-based methods, For ex-
ample, if one (or more) of the parameters in the multi-
stage model is zero (i.e., falls on the boundary of the
parameter space), then confidence intervals based on fea-
tures associated with the likelihood may not be valid.
Crump et al.® compared the behavior of the likelihood
methods with simulation-based ‘‘envelope curves’’—es-
sentially parametric bootstrap estimates of the added risk
(see below). They observed that for the cases they stud-
ies, the ‘‘asymptotic [likelihood] confidence curve is ei-
ther very close to or beyond the simulated envelope
curve [which] indicates that the asymptotic confidence
intervals may be somewhat conservative’’ (Ref. 4, p.
444). (‘‘Conservative’’ in this context means that the
confidence interval coverage probability exceeds the
nominally specified confidence level.) Crump et al.®
used these ‘‘envelope curves’’ as a standard for studying
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the behavior of the likelihood methods and proposed
these curves as an alternative to the likelihood methods.

2.3.1. Bootstrap Procedures

Bootstrap procedures are computationally intensive
methods for generating an estimate of the sampling dis-
tribution of a statistic that can be used in confidence
interval construction.”” Bootstrap methods involve using
the observed data to simulate the experiment a large
number of times. The statistic of interest (e.g., extra risk
at some specified dose) is calculated for each of the sim-
ulated experiments, and then the 95th percentile of these
statistics is used to obtain the 95% upper confidence
limit. This bootstrap procedure for constructing confi-
dence intervals is sometimes referred to as the ‘‘percen-
tile’’ method.™

Quantal multistage models are fit to data from stud-
ies that can be conceptualized as a series of separate
experiments. Each experiment is characterized by a dose
level (d)), the number of animals at risk of tumor onset
(n,), and the probability of tumor onset (p,). The outcome
of each experiment is the observed number of tumor-
bearing animals (x;), which can be viewed as a binomally
distributed random variable with parameters #, and p;.
The simulated experiments used in the bootstrap confi-
dence procedure simply mimic these binomial experi-
ments—i.e., for dose group i, a binomial random
variable (x;*) with parameters n, and p, is generated. Two
common choices for the probability parameter (p,) are
x/n, (the ‘‘nonparametric bootstrap’’) and P(d) (the
“‘parametric bootstrap’’), where P(d) is based on the
quantal multistage model, in which the maximum-like-
lihood estimates are substituted for the parameters (g’s).
The nonparametric bootstrap uses the observed propor-
tion of tumor-bearing animals as an estimate of p;. If no
tumor-bearing animals are observed in a particular dose
group (x,=0), then the binomial experiment using x,/n;
would always generate a zero response for that group.
This could potentially cause the nonparamtric bootstrap
method to be less variable than the parametric bootstrap.

Smith and Sielkin®? continued the study of VSD
estimation via bootstrap methods. They concluded that
a “‘simple bootstrap procedure offers improvements over
the current likelihood-ratio-based confidence limit pro-
cedure with virtually no undesirable side-effects’” (p.
172), due to better coverage probability properties.
Within the summary tables presented by Smith and
Sielkin, there were indications of conservative behavior
for cases with curvature and some anticonservative in-
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dications for other conditions. Finally, this study consid-
ered only a limited number of simulation conditions.
Namely, only conditions with a zero background tumor
rate and a fixed tumor count in the high-dose group (at
30 tumors of 50 at risk) were simulated. These limita-
tions removed two potential sources of variability from
the bootstrap samples.

Even with the warnings associated with the use of
likelihood methods, these techniques are frequently the
default selection for representing statistical variability in
risk estimates. To illustrate this potential problem, we
compare the behavior of likelihood ratio-based and boot-
strap-based methods for calculating upper confidence
limits on risk at specified doses. Two simple data sets
demonstrate the potential discrepancies in risk estimates
based on these methods.

