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ABSTRACT

In this thesis, dose-response modeling and procedures for benchmark dose (BMD) analysis in
health risk assessment of chemical substances have been investigated.

The BMD method has been proposed as an alternative to the NOAEL (no-observed-
adverse-eftect-level) approach in health risk assessment of non-genotoxic agents. According to
the BMD concept, a dose-response model is fitted to data and the BMD is defined as the dose
causing a predetermined change in response. A lower statistical confidence limit on the BMD
(the BMDL) has been suggested as the point of departure in the determination of guidance
values such as acceptable daily intakes (ADIs). The fact that the BMD corresponds to an
explicit response level has been argued as a major advantage since this introduces consistency
and suggests that the point of departure for risk assessment will be based on more information.
However, this feature also represents one of the challenges associated with the BMD approach,
i.e. which level of response should the BMD correspond to? This and related questions have
been addressed in the present thesis.

Given the original definition of the BMD as the dose causing a 1 — 10% increase in the
risk for adverse heath effects compared to background, this study has analyzed the impact of
model choice in BMD calculations. In the case of quantal data, it is suggested that the BMD is
defined as corresponding to risk levels in the range of 5 - 10%.

The introduction of the BMD method for continuous endpoints has merited more
discussion, and the present thesis has mainly focused on these issues. A probability based
procedure suggested for continuous data has been analyzed in detail. By the definition of a cut-
off value denoting “adverse” response, this approach allows the BMD to be interpreted as
corresponding to some risk level, similar to the case for quantal data. While this may be of
interest, it was shown that the choice of determination of the cut-off point is of high importance
and dictates how the BMD depends on the variance.

In the present thesis, the BMD approach was introduced for neurobehavioral endpoints
using 2,2°,4,4°,5-pentabromodiphenyl ether (PBDE99) as a model substance. According to
proposed methods of BMD analysis for continuous data, a BMDL of about 0.5 mg/kg bw was
obtained for PBDE99. In another application, statistical differences in sensitivity between
dioxin sensitive Long-Evans (L-E) and dioxin resistant Han/Wistar (H/W) rats following long-
term exposure to 2,3,7,8-tetrachlorodibenzo-p-dioxin were demonstrated for the first time.
Differences between L-E and H/W rats were most pronounced for volume fraction of hepatic
foci; L-E rats were approximately 80 times more sensitive than H/W rats. Considering data on
body and organ weights, L-E rats were 10-20 times more sensitive than H/W rats. For retinoid
parameters, and hepatic CYP1A1 induction, differences between the strains were generally
about 5-fold, and associated with a low uncertainty.

Besides analysis and application of suggested procedures for BMD analysis of
continuous endpoints, developments have also been proposed. For dose-response relationships
that are S-shaped, the BMD may be defined as the dose where the slope of the curve changes
the most in the low dose region. It is discussed whether this definition may provide a biological
basis for selection of the response associated with the BMD. Considering a conservative
scenario, it was shown that the dose where the slope changes the most corresponds to a
response in the range of 5 - 10%, if defined as a percentage change in response relative to the
magnitude of response. This definition of the BMD may be considered for continuous data in
future applications.
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1 BACKGROUND

1.1 GENERAL INTRODUCTION

According to the World Health Organization (WHO), the process of health risk
assessment of chemicals is divided into four steps (WHO, 1999):

- Hazard identification
- Dose-response assessment
- Exposure assessment
- Risk characterization

Hazard identification is the identification of the inherent capability of a substance to
cause adverse health effects. Chemical hazards are usually identified from in vivo
experiments in laboratory animals. Important information may also be derived from in
vitro studies, particularly with respect to genotoxic and mutagenic effects. In some
cases, chemical hazards have initially been recognized in human epidemiological
studies.

Dose-response assessment involves characterizing the relationship between the dose of
a chemical agent and the biological effects that are produced. This analysis is usually
performed in controlled animal experiments; groups of animals are exposed to specified
doses of the chemical and the response to treatment is investigated. While it may be of
interest to use human epidemiological data as a basis for the dose-response analysis,
this is generally more problematic since exposure information in these types of studies
often is limited. The final aim of the dose-response assessment is to determine a dose
level of the chemical substance that may be used as a starting point, i.e. a point of
departure (POD), in the establishment of acceptable exposure levels for the human
population, including sensitive subgroups (e.g. children). It is the process of dose-
response assessment that has been the focus of the present thesis.

Exposure assessment involves estimating the degree to which the human population is
exposed to a hazardous agent. This can be performed qualitatively (e.g. from
questionnaires) and/or quantitatively. In the latter case, a distribution describing the
exposure in a given population can be estimated from collected data. Such an approach
focuses not only on the average exposure/intake but also on the variability in the
exposure that is apparent in a population.

Finally, risk characterization is defined as the integration and joint evaluation of hazard
identification, dose-response assessment, and exposure assessment. For example, by
comparing the exposure situation with outputs from the dose-response analysis (i.e. the
POD) information of the margin of safety can be obtained. It may thus be concluded
whether a population, or a certain subgroup, potentially is at risk. Another purpose of
the risk characterization is to identify exposure levels, like acceptable daily intakes
(ADIs), which are considered to be safe for the human population.



1.1.1 Non-genotoxic effects; threshold assumption

For the majority of toxicological effects, excluding genotoxic effects, it is assumed that
there exists an exposure threshold below which there are no biologically significant
outcomes. It has been argued that in order to produce a toxicologically relevant
response, a high enough concentration of the chemical is required to exceed the
homeostatic and cytoprotective processes (Dybing et al., 2002). However, it is
problematic to experimentally prove the presence or absence of such a threshold; an
experiment may include doses without a measurable (statistically significant) biological
effect whether or not the dose-response relationship has a threshold (Edler et al., 2002).
Also, from a practical point of view it can be difficult to perform studies involving very
low exposure levels.

In the scope of the threshold assumption, the traditional approach in health risk
assessment of non-genotoxic agents involves establishment of a no-observed-adverse
effect-level (NOAEL). The NOAEL is usually derived from animal data, and is defined
as the highest experimental dose level for which the response is not significantly
different compared to the response in the control group. In Figure 1, the NOAEL and
the LOAEL (lowest-observed-adverse-effect-level) are illustrated for malformation
dose-response data observed in mice fetuses following maternal exposure to 2,3,7,8-
tetrachlorodibenzo-p-dioxin (TCDD). The NOAEL is traditionally used as a POD in
the determination of guidance values like ADIs.
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Figure 1. Incidence of cleft palate observed in mice fetuses following maternal exposure to
2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) (data from Birnbaum et al., 1989). The no-
observed-adverse-effect level (NOAEL) and the lowest-observed-adverse-effect level
(LOAEL) are 6 and 12 ug/kg bw, respectively.



The standard procedure for establishment of guidance values such as ADIs is to apply
uncertainty factors to the NOAEL. For experimental data, an uncertainty factor is used
for animal to man extrapolation. Generally, a factor is also used to account for
differences in sensitivity in the human population. These two factors are each by
tradition assigned a value of 10 (WHO, 1999). Thus, to obtain a guidance value the
NOAEL is by default divided by a factor 100 (10 x 10). Additional uncertainty factors
may also be used depending on characteristics of the study for which the NOAEL was
derived, for example taking into account the duration and route of exposure.

1.1.2 Genotoxic carcinogens; non-threshold assumption

For genotoxic carcinogens it is considered that even very low levels of exposure may
increase the risk for adverse outcomes, i.e. there exits no exposure threshold below
which the risk for adverse effects is zero. This assumption is based on the idea that a
single molecule of genotoxicant may be sufficient to cause a DNA damage that
eventually may result in the development of a tumor (USEPA, 1995). Because of this,
for genotoxic carcinogens, cancer risk is traditionally assumed to be proportional to
dose at low doses. While such an assumption is difficult to prove, there are examples
where it has been supported experimentally. For instance, in a study by Peto et al.,
(1991) involving a large number of rats exposed to nitrosamine (N-nitrosodiethylamine
and N-nitrosodimethylamine) a linear relationship was observed between dose and the
incidence of liver neoplasms, at doses below 1 ppm (volume in drinking water).

Several dose-response models have been proposed for low dose extrapolation in risk
assessment of genotoxic carcinogens (Krewski and Van Ryzin, 1981; Edler and Kopp-
Schneider, 1998). However, the policy-based risk levels considered acceptable for the
human population are orders of magnitudes lower than those observed experimentally,
i.e. risk levels in the range of 10™ to 10 are usually discussed (Edler et al., 2002).
Since different models can provide very different results in the low dose region
(Krewski and Van Ryzin, 1981) it has been considered to be controversial to explicitly
rely on any of the models available. Procedures of linear extrapolation from the region
of observable response have instead been suggested. The current guidelines for
carcinogen risk assessment, by the United States Environmental Protection Agency
(USEPA), do not show any preference for a certain model, rather it is suggested that a
number of dose-response models can be considered for estimation of the lower bound
of a dose corresponding to risk levels of 1, 5, and 10%. Any of theses values may then
be considered as a POD, typically subject to linear extrapolation (USEPA, 2005a).



