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Abstract of Dissertation

Predicting Chronic Non-Cancer Toxicity Levels from Short-Term Toxicity Data

This dissertation includes three separate but related studies performed in partial
fulfillment of the requirements for the degree of Doctor of Public Health in
Environmental and Occupational Health. The main goal this dissertation was to develop
and assess quantitative relationships for predicting doses associated with chronic non-
cancer toxicity levels in situations where there is an absence of chronic toxicity data, and
to consider the applications of these findings to chemical substitution decisions. Data
from National Toxicology Program (NTP) Technical Reports (TRs) (and where
applicable Toxicity Reports), which detail the results of both short-term and chronic
rodent toxicity tests, have been extracted and modeled using the Environmental
Protection Agency’s (EPA’s) Benchmark Dose Software (BMDS). Best-fit minimum
benchmark doses (BMDs) and benchmark dose lower limits (BMDL) were determined.
Endpoints of interest included non-neoplastic lesions, final mean body weights and mean
organ weights. All endpoints were identified by NTP Pathologists in the abstract of the
TRs as either statistically or biologically significant. A total of 41 chemicals tested
between 2000 and 2012 were included with over 1700 endpoints for short-term (13 week)
and chronic (2 year) exposures.

Non-cancer endpoints were the focus of this research. Chronic rodent bioassays
have been used by many methodologies in predicting the carcinogenic potential of
chemicals in humans (1). However, there appears to be less emphasis on non-cancer
endpoints. Further, it has been shown in the literature that there is little concordance in

cancerous endpoints between humans and rodents (2). The first study, Quantitative



Relationship of Non-Cancer Benchmark Doses in Short-Term and Chronic Rodent
Bioassays (Chapter 2), investigated quantitative relationships between non-cancer chronic
and short-term toxicity levels using best-fit modeling results and orthogonal regression
techniques. The findings indicate that short-term toxicity studies reasonably provide a
quantitative estimate of minimum (and median) chronic non-cancer BMDs and BMDLs.

The next study, Assessing Implicit Assumptions in Toxicity Testing Guidelines (Chapter
3) assessed the most sensitive species and species-sex combinations associated with the
best-fit minimum BMDL10 for the 41 chemicals. The findings indicate that species and
species-sex sensitivity for this group of chemicals is not uniform and that rats are
significantly more sensitive than mice for non-cancerous outcomes. There are also
indications that male rats may be more than the other species sex groups in certain
instances.

The third and final study, Comparing Human Health Toxicity of Alternative Chemicals
(Chapter 4), considered two pairs of target and alternative chemicals. A target is the
chemical of concern and the alternative is the suggested substitution. The alternative
chemical lacked chronic toxicity data, whereas the target had well studied non-cancer
health effects. Using the quantitative relationships established in Chapter 2, Quantitative
Relationship of Non-Cancer Benchmark Doses in Short-Term and Chronic Rodent
Bioassays, chronic health effect levels were predicted for the alternative chemicals and
compared to known points of departure (PODs) for the targets. The findings indicate
some alternatives can lead to chemical exposures potentially more toxic than the target

chemical.
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Chapter 1. Introduction

Estimates of relative chemical toxicity are often used to evaluate the magnitude and
type of hazards to humans and the environment from chemical contaminants (3). Single
chemical assessments and alternatives assessments are performed with increasing
frequency due to public demand for “safer” chemicals (4). These tools are often used to
characterize threats to human health and identify possible chemical alternatives that
reduce the hazard level posed from a particular chemical (5). However, it is often unclear
what “safer” even means or if the chemicals being compared are comparable.

The U.S. Environmental Protection Agency (EPA) recommends that when assessing
chemicals for chronic exposure that attention be paid to the critical effect in the critical
study, which is the most sensitive adverse effect in animal bioassays “that occurs in the
most sensitive species as the dose rate of an agent increases” (6). However, hundreds of
new chemicals are developed each year (7) and existing chemicals have different levels
of toxicity data available. Therefore many of these new or poorly tested chemicals do not
have chronic toxicity data and the chronic critical effects have not been assessed. To
address this problem, this dissertation research investigated the use of short-term non-
cancer toxicity data as a reasonable predictor of the doses associated with chronic non-
cancer toxicity levels. Non-cancer endpoints were the focus of this research. Chronic
rodent bioassays have been used by many methodologies in predicting the carcinogenic
potential of chemicals in humans (1). However, there appears to be less emphasis on non-
cancer endpoints.

This dissertation research addressed three separate but related aspects of relative

chemical toxicity levels where data imbalances exist. Safety, in the context of this



research always refers to human health toxicity levels (i.e. doses). Each study (also
referred to as papers) presented in this dissertation builds upon the knowledge gained
from the previous paper and advances through a general framework for assessing relative
chemical safety, presented in Figure 1. Figure 1 is a three step flowchart of standard
processes observed within chemical assessment frameworks for establishing and
comparing human health reference values. A standalone research paper is associated
with each of three major steps, and links the overall research of this dissertation with the
goal of making human health determinations in assessing relative toxicity of chemicals

when data imbalances exist.

I GOAL: Relative human health toxicity comparison I

Step 3:
Application

Develop human PAPER 3: Empirical relationships used to
health reference lem = m = = - — =] predict relative toxicity of chemical
values alternatives

Step 2:
Sensitivity

Critical effect in je= == == == == —— PAPER 2: Species and sex sensitivity
most sensitive assumptions
species-sex
Step 1: Data

PAPER 1: using short-term toxicity data to
= ————_— predict chronic toxicity.