3. ILLUSTRATION AND MOTIVATION

We compare the estimated upper confidence limits
on risk associated with low-dose exposure to 1,3-buta-
diene. This chemical has been studied in a long-term
animal carcinogenicity experiment in which male and
female B6C3F, mice were exposed to 1,3-butadiene con-
centrations of 0, 6.25, 20, 62.5, 200, or 625 ppm.*® Sta-
tistically significant increases in tumor onset were
observed in six different sites in male mice and eight
different sites in female mice. These data were recently
used on the basis for a risk assessment.® We use the
observed tumor onset in lung adenoma/carcinomas and
in heart hemangiosarcomas in female mice to illustrate
differences in the behavior of bootstrap-based versus
likelihood-based upper confidence limit calculations of
extra risk. Data for these two sites along with parameter
estimates of multistage model fits are displayed in Table
I. (Though this experiment was conducted at exposure
levels up to 625 ppm, only the lowest dose groups for
which a quantal multistage model adequately fit the data
are included in Table I and the accompanying analysis.)
From Table I, we see an observed tumor pattern for heart
hemangiosarcomas which is sublinear, having no tumors
in the control and lowest two concentration groups. The
pattern of lung tumor onset appears to be linear, with
increasing tumor incidence associated with increasing
1,3-butadiene concentration. The fits of the quantal mul-
tistate model to these data are consistent with the
observations given above. The estimate of the linear pa-
rameter in the multistage model for the heart heman-
giosarcoma data was zero, while the model fit to the lung
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data had zero estimates associated with the quadratic and
cubic terms.

For purposes of comparison, 95% upper confidence
limits on extra risk were calculated for concentrations of
2, 0.2, and 0.02 ppm. The likelihood estimates for extra
risk were calculated using GLOBALS3.® Both nonpar-
ametric and parametric bootstrap estimates were calcu-
lated based on 1000 bootstrap samples. The bootstrap
estimates were calculated using a FORTRAN program
running on an HP 9000/720 computer. The results of
these confidence limit calculation procedures are pre-
sented in Table II. For the tumor incidence data in the
lung, all procedures yielded approximately the same up-
per confidence limit at each of the target concentrations.
However, for the hemangiosarcoma data, the likelihood-
based confidence limit is much larger than the bootstrap
confidence limit, with the discrepancy increasing as the
target concentration decreases.

Given that we do not know the underlying dose—
response pattern and hence the true value of extra risk,
it is not clear which method is more correct. At this
point, the extra risk estimates appear to be strongly in-
fluenced both by the degree of curvature in the dose—
response pattern and by the extent of the low-dose ex-
trapolation. A simulation study was conducted to explore
these questions.

4, SIMULATION STUDY

4.1. Description

A simulation study was constructed to explore the
behavior of various methods for estimating 95% upper
confidence limits for extra risk. The study consisted of
repeatedly generating 1000 carcinogenicity experiments
for each of 16 conditions, followed by computation of
the upper confidence limits using nonparametric and par-
ametric bootstrap procedures and the likelihood-based
procedure. One thousand bootstrap samples were gen-
erated for each simulated carcinogenicity experiment for
each of the nonparametric and parametric estimation
procedures. The simulated carcinogenicity study fol-
lowed the protocol used in most recent National Toxi-
cology Program (NTP) studies. In these studies, four
dose groups, with 50 animals in each group, are spaced

11
at doses (d) of 0, Z’ 5, and 1 MTD (the so-called ‘‘max-

imum tolerated dose’’). In a four-group study, quantal
models up to three stages were considered, i.e.,
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Table I. Tumor Data and Multistage Model Parameter Estimates® for
Female B6C3F, Mice Exposed to 1,3-Butadiene

Number of
tumor-bearing animals

Site (parameter estimates) Dose (ppm) (number at risk)
Heart hemangiosarcomas 0 0 (50)
G =4 =0 6.25 0 (50)
g, = 4.416e-7 20 0 (50)
§; = 6.620e—8° 62.5 1 (49)
200 21 (50)
Lung adenomas & carcinomas 0 4 (50)
g, = 0.181 6.25 15 (50)
4, = 9.554e—3; 20 19 (50)
h=84=0 62.5 24 (50)

« Parameter estimates arise from fitting the model P(d) = 1 — exp(—q,
— gd — g & — g,d) to these data sets (see text for greater detail).
bThe notation ‘‘ae—b’’ is used to represent the quantity ‘“a X 102"’

P(d) =1 — exp(—q, — q.d — ¢, & — q;&)

Specification of the parameters of this model determined
the underlying dose response patterns.

Four background tumor rates (1, 5, 10, and 30%)
were considered. These rates roughly corresponded to
the range of background tumor rates observed in NTP
studies (see, e.g., Ref. 10). Additionally, the tumor re-
sponse at the highest dose group was set equal to 8, 15,
30, and 90% for background tumor rates of 1, 5, 10, and
30%, respectively. Finally, four levels of curvature were
considered:

L: Linear—q,=q,=0

I1: Low curvature 1—All ¢’s > 0

[2: Moderate curvature 2—All g’s > 0
C: High curvature—q,=¢,=0

The 4 (background) X 4 (curvature) = 16 conditions are
displayed in Fig. 1, with coefficients given in Table III.
As noted above, 1000 simulated experiments were gen-
erated for each of these conditions. This number of sim-
ulated experiments provided a margin of error of 1.35%
for estimating coverage probabilities associated with a
95% nominal coverage level. (Aside: Each of these sim-
ulation conditions took approximately 22.5 CPU h using
a HP/Apollo 9000/720.)