1.2 THE BENCHMARK DOSE METHOD

The use of a NOAEL in setting standards for human exposure to non-genotoxic agents
has been criticized (Crump, 1984; Kimmel and Gaylor, 1988; Leisenring and Ryan,
1992; Allen et al., 1994a; Barnes et al., 1995; USEPA, 1995). Shortcomings associated
with this procedure for health risk assessment include the following;

- The NOAEL is limited to the doses tested experimentally.

- The shape of the dose-response relationship is not considered in the
determination of the NOAEL.

- Experiments involving fewer animals tend to produce larger NOAELs. The
reverse would seem more appropriate, arguing that larger experiments should
provide greater evidence of safety. The rationale for this conclusion is that when
a large number of animals are used it is more likely that a statistical difference
between two groups may be detected.

- Use of a NOAEL does not provide an estimate of the potential risk, or effect,
associated with the exposure of interest.

Due to the limitations identified with the NOAEL concept, the benchmark dose (BMD)
method has been suggested as an alternative approach to be used in health risk
assessment. The present thesis concentrates on investigating the BMD concept, which
was introduced by Crump (1984) and involves fitting a mathematical model to dose-
response data. The BMD is defined as the dose causing a predetermined change in
response. The lower 95% confidence limit on the BMD, i.e. the BMDL, has been
proposed to replace the NOAEL as a POD for determination of guidance values, i.e.
uncertainty factors are applied to the BMDL instead of to the NOAEL. The BMD
method is illustrated in Figure 2, using malformation data observed in mice fetuses
following maternal exposure to TCDD as an example. A number of advantages of the
BMD methodology compared to the traditional NOAEL procedure have been identified
(Crump, 1984; Kimmel and Gaylor, 1988; Leisenring and Ryan, 1992; Allen et al.,
1994a; Barnes et al., 1995; USEPA, 1995; Edler et al., 2002):

- In contrast to the NOAEL approach, the BMD method takes into account the
shape of the dose-response relationship to a greater extent, and is not limited to
being one of the experimental dose levels.

- The use of a lower confidence bound (BMDL) appropriately reflects the sample
size of a study, i.e. larger studies tend to result in shorter confidence intervals and
thus lower uncertainty.

- A BMD, and BMDL, can be calculated even on occasions when a NOAEL
cannot be determined.

- The BMD, and BMDL, corresponds to an explicit response level which
introduces consistency and suggests that the POD for human health risk
assessment will be based on more information relative to the NOAEL.



This last statement has been presented a major advantage, but it also represents one of
the challenges associated with the benchmark methodology, i.e. which level of
response, or risk, should the BMD correspond to?

Even though some early attempts were made to generalize the BMD concept (Crump,
1984; Gaylor and Slikker, 1990), initial discussions mostly concerned its application to
quantal data (incidence data) with focus towards developmental toxicity (Faustman et
al., 1994; Allen et al., 1994a and 1994b; Kavlock et al., 1995). The BMD with lower
bound, BMDL, was originally presented as the dose causing an excess risk of 1 — 10%
(Crump, 1984; Kimmel and Gaylor, 1988). Using a number of illustrative examples,
Crump (1984) argued that according to this definition the BMDL will not strongly
depend upon the model selected since the procedure does not involve extrapolation far
below the experimental range. Apparently, the current EPA guidelines for
determination of the POD in carcinogen risk assessment is similar to the original
definition of the BMD(L) (USEPA, 2005a).
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Figure 2. The BMD, and its lower bound (BMDL), defined as corresponding to an excess risk
of 5%. The dose-response relationship is described by the log-logistic model. Incidence data on
cleft palate observed mice fetuses following maternal exposure to 2,3,7,8-tetrachlorodibenzo-p-
dioxin (TCDD) is used as basis (data from Birnbaum et al., 1989). The no-observed-adverse-
effect level (NOAEL) and the lowest-observed-adverse-effect level (LOAEL) are 6 and 12
ug/kg bw, respectively.



While the BMD concept was readily introduced for quantal data its application to
continuous dose-response information has warranted more discussion (Barnes et al.,
1995; Kavlock et al., 1995; Gaylor et al., 1998; Crump, 2002; Slob, 2002; Falk
Filipsson et al., 2003; Gaylor and Aylward, 2004; Papers Il, 111, 1V, and V). In
contrast to quantal data where experimental subjects are categorized as responders or
non-responders, for continuous data the severity of response is observed in the
individual subject. Typical continuous responses constitute changes in organ weights,
and enzyme activities. In the scope of originally defining the BMD as the dose
corresponding to some level of risk for adverse health effects (for incidence data),
implementation of risk, or probability, based procedures have also been discussed for
continuous dose-response information (Gaylor and Slikker, 1990; Kodell and West,
1993; Crump, 1995). In addition, alternatives to such formulations have been presented
(Crump, 1984; Murrell et al., 1998; Slob and Pieters, 1998). Quantal data was initially
considered in this thesis, but modeling of continuous dose-response data has been the
major focus. In the following sections the different models and procedures suggested
for BMD calculations will be discussed more in detail.

1.2.1 Quantal dose-response information

1.2.1.1 Dose-response models

For quantal data, a number of dose-response models have been suggested in health risk
assessment of chemicals. These models are summarized in Table 1. Some of the
models are standard probability distribution functions, i.e. the logistic, the log-logistic,
the probit, the log-probit, and the Weibull models, which are based on the notion that
each animal in the population has its own tolerance to the chemical (Krewski and Van
Ryzin, 1981). The multi-stage model and the gamma model are considered to be
stochastic models that are based on the notion that a positive response in an animal is
the result of the random occurrence of one or more biological events (Krewski and Van
Ryzin, 1981; Casarett and Doull, 1996). In general, selection of the model to be used
for BMD calculation has been suggested to be based on goodness-of-fit (ability to
describe the data) (USEPA, 1995). In the present thesis, the models in Table 1 have
been compared and procedures for model selection have been studied (Paper I).

While the models in Table 1 may be used for general quantal response data, they are
not designed to handle the special features of data from developmental toxicity testing.
In developmental toxicity testing, information regarding the presence or absence of
response (for example, a certain type of malformation) in offspring after maternal
exposure to a toxic agent is recorded. For such data intra-litter correlations occurs,
meaning that the offspring from one litter respond more similarly than the offspring
from another litter of a female in the same treatment group (Rai and Van Ryzin, 1985).
This correlation problem has prompted development of methods and models
specifically designed for developmental toxicity data (Rai and Van Ryzin, 1985;
Kupper et al., 1986; Kodell et al., 1991). In addition to methods for modeling of single



endpoints, extensions of how different developmental endpoints may be analyzed
simultaneously have been presented (Krewski and Zhu, 1994 and 1995).

Table 1. Dose-response models for quantal data.

logistic model: Weibull model:
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Note: In the models, d represents the dose; y is a parameter that describes the background (y,
does not exist in the logistic and the probit models); o and S are additional parameters; and n is
the polynomial degree in the multi-stage model.

? In the model, e 2 is the standard normal density function.
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1.2.1.2 Methods and applications of BMD analysis

As previously stated, the BMD, with lower bound (BMDL), was originally defined as
the dose causing a 1 — 10% increase in the risk for adverse health effects compared to
background (Crump, 1984). In this context, two slightly different definitions of the
benchmark response level (BMR) associated with the BMD have been presented. The
BMR may be expressed in terms of “additional” or “extra” risk:

BMR =p(BMD)- p(0), additional risk, (1)
amRr ~P(BMD)=p(0) ik )
1-p(0)



where p(BMD) is the probability of response at the BMD, and where p(0) is the
background probability of response. Apparently, the two definitions coincide when the
background equals zero.

Much of the initial discussion of the BMD approach focused on its applicability for
developmental toxicity data. In depth investigations of this issue have been presented in
a series of articles (Faustman et al., 1994; Allen et al., 1994a and 1994b; Kavlock et al.,
1995). In these studies the BMD method was evaluated and compared to the NOAEL
approach using a data base containing 246 developmental toxicity experiments
representing 1825 endpoints relating to dead implants or malformed fetuses (Faustman
et al., 1994). Analysis of the data was performed using both quantal and continuous
response definitions. According to initial investigations, a quantal response variable
was established using a litter-based approach, i.e. a litter was considered to be affected
(or “responding”) if one or more fetuses had the endpoint of interest (Faustman et al.,
1994; Allen et al., 1994a). This response was analyzed using the Weibull model.
BMDLs (the lower 95% confidence bound of the BMD) corresponding to additional
risks of 1, 5, and 10% were all found to be lower, on average, than the NOAELSs, and
the BMDLs associated with the 10% risk level most resembled the NOAELSs. Models
specifically designed for developmental toxicity testing were later applied. Using these
models, BMDLs corresponding to an additional risk of 5% most resembled the
NOAELSs (Allen et al., 1994b).

The observations that a BMDL corresponding to an additional risk of 5 - 10%, on
average, seems to be closest to the NOAEL for quantal data (Allen et al., 1994a and
1994b) have later been used as a basis for the BMR selection. This is exemplified in
Allen et al., (1996) where BMDs were calculated for boric acid based on
developmental toxicity observed in rats. Additionally, the same rationale was applied
by Allen et al., (1998) in BMD calculations for developmental toxicity observed in rats
after exposure to isopropanol. Recently, an inhalation reference concentration was
proposed for methanol based on developmental data (Starr and Festa, 2003). In these
calculations, the BMDL (the POD in their assessment) was defined as the 95% lower
confidence limit of the dose causing an extra risk of 10%. The extra risk definition was
used, rather than additional risk, due to a high background incidence, and a 10% level
was used with the argument that a 5% change was below the observable response
range.

It has been pointed out that the recommendation of a 5% risk level for quantal data,
which has been based on resemblance to the NOAEL, may not constitute a scientific
rationale for BMR selection, but rather reflect the level of risk that has been associated
with applications of the NOAEL approach in the past (Allen et al., 1994a; Barton and
Das, 1996; Setzer and Kimmel, 2003). Also, while detailed comparison between
BMDLs and NOAELSs has been conducted for developmental toxicity, such analysis is
fairly limited with respect to other toxicity endpoints (Barton and Das, 1996; Haber et
al., 1998). Haag-Gronlund et al., (1995) performed investigations of effects on liver,
kidney, the central nervous system, and tumors using trichloroethylene as a model
substance. They concluded that the risk at the NOAEL, for a considerable amount of all



NOAELS, could be 10% or higher. Using the same database similar findings has later
been presented (Falk Filipsson and Victorin, 2003). Moreover, Fowles et al., (1999)
compared BMDLs and NOAELs for 120 acute inhalation lethality data sets. In
accordance with previous investigations for developmental toxicity (Allen et al.,
1994a), BMDLs corresponding to additional risks between 1 — 10% were, on average,
lower that the NOAELs (and BMDL;y, was, on average, closest to the NOAEL).
However, for the acute inhalation data the differences between BMDLs and NOAELs
were smaller.

An important aspect of the BMD approach is whether current experimental study
designs, typically including a control and three treatment groups, are appropriate for
BMD/BMDL estimation. Considering quantal data and developmental toxicity, the
influence of study design has been analyzed by Kavlock et al., (1996), and focused on
the accuracy and precision of a BMD corresponding to a likely target additional risk of
5%. The general conclusion was that the standard designs are adequate for benchmark
calculations but may be improved by minor modifications. More recently, this issue
was investigated by Krewski et al., (2002), also focusing on developmental toxicity and
an excess risk of 5%. It was concluded that designs consisting of three dose groups, i.e.
an untreated control and two treated groups, were close to optimal. However,
suboptimal designs including more dose groups are often preferable since construction
of the near-optimal design requires a priori knowledge of the underlying dose-response
curve (Krewski et al., 2002).

1.2.2 Continuous dose-response information

1.2.2.1 Dose-response models

For continuous data, a large number of models may be used to describe the relationship
between the dose of chemical and the mean response, 4(d ). Dose-response models for
continuous data that have been encountered in literature relating to the BMD method
are presented in Table 2. The polynomial model and the power model have typically
been used in previous applications of modeling continuous endpoints (Crump, 1984;
Allen et al., 1994a, 1996, and 1998; Kavlock et al., 1995; Barton and Das, 1996; Haber
etal., 1998; Gephart et al., 2001; Crump, 1995; Crump, 2002).

Table 2 also includes the Hill function, which is probably the most commonly used
dose-response model in pharmacology, and it has also received attention in more recent
applications relating to risk assessment of chemicals and BMD analysis (Barton et al.,
1998; Murrell et al., 1998; Zhou et al., 2001 and 2002; Kim et al., 2002; Gaylor and
Aylward, 2004; Toyoshiba et al., 2004; USEPA, 2005b; Papers Ill, 1V, and V). A
generalized form of this model known as the Richards function (Richards, 1959) is also
given in Table 2. In addition, an exponential model was considered in this thesis (Table
2). This latter class of models has also been discussed and applied by Slob (2002), and
a similar exponential model has been presented by Kalliomaa et al., (1998).



Table 2. Statistical models for continuous data.

Dose-response models Variance models

polynomial model:
p(d)=a+pd" +4,d> +...+Bd"

constant model:

power model: 5
d)=c
puld)=a+pd" o)
Hill function:
n
ﬂ(d ) =a+t 9—’(,, +d” power function of the mean:

o*(d)=Alu(@)f

Richards function:

(@) i
—q+6 ———
H k" +d”
dose dependent exponential model:

exponential model: o2 (d ) — pA+pin(d+)

wd)=a+0 l—e_[’d(:j

Note: In the models, d represents the dose; and « is a parameter that describes the background
response. The degree of the polynomial model is denoted by n. In the Hill function, the
Richards function, and the exponential model, @ is a parameter that describes the magnitude, or
size, of response; x is the location parameter (which equals the EDs in the Hill model); and 7
is a parameter that describes the shape of the dos-response curve. The Hill function is a special
case of the Richards function, for v = 1, and is symmetrical on the log-dose scale. In the
Richards function, for v # 1 the dose-response curve will have asymmetrical properties. Note
that parameters x and 7 do not have identical interpretation across the different models. This

is also the case for parameters 4 and p that define the non-constant variance models.

In contrast to the polynomial and power models, the Hill model, the Richards function,
and the exponential model can produce S-shaped dose-response relationships, i.e.
curves that level off to some maximum or minimum response level. The Hill function,
which is illustrated in Figure 3, is the model most frequently considered in this thesis.
Each of the parameters defining this function can easily be interpreted; « describes the
background response; @ describes the magnitude, or size, of response (the difference
between the maximum and minimum response level); x is the location parameter,
which equals the EDsp; and 7 describes the shape of the dose-response curve (7 is
usually called the Hill coefficient). A similar interpretation can be used for the
parameters in the exponential model, except that the location parameter, x, does not
equal the EDs.
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response

response

log dose

Figure 3. An illustration of the Hill function where the background, «, equals 10 for all cases.
The magnitude of response, €, equals 50 for curves 1 and 2, and it equals 30 for curve 3. The
location parameter, x, equals 10 for curves 1 and 2, and it equals 20 for curve 3. The Hill
coefficient, 77 , equals 1 for curve 1, while it equals 4 for curves 2 and 3. The Hill function has
symmetrical properties on the log-dose scale.

For a value of the Hill coefficient, 7, equal to 1, the Hill function coincides with the
Michaelis-Menten equation suggested to describe enzyme action (Cornish-Bowden,
1995). As shown in Figure 3, for » = 1 the Hill model cannot produce S-shaped curves
on normal dose scale; it has initially the highest slope and successively levels off to
some limiting response value as the dose increases. However, considering the log-dose
scale the Hill model has always symmetrical properties (Figure 3). Asymmetrical
characteristics of the dose-response relationship may be analyzed using the Richards
function. In this model, for values of the v parameter higher or lower than 1 the dose-
response curve will have an asymmetrical structure (on the log-dose scale).
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For continuous data, in addition to selecting a model describing the relationship
between the dose and the mean response, a model for the variance may also be
specified. A number of variance models are given in Table 2. For simplicity it is
convenient to assume that the variance is constant over dose. However, for biological
data this assumption is frequently not appropriate; the variance typically increases as
the mean response increases, and vise versa. Due to such observations, a model for the
variance may be specified as a power function of the mean response (USEPA, 2005b).
Of course other alternatives can be used for modeling the variance. In the present
thesis, a dose dependent exponential model was also considered (Table 2).

1.2.2.2 Methods and applications of BMD analysis

A number of different procedures have been presented for how to calculate the BMD
for continuous endpoints. The present thesis aims as an important part to analyze these
procedures, which are herein are divided in two different categories depending on the
resulting interpretation of the BMD:

Non-probability based interpretation of the BMD: Procedures where the BMD is
defined as corresponding to a change in response relative to the mean (i.e. defined as a
function of the mean response model), or the case where the BMD is defined as
corresponding to a change in response relative to the standard deviation in the control

group.