Three multistage models were fit to each simulated
data set, with confidence limits for extra risk calculated
for each model using each procedure. The multistage
models that were fit included the following:

1s: One stage—P(d) = 1 — exp(—¢q, — g,d)
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Table II. Upper 95% Confidence Limits (UCL) on Extra Risk Based on Likelihood-Ratio and Bootstrap Methods
Ratio of UCL estimates
Upper 95% confidence limit (likelihood/Bootstrap?)
Dose Bootstrap® Bootstrap®
Site (ppm) Likelihood NP P NP P
Heart hemangiosarcomas 2.00 1.404e-3% 5.167e—5 5.168e—5 27.2 272
.20 1.405e—4 5.154e-7 5.156e—7 2725 2725
02 1.405¢—5 5.153e—9 5.155e—9 2726.3 27255
Lung 2.00 2.835¢-2 2.883¢-2 2.628¢—2 1.0 1.1
.20 2.872¢-3 2.921e-3 2.659¢e—3 1.0 11
02 2.876e—4 2.925¢—4 2.662¢e—4 1.0 1.1

«“NP*’ (“‘P”’) corresponds to the nonparametric (parametric) bootstrap estimate.

b The notation ‘‘ae—b’’ is used to represent the quantity “‘a X 1075’

2s: Two stage—

P(d) =1 — exp(—q, — qd — q,4%)
3s: Three stage—

Pld) = 1 — exp(—q, — q,d — q,d* — q,d°)

The fitting of quantal models with number of stages
equal to one less than the number of dose groups is a
common practice.

Extra risk estimation was conducted as each of
three dose levels (0.1, 0.01, 0.001).

4.2, Results

4.2.1. Simulation Validity Checks

Various checks of the simulation experiment were
conducted. Histograms of tumor counts in the four dose
groups were compared to expected tumor counts based
upon the underlying dose—response patterns. Histograms
of parameter estimates were compared to the input val-
ues (4o, 9> 925 95)- Both of these comparisons provided
support of the validity of the simulation experiment. Fi-
nally, the FORTRAN simulation coding was checked by
comparison of fits with a standard package (GLOBALS3).
The FORTRAN program generated comparable esti-
mates of the coefficients (g’s) and likelihood-based
UCLs as did GLOBALS3 for the test cases.

4.2.2. Coverage Probabilities

A coverage probability represents the proportion of
times over repeated samples that an upper-confidence
limit estimate of extra risk exceeds the true extra risk.

The nominal value of this quantity is specified when
constructing such limits. One measure of the quality of
a statistical procedure is that its actual coverage proba-
bility is approximately equal to the nominally stated
level.

Estimated coverage probabilities for 95% upper
confidence level extra risk estimates (UCL) are pre-
sented in Tables IV and V for the three methods (N,
nonparametric bootstrap; P, parametric bootstrap; LR,
likelihood-ratio based). Each table displays the results
for four background tumor rates (1, 5, 10, 30) and four
levels of curvature in dose—response (L, I1, 12, C). Table
IV shows the results for the three doses (0.1, 0.01,
0.001) when fitting the threc-stage model. Table V
shows the results from fitting the three quantal models
involving different numbers of stages (1s, 2s, 3s) at
dose=0.01.

As shown in Table IV, the nonparametric bootstrap
is frequently anticonservative (does not attain the nom-
inally stated coverage probability) for the 3s model fits.
In contrast, the parametric and likelihood-based proce-
dures are frequently conservative (exceeding the nomi-
nally stated coverage probability). However, a notable
exception is the ‘‘L”’ (linear) dose—response pattern,
where both parametric and likelihood-based procedures
were anticonservative as well, Anticonservative results
from the likelihood-based method were unexpected since
it is reputed to be conservative. For all procedures, the
coverage probabilities increased as the degree of cur-
vature increased.