Probability based interpretation of the BMD: Procedures where the BMD is defined as
corresponding to a change in the probability of “adverse” response, in resemblance to
the case for quantal data.

1.2.2.2.1 Non-probability based interpretation of the BMD

The BMD for continuous data was in the early stages suggested as the dose causing a
percentage change in response relative to the background value (Crump, 1984). This
expression for a “‘continuous benchmark response”, cBMR, is given below:

|14(0)- 1/(BMD)
#(0)

where ,u(O) is the background mean response, and where ,u(BMD) is the response at the

cBMR =

; €)

BMD. In the present thesis, cBMR is used as a general term for response definitions
relating to non-probability based procedures for continuous data. The definition of
response according to equation (3) was later discussed more thoroughly and has been
termed the critical effect size (CES) (Slob and Pieters, 1998). The value of the CES is
intended to reflect some level of change in a given endpoint that is considered
acceptable on the level of the individual organism (Slob, 2002). Thus, the CES should
ideally be endpoint-specific. However, currently it seems not possible to reach
consensus regarding critical effect sizes for common toxicological effect parameters
(Dekkers et al., 2001).
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As another alternative, the BMD has been defined as corresponding to a change in
response relative to the standard deviation in the control group, 0(0) (Crump, 1984;
Crump, 1995; Kavlock et al., 1995):

|ﬂ(0)—a!(té§3MD)| | @

This definition may also be classified in the other category of procedures suggested for

cBMR =

continuous data, i.e. resulting in a probability based interpretation of the BMD (Crump,
1995). Investigations of the BMD approach for developmental toxicity has also focused
on the case with continuous dose-response data (Allen et al., 1994a; Kavlock et al.,
1995). In these studies, a continuous response variable was defined as the proportion of
affected fetuses in each litter (Allen et al., 1994a). This response was analyzed using a
cBMR defined according to equation (3). A BMDL corresponding to a cBMR of 5%
was, on average, closest to the NOAEL. Both definitions of the cBMR discussed so far,
1.e. equations (3) and (4), were later applied for BMD analysis of fetal weight changes
(Kavlock et al., 1995). In agreement with previous observations, BMDLs
corresponding to a cBMR of 5%, according to definition (3), most resembled the
NOAELSs. Considering definition (4) the same was the case for a cBMR of 0.5.

As was the case for quantal data, these observations have been used as a rationale for
specifying values of the cBMR in other studies (Allen et al., 1996 and 1998). The
BMD suggested for boric acid in Allen et al., (1996) was for example based on a 5%
change in response relative to background. Gephart et al., (2001) specified the BMD as
the dose causing a 10% change in the mean response. This was performed using the
somewhat weak assumption that a cBMR of 10% would correspond to an additional
risk of 10%, i.e. it was assumed that risk was directly proportional to the percentage
change in the continuous variable. In the present thesis, the definition of the BMD as
the dose causing a 5 and 10% change in response relative to background has also been
used in an application to developmental neurotoxicity, i.e. data on spontaneous
behavior using 2,2°,4,4°,5-pentabromodiphenyl ether (PBDE99) as a model substance
(Paper I11).

Besides the definitions discussed above, the BMD has also been presented as the dose
causing a change in response relative to the magnitude, or size, of response (the
difference between the maximum and the minimum response level) (Murrell et al.,
1998):

40)- u(BND)
Magnitude

CBMR = (5)

This way of expressing response is quite commonly adopted in dose-response analysis
when models that include a parameter describing the magnitude of response are used
(Table 2). Murrell et al., (1998) suggested the use of this definition since it may provide
means of standardization for continuous data, and pointed out that this way of defining
response is similar to the extra risk definition, i.e. equation (2). Murrell et al., (1998)
argued that continuous responses may differ in terms of their magnitude of response,
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which is accounted for in definition (5). Thus, a certain response change relative to this
magnitude may be applicable across different continuous endpoints, in contrast to the
case for the CES which is suggested to be endpoint specific. The expression of
response according to equation (5) has for example been employed when calculating
BMDs for TCDD based on biochemical responses (Kim et al., 2002), and it has also
been considered in the present thesis (Papers 1V and V).

The issue of study design in BMD calculations has to some extent been discussed for
continuous endpoints. Considering the case of defining the BMD as corresponding to a
CES of 5%, Slob et al., (2005) recently concluded that the performance of a design is
first of all determined by the total number of animals used, and distributing them over
more dose groups does not result in a poorer performance of the study. Dose placement
also turned out to be a crucial factor, and to minimize the risk for inadequate dose
placement the use of multiple dose studies is favorable (Slob et al., 2005). Similar
findings have also been observed at our department for the case of defining the BMD as
corresponding to a 5% change in response relative to the magnitude of response (Kuljus
et al., manuscript in preparation).

1.2.2.2.2 Probability based interpretation of the BMD

The other category of procedures for defining the BMD for continuous endpoints
focuses on making statements in terms of probability (or risk), in similarity to the case
for quantal data, thereby generalizing the BMD approach. A probability based
interpretation of the BMD for continuous data can be obtained by the application of a
cut-off value denoting an “adverse” response. A cut-off point may represent some
theoretical response level that is considered to be associated with “adverse” health
effects. By categorizing experimental observations according to a cut-off, the
continuous response variable becomes dichotomized. The transformed data can then be
analyzed using the common quantal dose-response models (Table 1). This type of
methodology has however been criticized due to the fact that information is lost in the
process of data transformation (Allen et al., 1994a; Gaylor, 1996; West and Kodell,
1999; Crump, 2002).

An alternative approach was presented by Gaylor and Slikker (1990), which is
illustrated in Figure 4. Importantly, this procedure involves estimating the distribution
of the data. As is shown in Figure 4, a probability model can be established that
describes the proportion of the distribution that is below (or above) a cut-off point as a
function of dose. For normally distributed data, with constant variance over dose, the
equation for the probability model, p(di ), equals

p(d;)= ¢[l(d)} : (6)
o
for a response that decreases with increasing dose of chemical, where ¢ is the
cumulative standard normal distribution function; C is the cut-off value; y(di) is the
mean response at dose d,; and where o is the standard deviation. The BMD can be
expressed as the dose where the probability of falling below the cut-off level has
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increased by some value compared to background, according to the additional or extra
risk definition.

The procedure of calculating the BMD outlined above is sometimes referred to as the
“hybrid approach” (Crump, 2002); a terminology that will be adopted in the present
thesis. The fact that this approach does not involve data transformation has been put
forward as a major advantage, i.e. theoretical simulation studies have shown that a
higher precision is obtained in the BMD using the hybrid approach compared to
procedures involving dichotomization of continuous response variables (West and
Kodell, 1999; Crump, 2002).
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Figure 4. An illustration of the hybrid approach considering a hypothetical continuous response
variable. The mean response as a function of dose is described by the power model (o = 12,
p=-04, n = 1.4). The distribution of the data is assumed to be normal with standard
deviation o = 1.0. A cut-off value denoting “adverse response” is defined as corresponding to
the 5™ percentile of the control distribution, p(0) = 0.05, which equals a continuous response of
10.36. The probability model, p(d), describes the proportion of the distribution that is below the
cut-off as a function of dose, i.e. equation (6). The BMD may be defined as corresponding to a
1 — 10% increase in the probability of falling below the cut-off according to the additional or
extra risk definition, i.e. equation (1) or (2).
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A critical aspect of decision making in the hybrid procedure is the determination of the
cut-off value, . Generally, determination of a cut-off point is performed in a statistical
sense. For example, adverse or extreme observations may be defined as responses 2 - 3
standard deviations from the control mean. Similarly, the cut-off can be defined as
corresponding to an extreme tail proportion of the estimated control distribution, i.e.
corresponding to a certain percentile. Thus, the cut-off, C, in equation (6) may be solved
as corresponding to some specified value of p(0). Apparently, this procedure of
specifying the cut-off fixes the background probability of “adverse response” as equal
to the cut-off formulation. Considering experimental data, the cut-off level has been
suggested to correspond to a p(0) in range of 0.01 — 0.05 (Crump, 1995; Kodell et al.,
1995). For epidemiological studies, p(0) = 0.05 has been suggested with the argument
that it corresponds to the definition of the normal range for clinical data (Crump et al.,
1998 and 2000).

Methodological aspects of the hybrid approach have been investigated (Kodell and
West, 1993; West and Kodell, 1993 and 1999; Crump, 1995 and 2002). For example,
Crump (1995) discussed the equivalence between the hybrid approach and the
procedure where the BMD is defined as corresponding to a change in response relative
to the standard deviation in the control group, i.e. equation (4), illustrating the points of
agreement of the two methodologies. In their draft benchmark dose technical guidance
document (BMDTG), the USEPA discusses that the BMD can be defined as
corresponding to a change in the mean equal to 1 control standard deviation, in the
absence of any idea of what level is adverse. This indirectly suggests use of the hybrid
approach with p(0) = 0.02, and BMR = 0.10 (USEPA, 2000). Methodological aspects
of the hybrid approach have also been investigated in the present thesis (Papers Il and
).

The hybrid methodology was initially illustrated for neurochemical and
neurohistological effect data observed in monkeys and rats exposed to
methylenedioxymethamphetamine (Gaylor and Slikker, 1990 and 1994). Further
application of the approach to experimental neurotoxicity data has also been presented
(Kodell et al., 1995; Slikker et al., 1998). In addition, in this thesis the hybrid model
was applied to neurobehavioral endpoints (Paper I1ll). Besides applications to
neurotoxicity, the hybrid approach has been used to calculate BMDs for systemic
effects such as changes in relative liver weights observed in mice after exposure to
trichloroethylene (Barton and Das, 1996), and changes in body and lung weights
observed in rats in connection with exposure to nickel compounds (Haber et al., 1998).
By defining the cut-off as corresponding to the 1% or 99" percentile of the control
distribution (p(0) = 0.01), the hybrid approach has recently been compared to a case
where the BMD was defined as corresponding to a 1% change in response relative to
the magnitude of response, called the EDy; approach by the authors (Gaylor and
Aylward, 2004). Gaylor and Aylward (2004) concluded that the hybrid procedure
performed better than the EDy; approach, i.e. the uncertainty associated with a BMD
corresponding to an additional risk of 1, 5, or 10% (estimated using the hybrid
procedure) was lower than that associated with the EDy;.
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While the use of human epidemiological data is not discussed in the present thesis, the
use of the hybrid concept in such applications has gained some attention. The
methodology is applicable to studies where the response and exposure has been
recorded for each individual. Several epidemiological studies applying the hybrid
methodology have focused on neurological effects in association with
mercury/methylmercury exposure (Budtz-Jorgensen, 2000; Crump et al., 1995, 1998,
and 2000), and also in association with exposure to polychlorinated biphenyls
(Jacobson et al., 2002), and manganese (Clewell et al., 2003). The USEPA derived a
reference dose for methylmercury in 2001 that was based on the hybrid approach. In
the calculations they selected a p(0) = 0.05, and a BMR = 0.05 (Rice, 2004). The renal
effects of cadmium are currently investigated at our institute using the hybrid procedure
(Suwazono et al., manuscript in preparation). For epidemiological data, the
interpretation of the BMD under the hybrid approach, i.e. as corresponding to a certain
risk level, could also be reflected in a resulting guidance value since less extrapolation
is required compared to the case for experimental data.
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2 PRESENT INVESTIGATION

2.1 AIM OF THE THESIS

The aim of the present thesis was to investigate aspects of dose-response modeling and
procedures for BMD analysis in health risk assessment of non-genotoxic chemical
substances. While quantal data has been considered, the major focus has been directed
towards continuous data. These two types of data will be discussed separately. A
general objective concerned the question of which response the BMD should be
associated with. In addition, for continuous data attention has been directed towards
how the BMD should be defined. The specific objectives are given below:

Quantal data

Methodological aspects:

- To investigate the impact of model choice in BMD calculations, given the
original definition of the BMD as the dose causing a 1 — 10% increase in the risk
for adverse health effects compared to background, and to analyze procedures for
model selection (Paper I).

Continuous data

Methodological aspects:

- To investigate different procedures for BMD analysis, including the hybrid
approach (Papers Il and I11), the definition of the BMD as the dose causing a
percentage change in response relative to background (Papers 11l and 1V), and
the definition of the BMD as the dose causing a percentage change in response
relative to the magnitude, or size, of response (Papers IV and V).

- To discuss and propose developments in BMD analysis (Paper V).

- To address issues related to comparison of dose-response curves, and BMDs
(Paper 1V).

Applications:

- To suggest how the BMD concept can be applied for neurobehavioral endpoints,
1.e. spontaneous behavior variables, which are observed over time (Paper I11).

- To estimate strain differences in response to long-term TCDD exposure (Paper
V).
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2.2 MATERIALS AND METHODS

An overview of the materials and methods used in the present thesis is given below.
More detailed descriptions can be found in the individual Papers | - V.

2.2.1 Data material

Dose-response data was derived from the literature (Paper 1) and obtained via
scientific collaborations (Papers Ill, 1V, and V). In Paper |, malformation data
(incidence of cleft palate and hydronephrosis) observed in fetuses following exposure
of pregnant C57B1/6 mice to a number of different polychlorinated and polybrominated
compounds, were collected from the scientific literature (Weber et al., 1985; Birnbaum
et al., 1987a, 1987b, 1989, and 1991; Mayura et al., 1993). Since Paper Il concerned
theoretical investigations of the hybrid concept, no toxicity data was used. In Paper 111,
spontaneous behavior data (locomotion, rearing, and total activity) observed in 2-, 5-,
and 8-month-old male and female C57BIl mice neonatally exposed to PBDE99 were
obtained via collaboration with the Department of Environmental Toxicology at
Uppsala University, Sweden. In contrast to other experimental data considered, this
study was partly designed for purposes of dose-response modeling, i.e. it was a
comparatively large study including a control and 5 treatment groups each consisting of
10 male and 10 female mice, respectively. In Papers IV and V, data on body and organ
weights, altered hepatic foci, hepatic CYP1A1 induction, as well as retinoid and bone
parameters, observed in female Long-Evans (L-E) and Han/Wistar (H/W) rats
following long-term exposure to TCDD, were made available via collaboration within
our department and with the Department of Environmental Health at the National
Public Health Institute, Kuopio, Finland. Parts of this data base have previously been
published (Viluksela et al., 2000; Jamsa et al., 2001; Fletcher et al., 2005).

2.2.2 Statistical methods

2.2.2.1 Model fitting

The maximum likelihood approach was used in the present thesis. This method requires
that an assumption of the distribution of the data is made. For quantal endpoints, the
probability of response in each dose group was assumed to be binomial. The log-
likelihood function, In L, then takes the form:

lnL=Zk:[ln(2iJ+Xi Inp, +(n, —x)In(1-p,)|, (7)

where K is the number of dose groups; nj is the total number of animals in the i'th dose
group; and X; is the number of responding animals in the i'th dose group. The
parameters that define p; are estimated by the values that maximize In L.

19



Continuous endpoints were assumed to be normally distributed. For continuous dose-
response data, which are normally distributed with mean, z(d;), and non-constant
variance, oz(di), over the dose levels, di, the log-likelihood function, In L, takes the
form:

N <IBL 2 (ni _l)si2 ni(yi _/J(di))2
lnL——?ln(27z)—§ ?lnc (d,)+ 2070 + o) | (8)
where N is the total number of animals; g is the number of dose groups; n; is the
number of animals in the i'th dose group; Si° is the unbiased sample variance in the i'th
dose group; and Y, is the mean response observed in the i'th dose group. The
parameters defining the mean response, £(d;), and the variance, o*(d;), are estimated by
the maximization of In L.

2.2.2.2 Dose-response models

In Paper 1, all the models presented in Table 1 were employed. In Paper 11, a linear
model was used for theoretical calculations. In Paper 111, modified versions of the Hill
function and the exponential model in Table 2 were used. In Paper 1V, the Hill
function was applied, and in Paper V, the Richards function and its special cases were
considered. In the case of continuous dose-response data, a model for the variance also
needs to be specified. A constant variance assumption was applied in Papers Il and I11.
In Papers IV and V two non-constant models were considered in addition to the
constant assumption; a power function of the mean response, and a dose-dependent
exponential model (Table 2).

2.2.2.3 Analysis of model performance

For quantal data, model fit was analyzed using the Pearson y’test statistics. The
appropriateness of using the Akaike’s information criterion (AIC) for model selection
was also investigated. For continuous data, a likelihood ratio test statistic was used to
assess individual model fit as well as to compare different models (which belong to the
same class). It can be shown that the test statistics, —2(InL, —InL, ), where In L, and
In L, is the log-likelihood under model 1 and 2 respectively, approximately follows a
y° distribution with degrees of freedom equal to the difference in the number of
parameters between the two models. A critical level = 0.05 is commonly employed as
a default in this type of testing, i.e. if p < 0.05 the two models were considered to be
significantly different.
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2.2.2.4 Calculation of confidence intervals

The likelihood ratio test statistics was, in addition to purposes associated with model
comparison, used to calculate an approximate lower 95% confidence limit of the BMD,
i.e. the BMDL, in Papers I, 11, and V. The BMDL was defined as the dose satisfying

~2inLy,, ~InL)= 2705

where In L is the value of equation (7) or (8) at the maximum likelihood estimates of
the model parameters, and where In Ly is the value of equation (7) or (8) at the
maximum likelihood estimates of the model parameters given a constraint on the BMD.
In Paper 1V, a likelihood ratio test statistic was similarly used for constructing a 95%
confidence interval for a BMD ratio, describing intra-species sensitivity differences.