As shown in Table V, coverage probabilities tended
to decrease as the number of stages in the fitted model
increased. This is not surprising since 1s models contain
only a linear dose term which would bound above any
sublinear pattern, leading to relatively larger coverage
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Fig. 1. Plots representing 16 simulation conditions displaying four background tumor rates (1%—row 1, column 1; 5%—row 1, column 2; 10%—
row 2, columa 1; 30%—row 2, column 2) and four levels of curvature in dose-response (L, linear; 1, intermediate curvature 1; 2, intermediate

curvature 2; C, high curvature).

probabilities than models that would allow for greater
degrees of curvature.

4.2.3. UCL Relationship to True Extra Risk

In addition to coverage probabilities, we compared
the methods in terms of how far the estimated UCL for
extra risk (ERycy) was from the true extra risk (ER).
Table VI displays the results for average relative bias.
These results were calculated by averaging the 1000 val-
ues of (EARUCL—-ER)/ER over simulated experiments for
each method. The relative bias should exceed O since
EARUCL is an UCL on extra risk. However, among two
upper-confidence limit estimators that both maintained
nominal coverage probabilities, the estimator that is rel-
atively closer to the true extra risk might be preferred.
The standard deviation of the (ERyc,—ER)ER values
also was presented in Table VI.

The results in Table VI suggest that the likelihood-
based procedure tends to be relatively farther above the
true extra risk and more variable than the bootstrap pro-

cedures. Second, the distance from true extra risk de-
creases as the background tumor rates increase. Finally,
all three procedures tend to generate extra risk estimates
that are relatively farther away from the true extra risk
as the degree of curvature associated with the underlying
dose-response function increases. For the underlying
dose-response pattern that included only dose as a cubic
term (the highest degree of curvature considered), the
relative bias increased dramatically relative to the other
simulation conditions. This increase became more pro-
nounced as the extra risk was estimated at ever lower
dose values.

5. DISCUSSION

In the motivating example, we saw that in a situa-
tion where a linear term is positive in a quantal multi-
stage model, both likelihood- and bootstrap-based upper
confidence level risk estimates were similar. But the site
where the linear term in the quantal multistage model fit
is zero, the upper-confidence level risk calculations dif-
fered dramatically between likelihood-based and boot-
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Table III. Multistage Model Coefficients Specifying 16 Simulation
Conditions Representing 4 Background Tumor Rates (1, 5, 10, 30%)
and 4 Levels of Curvature in Dose-Response (L, linear; I1,
intermediate curvature 1; 12, Intermediate Curvature 2; C, High
Curvature)

Degree of curvature

Background Coefficient L n 12 C

1% 9 0.01005 0.01005 0.01005 0.01005
I’ 0.07333  0.03667 0.01833 0

q, 0 0.01833 0.01833 0

q; 0 0.01833 0.03667 0.07333

5% 9 0.05129 0.05129 0.05129 0.05129
@ 0.11123 0.05561 0.02781 0

9, 0 0.02781 0.02781 0

qs 0 0.02781 0.05561 0.11123

10% G 0.10536 0.10536 0.10536 0.10536
q 0.25131 0.12566 0.06283 0

q, 0 0.06283 0.06283 0

a0 0 0.06283 0.12566 0.25131

30% % 0.35667 0.35667 0.35667 0.35667
q, 1.94592 0.97296 0.48648 0

9, 0 0.48648 0.48648 0

qs 0 0.48648 0.97296 1.94592

strap-based estimates. The discrepancy between the
bootstrap- and the likelihood-ratio methods is a cause
for concern and suggests that these methods may have
had considerably different actual confidence levels.
Hence, one and possibly all methods may not maintain
the nominally stated confidence level. One possible ex-
planation is that the likelihood procedure leads to an
overly conservative risk estimate for sublinear dose-re-
sponse patterns due to its inherent linear behavior in
low-dose risk estimation. These potential explanations
were explored with a simulation study.

Observations based on this study include the fol-
lowing.

® Even a so-called conservative estimation proce-
dure, the likelihood-based method, can be anti-
conservative in certain nonpathological situ-
ations, namely, a linear model. All three proce-
dures are anticonservative in this situation, with
the likelihood-based method closest to the nom-
inal coverage probability.

® The nonparametric bootstrap percentile method
is not a viable option for situations in which tu-
mors also occur in control conditions due to poor
coverage probability properties (As an aside, a
simple modification of the nonparametric boot-
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strap in which some pooling of data from adja-
cent dose groups where monotonic increases in
tumor burden were violated prior to bootstrap-
ping might improve the coverage probability
properties of the nonparametric estimator.)