2.2.2.5 Simultaneous analysis of data

For continuous endpoints analyzed in this thesis, data were available for different sub-
populations, i.e. for male and female mice in Paper Ill, and for L-E and H/W rats in
Paper 1V. In Papers Il and IV models were fitted simultaneously to data from both
sexes and rat strains, respectively. For this case the log-likelihood function, i.e.
equation (8), needs to be slightly modified so that

N Shualil (nij _1)55 n; (Vij _ﬂ(dij ))2
InL = 5 ln 271 ; z ln ( )+ Zﬁz(dij) + 20'2(dij) ,

where index i denotes the sub-population. Simultaneous analysis of data allows formal
assessments (using likelihood ratio tests) of which model parameter/s (if any) may
depend on sex, or strain. Thus, this type of analysis can be more effective since it may
motivate a reduction in the number of parameters used for describing the data.

2.2.2.6 Software

In Paper |, the USEPA benchmark dose software (BMDS) was used (USEPA, 2005b).
This software can be downloaded at http://cfpub.epa.gov/ncea. All the quantal dose-
response models in Table 1 are available in the BMDS. In Papers II, 111, 1V, and V,
the mathematical and statistical procedures associated with dose-response modeling
and BMD calculations were established in Matlab (version 7.0).
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2.3 RESULTS AND DISCUSSION

2.3.1 Quantal data

According to the initial presentation of the BMD method it was suggested that a BMDL
corresponding to an additional or extra risk of 1 — 10% should not be very sensitive to
the choice of model, since such a definition generally would not involve extrapolation
far below the experimental range (Crump, 1984). In Paper I, this issue was
investigated using the quantal dose-response models in Table 1. Malformation data, i.e.
data on cleft palate and hydronephrosis, observed in mice fetuses following maternal
exposure to polychlorinated and polybrominated compounds were used as the basis for
the analysis. Methods and models specifically designed for developmental toxicity
testing were not considered due to a lack of litter specific information in the studies
from which the data were derived.

For the data on cleft palate, it was concluded that the BMDL was not sensitive to the
choice of model at extra risks of 5 and 10% (Figure 5). The degree of model
dependence was defined as the ratio between the highest and the lowest BMDL, i.e.
BMDLhighesy BMDLjowest. In the analysis, only models that satisfied global goodness-of-
fit criteria, p > 0.05, as well as residual specific goodness-of-fit requirements were
considered. At extra risks of 5 and 10%, BMDLhpighesy BMDLowest Was below a factor 2
for all the data on cleft palate. In the draft BMDTG, the USEPA suggests that model
dependence may not be considered apparent if BMDLyighesyBMDLjgyest 1S within a 3-
fold factor (USEPA, 2000). At the 5 and 10% levels of extra risk, the degree of model
dependence was also similar between the different data sets suggesting that
BMDLighesy BMDLjowest Was not very sensitive to the type of study design used (Figure
5). For example, the number of dose groups employed differed between the data sets.
However, at an extra risk of 1% model dependence was more pronounced, and also
more dependent on the particular data set considered. The 5% risk level was suggested
for cleft palate since the choice of model, for BMDL calculation, did not appear to be
important down to this risk level (Figure 5).

In Paper |, procedures for model selection were also discussed. The draft BMDTG
suggests use of the AIC for selection between models which are not discharged under
global goodness-of-fit criteria (p > 0.1), and that produce BMDLs that differ within a 3-
fold range (if BMDLs between the models differ more, the most conservative BMDL
may be selected instead) (USEPA, 2000). The use of AIC was investigated as a tool for
model selection in cases when models could not be discriminated under global and
residual specific goodness-of-fit criteria. It was concluded that use of the AIC for
selection between dose-response models available in the BMDS was problematic. The
AIC values were on several occasions rather similar between the models for a given
data set. In such cases, model ranking according to the AIC may not be very significant
(Burnham and Anderson, 1998).
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Figure 5. Ratios between the highest and the lowest BMDL (BMDLj;gnest/ BMDLjowest) Obtained
using the quantal models in Table 1. The ratio, BMDLjjghesy BMDLjoyes, 1S presented for
different risk levels (BMRs) and confidence intervals (Cls) defining the BMDL. Incidence data
on cleft palate is used as a basis (Weber et al., 1985; Birnbaum et al., 1987a, 1987b, 1989, and
1991; Mayura et al., 1993). Only models that satisfied global goodness-of-fit criteria, p > 0.05,
as well as residual specific goodness-of-fit requirements were considered for a given data set.

While the draft BMDTG suggests the use of AIC in cases when several models
adequately fit the data, it states that procedures of model selection at this stage may be
regarded as somewhat arbitrary (USEPA, 2000). Thus, a conservative model selection
approach was considered more appropriate in Paper | (the model with the lowest
BMDL was selected), which consistently resulted in the use of the multi-stage model
for the data on cleft palate at extra risks of 5% and below. The quantal dose-response
models (Table 1) may be quite easily graded according to their conservatism at lower
response levels, when model dependence becomes more pronounced. The log-probit
model may be regarded as the least conservative model; it has the most “threshold-like”
characteristics in the low-dose region while the opposite is the case for the multi-stage
model (Figure 6). This was also observed by Krewski and Van Ryzin (1981). A
conservative model selection approach is generally suggested in the present thesis (in
cases when several models adequately describe the data) unless a clear preference for a
certain model can be argued.
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Figure 6. The log-probit model (left) and the multi-stage model (right) fitted to incidence data
on cleft palate observed mice fetuses following maternal exposure to 2,3,7,8-
tetrachlorodibenzo-p-dioxin (TCDD) (data from Birnbaum et al., 1989). The BMD, and
BMDL, corresponds to an extra risk of 1%.

2.3.2 Continuous data

2.3.2.1 The hybrid approach

In Paper |1, the hybrid approach was investigated from a theoretical point of view.
Previous studies have compared the hybrid approach with procedures for
dichotomization of continuous data (West and Kodell, 1999; Crump, 2002). However,
in this thesis the influence of variance on the hybrid model was analyzed.

It was concluded that the influence of variance on the hybrid model depends on how
the cut-off value is defined. As is shown in Figure 7, if the cut-off point is defined as
corresponding to a percentile of the control distribution, the BMD becomes biased
upward when the variance is biased upward. However, if the cut-off is defined more
independently of the model, i.e. directly as some level of the continuous response
variable, the BMD becomes biased upward when the variance is biased downward. The
former way of determining the cut-off (i.e. in terms of a percentile) is what has been
suggested in the literature, and represents a common way of defining the “normal”
range in a population (Crump, 2002). While it may not be as straight forward to directly
specify a cut-off, an option may be to estimate the cut-off in a statistical sense (i.e. in
terms of a percentile) using a large historical control material, and then apply this cut-
off, in terms of its continuous response value, in BMD calculations.
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Figure 7. Probability dose-response models derived using the hybrid approach given a
hypothetical continuous response variable which is normally distributed, and for which the
mean response as a function of dose is described by a linear model, g(dj)= 12 + 0.4d;. Hybrid
models resulting for different levels of variance, o> (which is assumed to be constant over
dose), are illustrated. In part A, the cut-off value, c, corresponds to the 99™ percentile of the
control distribution, p(0) = 0.01. In part B, ¢ is fixed to a value of the continuous response
variable = 14.3263, which corresponds to p(0) = 0.01 for ¢* = 1.0. BMDs corresponding to an
additional risk of 5% are indicated.

In the context of the hybrid approach, problems of how to interpret the variance in
experimental studies have been addressed (Murrell et al., 1998; Slob, 2002; Gaylor and
Slikker, 2004). Gaylor and Slikker (2004) recently discussed the importance of
separating the inherent component of variance among animals and the variance of the
experimental measurements. They concluded that if the overall standard deviation is
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used, which may be biased upward, the risk at the BMD becomes underestimated. This
can be explored in Figure 7A. However, considering the case of a model independent
cut-off in Figure 7B, the opposite characteristic is generally obtained and such a
property may be more appropriate in a risk assessment context. It should however be
pointed out that simulation studies in Paper Il suggested that, for low levels of
additional risks (BMRs of 1, and 5%), a higher precision in the BMD was obtained
when the cut-off was defined in terms of a percentile compared to the case of a fixed
cut-off.