® The 95% UCLs for extra risk are conservative
for dose—response relationships truly possessing
a high curvature (in some cases, 1,000,000%
above true extra risk).

In the simulation study presented herein, the situ-
ation illustrated in the Section 3 example was not repro-
duced. This highlights a potential shortcoming asso-
ciated with all simulation studies. Conclusions and gen-
eralizations are naturally constrained by the conditions
simulated. We attempted to select conditions that
spanned a broad range of background tumor rates, dose—
response patterns, low-dose extrapolation conditions,
and stages of models fit.

In order to explore the difference between UCL es-
timation methods highlighted in the 1,3-butadiene ex-
ample, we simulated an additional experimental situation
with a zero background tumor rate (g,=0) and high cur-
vature (as in the ‘°C’’ condition). As in the C condition,
all UCL methods exceeded the nominal coverage prob-
ability. However, the nonparametric bootstrap average
UCL was appreciably closer to the true ER relative to
both the parametric bootstrap- and the likelihood-based
average UCLs. As reported by others,12 we believe
that this reflects the importance of the parameter asso-
ciated with the linear dose term (g,) on UCL estimation.
If a nonzero g, estimate occurs at a frequency greater
than 5% in such highly curved dose—response data sets,
then 95% UCLs will be conservative. Based upon these
simulations, we conjecture that the bootstrap methods
will be preferable to the likelihood-based method for
UCL estimation for situations in which a large number
of dose-group data are available (say more than four
groups), with many of the lower dose groups exhibiting
ZET0 tumor counts.

In conclusion, the parametric bootstrap-based pro-
cedure deserves more attention as a means of generating
upper confidence limit estimates for extra risk in low-
dose regions. This method has coverage probability
properties similar to those of the likelihood-based meth-
od under most of the simulation conditions while being
slightly closer to true extra risk and less variable. Ulti-
mately, none of these procedures adequately dealt with
the condition of high curvature. This may reflect an in-
herent difficulty with using estimation techniques that
revolve around the use of the quantal multistage model.
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Table IV, Estimated Coverage Probabilities for 95% Upper-Confidence Level Extra Risk Estimates

0.01 0.001
L 11 12 C L n 12 C L n 12 C
1%
N 076 084 08 095 076 084 0.8 095 076 084 0.85 095
P 082 097 0.99 1 082 097 0.99 1 08 097 099 1
LR 0.89 0.99 1 1 08 099 1 1 08 099 1 1
5%
N 08 090 092 099 084 091 091 099 084 091 091 099
P 0.90 1 1 1 090 1 1 1 09 1 1 1
LR 091 099 1 1 091 099 1 1 091 099 1 1
10%
N 0.86 092 093 1 085 092 093 1 08 092 093 1
P 0.89  0.99 1 1 088 099 1 1 088 099 1 1
LR 091 0.99 1 1 091 099 1 1 091 099 1 1
30%
N 08 095 0.90 1 086 095 090 1 086 095 090 1
P 0.86 0.96 0.99 1 086 096 1 1 08 096 1 1
LR 090 097 0.96 1 09 097 097 1 09 098 097 1

« Simulation results for three methods of extra risk estimation (N, nonparametric bootstrap; P, parametric
bootstrap; LR, likelihood-ratio based) are presented for four background tumor rates (1, 5, 10, 30),
four levels of curvature in dose-response (L, I1, 12, C), and three doses (0.1, 0.01, 0.001). All estimates

are based upon fitting a so-called three-stage model.

Table V. Estimated Coverage Probabilities for 95% Upper-Confidence Level Extra Risk Estimates*

L n 12 C
1s 2s 3s 1s 2s 3s 1s 2s 3s 1s 2s 3s
1%
N 08 076 076 098 085 084 099 089 086 099 099 095
P 090 084 082 099 098 097 1 1 099 1 1 1
LR 093 09 089 099 099 099 1 1 1 1 1 1
5%
N 093 085 084 099 090 091 1 093 091 1 1 099
P 094 091 090 1 1 1 1 1 1 1 1 1
LR 094 093 091 099 099 099 1 1 1 1 1 1
10%
N 095 086 085 1 092 092 1 093 093 1 1 1
P 095 090 0.88 1 099 099 1 1 1 1 1 1
LR 095 092 091 1 100 099 1 1 1 1 1 1
30%
N 096 0.86 0.86 1 092 095 1 084 090 1 1 1
P 096 0.86 086 1 100 096 1 1 1 1 1 1
LR 095 090 090 1 094 097 1 097 097 1 1 1