The hybrid approach introduces the concept of risk for continuous data without the
need to perform dichotomization, and represents a standardized procedure of BMD
analysis. However, the choice and definition of the cut-off value, and the selection of
the BMR, are subject to discussion. The assumption of constant variance is used in the
hybrid approach, but the case of non-constant variance is generally observed for
experimental toxicity data. The applicability of the hybrid concept in the non-constant
variance case has only been discussed to minor extent (West and Kodell, 1993). It has
been pointed out that the hybrid approach may be complicated in cases when the
variance in treated groups is lower than that in the control group, since this could result
in that the probability of “adverse response” in treated groups becomes lower than in
the control, i.e. an occurrence known as hormesis (Stiteler and Swartout, 1991).

2.3.2.2 Application of the BMD method to neurobehavioral endpoints

In Paper 111, the BMD approach was introduced for neurobehavioral endpoints, i.e.
data on spontaneous behavior observed in mice neonatally exposed to PBDE99.
Following the theoretical studies in Paper Il, the hybrid approach was applied to
selected parts of the data. The definition of the BMD as the dose causing a percentage
change in response relative to background was used as a general approach, applied to
all the behavior variables (i.e. locomotion, rearing, and total activity), while the hybrid
concept was also used for the data on locomotion.

An initial consideration of Paper 111 was how to quantify spontaneous behavior, which
is observed over time. To resolve this issue, a response definition termed the “fractional
response” was established. According to the fractional response, spontaneous behavior
observed in the individual animal was defined as the cumulative motor activity after 20
minutes divided by cumulative activity during the whole 60-min test period (Figure 8).
The fractional response contains information about the time-response profile, which
differs between the treatment groups, and was considered to have appropriate statistical
characteristics, i.e. it enabled the use of a common variance assumption according to a
likelihood ratio test statistic. As previously stated, the case of constant variance is
generally considered in applications of the hybrid method. While the fractional
response definition appropriately accounts for the time factor, methods involving dose-
time-response modeling for BMD calculations from neurobehavioral screening data
(i.e. not spontaneous behavior) have recently been discussed (Zhu et al., 2005).
However, if such methods are also suitable for modeling of spontaneous behavior is
beyond the scope of the present thesis.
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Figure 8. The cumulative number of counts for locomotion observed in 2-month-old male (part
A) and female (part B) C57BI1 mice orally exposed on postnatal day 10 to 0, 0.4, 0.8, 4, 8, or 16
mg PBDE99/kg bw. At each dose level, means (large circles) and individual observations
(small circles) after 20, 40, and 60 minutes of testing (i.e. Ry, R40, and R¢) are presented. Note
that the dashed lines are used for keeping track of means resulting from the same treatment and
are not estimates of time-response relationships. Individual behavior was quantified in terms of
a fractional response; the number of counts produced after 20 minutes divided by the total

number of counts produced over 60 minutes of testing, i.e. 100 x R,¢/Rg.
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Two different dose-response models, i.e. a modification of the Hill function and an
exponential model, were used for modeling spontaneous behavior defined in terms of
the fractional response. In Figure 9, both models fitted to data on locomotion are
illustrated. According to statistical analysis, common dose-response model parameters
could be used for male and female mice (considering each behavior variable) indicating
that they responded similarly to the exposure to PBDE99. In addition, since the
variance was not gender specific for locomotion and rearing, a rather simple model
(including 4 parameters) could be established for these behavior variables using the
complete body of data as a basis (i.e. 120 animals, 60 males and 60 females).
Application of the hybrid concept was considered most appropriate for locomotion and
rearing; the hybrid method probably benefits from using a large study group as basis. It
has been pointed out previously that estimates of variance may be quite variable for
experiments with small sample size while estimates of the continuous mean response
can be more precise (Gaylor and Chen, 1996). Locomotion was selected for hybrid
calculations since it is a quite common spontaneous behavior variable, and also because
it may be regarded as a more specific measure of motor activity compared to rearing
and total activity.
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Figure 9. The Hill and Exp models fitted simultaneously to male and female data on
locomotion observed in 2-month-old C57Bl mice neonatally exposed to PBDE99. BMDs
corresponding to a 10% change in fractional response relative to background are shown. The
mean of the fractional response for male (triangles) and female (squares) mice, as well as
individual observations (small circles), are illustrated at each dose level.
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In Paper 111, the results indicated that BMDLs (and BMDs), corresponding to a 5 and
10% change in response relative to background, were similar between the two models,
1.e. they generally differed within a 2-fold range. The NOAELs were most similar to
BMDLs corresponding to a 10% change in response relative to background. Total
activity was observed to be the most conservative (sensitive) endpoint. For a 5%
change in response, the BMDL (according to the Hill model) for total activity was 0.15
mg/kg bw. For locomotion, the corresponding BMDL was 0.52 mg/kg bw. Considering
the hybrid approach with a cut-off specified as the 5" percentile of the control
distribution, BMDLs for locomotion corresponding to additional risks of 5 and 10%
were 0.45 and 0.63 mg/kg bw, respectively. Thus, for locomotion, the most common
measure of spontaneous behavior, a BMDL of about 0.5 mg/kg bw was obtained for
PBDE99 using “standard settings” within proposed methods of BMD analysis for
continuous endpoints.

2.3.2.3 Comparison of dose-response curves: Strain differences in sensitivity

Assessment of strain and species differences in sensitivity for a given exposure, or
calculation of relative potencies between chemicals, is ideally performed by comparing
the corresponding dose-response curves. Since the BMD is derived from an estimated
dose-response curve and is regarded to contain more information of the dose-response
relationship compared to the NOAEL, the BMD also represents a quantity that better
reflects the sensitivity of the species, or the potency of the chemical, relative to the
NOAEL.

In Paper 1V, the issue of comparing dose-response curves and BMDs was investigated
considering dioxin sensitive L-E rats and dioxin resistant H/W rats following long-term
exposure to TCDD. Sensitivity differences between L-E and H/W rats were
investigated considering a number of toxicological endpoints including data on body
and organ weights, altered hepatic foci, hepatic CYP1A1/A2 induction, as well as
retinoid and bone parameters. While the two rat strains and their response to dioxin
exposure have been studied extensively, a quantitative and statistical analysis of their
relative difference in sensitivity following long-term TCDD exposure has prior to this
work not been conducted.

The difference in sensitivity between L-E and H/W rats for a given endpoint was
quantified in terms of a BMD ratio, i.e. BMDyw/BMDy g, estimated by the Hill
function. The definition of the BMD as the dose causing a % change in response
relative to background, as well as the definition of the BMD as the dose causing a %
change in response relative to the magnitude of response was considered. It is important
to note that the BMD ratio may not be independent of the level of response selected,
which occurs if the dose-response curves fundamentally differ in terms of their shapes.
However, considering the case of “parallel” dose-response curves, which have similar
shapes, BMDyw/BMDy g is constant and reflects the difference in the location of the
curves on the dose scale. Thus, given the case of common dose-response patterns a
sensitivity difference can be summarized in terms of a single quantity. The assumption
of similar dose-response curves for L-E and H/W rats was generally supported
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according to statistical analysis. A confidence interval for BMDyw/BMDy g was also
calculated denoting the uncertainty in the estimated sensitivity difference. Moreover,
based on a likelihood ratio test statistic it was investigated whether, or not, the two
strains differed statistically in their response to TCDD treatment; it was tested if
BMDyw/BMDL g = 1, in which case the L-E and H/W dose-response curves have
identical location.

In Paper 1V, results demonstrated that L-E and H/W rats differed statistically in their
response to TCDD treatment for parameters related to body and organ weights, altered
hepatic foci, retinoid parameters, and hepatic CYP1A1 induction. The dose-response
model estimated for body weight gain is illustrated in Figure 10. For bone effects
significant strain differences were observed for tibia length and energy absorption but
not for other bone parameters. Differences between the strains were most pronounced
for volume fraction of altered hepatic foci, i.e. L-E rats were approximately 80 times
more sensitive than H/W rats. For body and organ weight parameters, as well as tibia
length and energy absorption L-E rats were approximately 10-20 times more sensitive
than H/W rats. For the retinoid parameters and hepatic CYP1A1 induction, the
quantitative estimates of strain differences in response to TCDD exposure were
generally about 5-fold, and associated with a low uncertainty.
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Figure 10. The Hill function estimated for data on body weight gain (bWeg/bwg.,) observed in
L-E (triangles) and H/W (circles) rats following long-term TCDD exposure. The BMD
corresponds to a 5% change in response relative to background. The strain difference in
sensitivity to TCDD exposure presented as the ratio, BMDyw/BMDy g equals 11 (44.5/3.96).
Since the dose-response curves are assumed to be similar for the two strains the BMD ratio is
independent of the response level selected.

30



2.3.2.4 Developments in BMD analysis

In Paper V, developments in BMD analysis of continuous endpoints were discussed.
This concerned the identification and estimation of a critical dose level in dose-
response relationships that have S-shaped characteristics. The critical exposure of
interest was defined as the dose where the slope of the curve changes the most in the
low dose-region; a dose that may be considered to reside in a “transition dose range”
where the sensitivity to chemical exposure may change noticeably. As is shown in
Figure 11, the dose where the curve changes the most is the dose, denoted BMDr,
where the third derivative of the dose-response function equals zero. The consideration
of dose-dependent transitions in mechanisms of toxicity has been argued as a way to
improve the risk assessment process (Slikker et al., 2004a and 2004b). For example, the
identification of a transition dose region is suggested to be a key to properly define the
lowest range of doses appropriate for extrapolation between different species.
Moreover, the region where a fundamental shift occurs in the dose-response
relationship relates to the concept of a threshold dose. This has been discussed by
Dybing et al., (2002) where it is argued that a biological threshold, in conformity to a
transition dose range, represents a certain dose region where a substantial change in
response occur, rather than a single dose level.

The identification of the BMDr was performed considering a flexible mathematical
model known as the Richards function (Richards, 1959). This function was considered
since it very generally describes different possible characteristics that may be exhibited
by an S-shaped dose-response curve. It can be shown that several of the common dose-
response models in fact are special cases of the Richards function, including the
Michaelis-Menten equation, the Hill function, the Gompertz curve, and the exponential
model family (Table 2) (Richards, 1959; Giraldo et al., 2002). From a methodological
point of view, the use of a BMDr bypasses problems concerning which response the
BMD should be associated with; rather both the degree of exposure and response
resides within the proposed definition.

In Paper V, it was concluded that the response (if defined as a % change in response
relative to the magnitude of response) associated with the BMDr depends on the
geometrical shape of the dose-response curve. More specifically, the response
decreases as the curve becomes more asymmetrical with more threshold-like
characteristics in the low dose region. Considering a symmetrical case, given by the
Hill function, the response associated with BMDr is approximately 21%. The Richards
function has a limiting case, i.e. the Gompertz curve, as it becomes more and more
threshold-like in the low dose region. According to the Gompertz curve, the response
associated with BMDr is 7.3%. In Figure 12, the BMDr for both the Hill function and
the Gompertz curve is illustrated. In cases when it is problematic to discriminate
between the symmetrical and asymmetrical assumption, a conservative approach may
be to use the limiting case response, i.e. the response associated with BMDr according
to the Gompertz curve (7.3%). The Gompertz curve, as well as other models, could
then be considered for estimation of the corresponding dose. It was shown in Paper V
that other models should generally perform conservatively relative to the Gompertz
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curve since they are less threshold-like (for example the Hill function and the
exponential model, Table 2).

I
B0 I
N |
m .
2 40 |
g !
é:;I- EI:I |Dg BMDTH- | ____________
point nfinﬂectiun—:—}: |
0 I : ! 1 | l 1 1 ]
-Inf 1] 0ns 1 15 = e
log dose
200 - | |
I ! |
|
_ ook | I |
i | I I
E | . |
= 0T —t
-100 I | |
| I |
-200 L ! | i | | | | |
-Int 1] 05 1 14 2 J5
log dose
1000 - | |
I |
I |
T 500 I |
= desired root of | I
= third derivative > | |
o} |
! :\\_//
I |
-500 | ] | f | I | |
i 0 05 1 15 2 25

log dose

Figure 11. The Richards function and its second and third derivative. In the example, a = 60,
0 =-50, k =10, n =2, and v =2. The BMDr is defined as the dose, in the low dose region,
where the slope of the curve changes the most. As shown, this dose level corresponds to the
dose where the second derivative is the lowest, and where the third derivative equals zero.
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For estimating the BMDr, or any other dose corresponding to a % change in response
relative to the size of response, it is important to include high dose levels in the
experiment so that information regarding the maximum or minimum response level is
obtained. However, according to a recent study by Slob et al., (2005), this has also been
shown to be of interest when defining the BMD in terms of a CES. If only a few
treatment groups are used, in accordance with current OECD guidelines, it is probably
important to have observations within the transition dose range, both in the low and
high dose region, to accurately estimate the S-shaped dose-response curve. Figure 12
represents an example when this seems to be the case for an “OECD design” including
a control and 3 treatment groups. As a priori knowledge concerning the shape of the
dose-response curve generally is lacking an alternative is to distribute animals into
several dose groups to avoid the risk for unfavorable dose placement (Slob et al., 2005;
Kuljus et al., manuscript in preparation).
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Figure 12. The Hill function and the Gompertz curve fitted to data on volume fraction of
hepatic foci observed in L-E rats following long-term exposure to TCDD. The BMDr (with
lower bound BMDLy) is defined as the dose where the slope changes the most. The response
(defined as a % change in response relative to the magnitude, or size, of response)
corresponding to the BMDr is approximately 21% and 7.3% according to the Hill function and
the Gompertz curve, respectively.
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2.4 CONCLUSIONS AND FUTURE PERSPECTIVES

In this thesis, aspects of dose-response modeling and procedures for BMD analysis in
health risk assessment of chemicals have been investigated. While the BMD method is
used by authorities like the USEPA, this approach has not yet found its way into
regulatory toxicology in Europe. However, while slowly progressing, discussion and
awareness of the BMD concept has increased over the recent years within the EU. In
the scope of this development, the present thesis provides an important input in the
evaluation of the BMD approach that may help facilitating its introduction, thereby
improving the health risk assessment of chemical substances.

A number of theoretical advantages of the BMD method have generally been used as
arguments over the traditional NOAEL concept. Moreover, studies have indicated that
the NOAEL should not be considered a risk-free exposure level, and the risk, or
response, at the NOAEL may vary depending on the study. The fact that the BMD
corresponds to an explicit response level has been argued as more appropriate since this
introduces consistency and suggests that the point of departure for risk assessment will
be based on more information. Indeed, this feature is a clear advantage but it also
represents one of the challenges associated with the BMD concept, i.e. which response
should the BMD correspond to? In addition, for continuous data the question of how
the BMD should be defined is not straightforward. These issues have been addressed in
the present investigation.

For continuous experimental data, the question of how to define the BMD itself needs
further discussion. Problems are apparent with the definition of the BMD as the dose
causing a percentage change in response relative to background, and also the hybrid
approach. While the former case represents a simple way of defining the BMD, the
development of endpoint specific response values may be complicated. The settings
used within the hybrid concept, i.e. the cut-off value and the benchmark response level,
are also subject to discussion. The application of the hybrid method in the present thesis
emphasized some aspects of data requirements that are important, for example the case
of common variance. On an overall basis, the definition of the BMD as corresponding
to a critical effect size seems in general to be more applicable to experimental data
compared to the hybrid approach.

While problems in BMD analysis of continuous endpoints may not have been resolved,
developments were proposed. It is suggested that the BMD can be defined as the dose
where a fundamental shift occurs in the S-shaped dose-response relationship. Such an
exposure level can be specified as the dose where the slope of the curve changes the
most in the low dose region. This approach may provide a biological basis for selecting
the response associated with the BMD. Given a conservative scenario, it was shown
that the response corresponding to the dose of interest is in the range between 5 - 10%,
if defined as a percentage change relative to the magnitude of response. This definition
of the BMD is suggested in future applications for continuous experimental data that
contain information about the maximum or minimum response level.
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For quantal data, in the absence of any preference for a particular response level, the
use of a 5 or 10% risk level, rather than the 1% level, is suggested from a general point
of view since this would reduce model dependence. Also, in comparison to the
suggestions for continuous data, consideration of extra risks between 5 - 10% may
provide a form of harmonization; while resulting BMDs for quantal and continuous
data will not have identical meaning under the suggested definitions, the way of
expressing the response change corresponding to the BMD, as well as the degree of
response change, would be similar.

Some applications of dose-response modeling and BMD analysis have been presented
in this thesis. As one part, the BMD method was introduced for neurobehavioral
endpoints, i.e. spontaneous behavior, by the establishment of a response definition with
appropriate statistical characteristics. As a second part, statistical differences in
sensitivity between Long-Evans and Han/Wistar rats following long-term TCDD
exposure were demonstrated for the first time. In this latter investigation,
methodological issues regarding comparison of dose-response curves and BMDs were
also addressed. The procedure discussed has broader applications in the assessment of
species, strain, and sex sensitivity following chemical exposure.

In conclusion, this thesis discusses and illustrates several critical issues in dose-
response modeling and BMD analysis. It also proposes a new BMD definition that
might overcome some of the problems identified with the application of the BMD
concept for continuous endpoints.
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