* Simulation results for three methods of extra risk estimation (N, nonparametric bootstrap; P, parametric
bootstrap; LR, likelihood-ratio based) are presented for four background tumor rates (1, 5, 10, 30),
three levels of curvature in dose-response (L, 11, 12, C), and three quantal models (1s, 2s, 3s). All
estimates are based upon estimating extra risk at dose=0.01.
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Table VI. Estimated Relative Bias (SE) Associated with 95% Upper-Confidence Level Extra Risk Estimates

[Relative Bias = Mean of @LER)]
ER
0.1 0.01 0.001
L n 12 C L 11 12 C L 11 12 C
1%
N 0.52 1.40 2.71 76.9 0.51 1.51 3.06 7,618 0.51 152 3.10 7.6e+5
0.72) (127) (2.29) (603) (0.7 (1.36) (2.62) 6,199) (0.74) (137) (2.65) (6.2e+5)
P 0.57 1.62 3.39 104 0.57 1.75 3.86 10,494 0.57 1.77 3.90 1.0e+6
(0.60) (0.98) (1.75) (44) (0.61) (1.04) (1.96) (4,460 (0.61) (1.05) (1.98) (4.5e+5)
LR 0.81 2.03 4.05 120 0.81 2.20 4.62 12,146 0.82 221 4.68 1.2¢+6
(0.67) (1.13) (2.00) (2) (067 (1.20) (229 (5,271) (0.60) (1.200 (2.27) (5.3e+5)
5%
N 0.73 1.83 3.98 120 0.74 1.97 4.52 12,061 0.74 1.99 457 1.2¢+6
0.70) (1.33) (247) 67 (0.70) (1.43) (2.82) 6,872) (0.71) (1.44) (2.85) (6.9¢+5)
P 0.75 2.07 4.55 146 0.75 223 5.18 14,745 0.75 225 5.24 1.5¢+6
(0.56) (0.96) (1.70) 42) (057 (1.02) (1.91) 4,264y (0.57) (1.03) (1.93) (4.3e+5)
LR 0.89 2.23 4.80 147 0.90 2.42 5.48 14,894 0.90 2.44 5.55 1.5¢+6
0.63) (1.16) (2.12) (56) (0.64) (1.24) (2.39) (5,653) (0.64) (1.24) (242) (5.7e+5)
10%
N 048 1.36 297 85.7 0.48 1.49 3.42 8,636 0.49 1.50 3.46 8.6e+5
047) (090) (1.76) (50) (048) (0.97) (2.03) (5219) (048) (0.98) (2.06) (5.2¢+5)
P 0.46 1.48 3.41 109 0.46 1.62 3.93 11,099 0.46 1.64 3.98 1.1e+6
0.39) (0.66) (1.17) 27 (040 (0.71) (@1.33) (2,784) (041) (0.71) (1.35) (2.8e+5)
LR 0.57 1.62 3.55 105 0.58 1.78 4.10 10,742 0.58 1.88 4.16 1.1e+6
(0.43) (0.78) (1.51) 41) (044 (084) (1.72) (4,445) (044) (0.85) (1.74) (4.3e+5)
30%
N 0.20 0.64 1.10 25.5 0.22 0.76 1.36 2,525 0.23 0.78 1.39 2.5¢+5
(0.19) (0.38) (0.79) (17.8) (0.21) (0.45) (0.98) (1,976) (0.22) (0.46) (1.00) (2.0e+5)
P 0.18 0.63 1.18 34.6 0.20 0.76 1.46 3,550 0.21 0.77 1.49 3.6e+5
(0.18) (0.36) (0.67) (10.7) (0.20) (0.43) (0.82) (1,163) (0.21) (0.43) (0.84) (1.2e+5)
LR 0.23 0.72 1.28 323 0.26 0.87 1.62 3,380 0.26 0.89 1.65 3.4e+5
(0.18) (0.37) (0.73) (14.8) (0.20) (0.44) (0.89) (1,602) (0.21) (045) (0.91) (1.6e+5)

* Simulation results for three methods of extra risk estimation (N, nonparametric bootstrap; P, parametric bootstrap; LR, likelihood-
ratio based) are presented for four background tumor rates (1, 5, 10, 30), four levels of curvature in dose—response (L, I1, 12, C),
and three doses (0.1, 0.01, 0.001). All estimates are based upon fitting a so-called three-stage model.
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