Chronic rodent
toxicity data

Figure 1: Generalized approach to chemical assessment
Paper 1, Quantitative Relationship of Non-Cancer Benchmark Doses in Short-Term
and Chronic Rodent Bioassays (Chapter 2), addresses Step 1 of Figure 1, the acquisition
of chronic rodent toxicity data. The goal of this study was to investigate the quantitative

relationship between short-term and chronic non-cancer toxicity levels. In the absence of
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the necessary chronic non-cancer toxicity data, this study proposes that short-term non-
cancer toxicity data may be able to reasonably predict chronic toxicity levels by focusing
on the dose-response relationship instead of a critical effect.

Data from National Toxicology Program (NTP) technical reports were extracted and
modeled using the EPA’s Benchmark Dose Software (BMDS). Using NTP Technical
Reports (TRs) (and where necessary Toxicity reports), best-fit minimum benchmark dose
(BMD) and benchmark dose lower limits (BMDLs) were modeled for pathologist
identified significant non-neoplastic lesions, final mean body weight and mean organ
weight of 41 chemicals tested by NTP between 2000 and 2012. Dichotomous and
continuous data were considered in this study because both are sensitive toxicity markers
which regulatory bodies such as the EPA to set reference values (8).

Models were then developed at the chemical-level using orthogonal regression
techniques to predict chronic (2-years) non-cancer health effect levels using the results of
the short-term (3-months) toxicity data. The goal in determining these relationships was
to identify methods for the faster development of human health toxicity values the
assessment for chemicals that lack chronic toxicity data.

The next study, Paper 2: Assessing Implicit Assumptions in Toxicity Testing Guidelines
(Chapter 3), addresses the second step of the chemical assessment process presented in
Figure 1, evaluating the most sensitive species, sex and endpoint. A common goal of
toxicity testing is identification of sensitive adverse endpoints for the most sensitive
species and sex, also called a critical effect or study that occur at the lowest exposure
levels (9). Traditional toxicology testing guidelines recommend using mice and rats of

both sexes as test subjects to predict human health toxicity outcomes (2) (10) (11) (12).



This recommendation appears to be intended to maintain consistency and comparability
between tests and testing protocols.

An operationalized approach to assessing this recommendation is that, prior to
testing, the predicted distribution of species and species-sex sensitivity over a large group
of chemicals is a uniform distribution. This study refers to this approach as an implicit
assumption of uniform species-sex sensitivities, and studied it by estimating non-cancer
BMDLI10s for the 41 NTP chemicals, both chronic and short-term exposures, and then
assessing the species-sex distribution of the most sensitive groups.

The third and final study, Comparing Human Health Toxicity of Alternative Chemicals
(Chapter 4), assessed the final step of the process presented in Figure 1, which is the
application and practical use of chemical risk information. This paper considered two
pairs of target and alternative chemicals proposed by an actual chemical substitution
assessment tool. This tool was deemed prototypical of alternative assessment tools
available to the public. The results of this study are not intended to be critical of any
particular tool, but an assessment of chemical alternative assessment in general.

The alternative chemicals chosen lacked chronic toxicity data, whereas the targets
each have well studied non-cancer health effect levels. Using the quantitative
relationships established in Chapter 2, Quantitative Relationship of Non-Cancer
Benchmark Doses in Short-Term and Chronic Rodent Bioassays, chronic health effect
levels were predicted for the alternative chemicals and compared to known points of
departure (PODs) for the targets. The goal was to shed light on possible inconsistencies
in comparing chemicals and highlight the need for quantitative predictive techniques

when chronic bioassays are not available (13).



The three papers outlined in this section are presented in the next three chapters as
stand-alone studies. Provided in each paper is the background of the issue, the
methodology used, the results obtained, a discussion of the findings, and study
conclusions and limitations. The final chapter of this dissertation presents the overall

conclusions from this research project.



Chapter 2. Quantitative Relationship of Non-Cancer Benchmark Doses in Short-Term
and Chronic Rodent Bioassays

1 Introduction

Chronic toxicity tests are frequently the basis for chronic non-cancer human health
reference values HHRVs (13). However, there is a notable lack of available chronic
toxicity data necessary to derive benchmarks for chemicals and properly assess their
potential human health effect levels (7) (13). In the absence of the chronic non-cancer
toxicity data, this study investigated whether short-term non-cancer toxicity data can be
used to predict chronic health effect levels by focusing on the dose-response relationship
instead of specific health endpoints. Non-cancer endpoints were the focus of this
research. Chronic rodent bioassays have been used by many methodologies in predicting
the carcinogenic potential of chemicals in humans (1). However, there appears to be less
emphasis on non-cancer endpoints.

This study utilized chronic (2-year) and short-term (3-month) non-cancer toxicity
data from 41 chemicals studied by NTP and published in TRs (and where necessary
Toxicity reports for more detail). TRs were included in this study only if they used rat
and mice models and had oral exposure routes (feed, water or gavage). This approach
does not require concordance of the outcomes, which have been proven to be weak (2),
but instead focuses on the exposure or dose required to elicit some adverse non-cancer
health endpoint without specification of the effect.

The EPA recommends that when identifying chronic non-cancer risk that “particular
attention [be paid]... to the critical effect” (6). The critical effect in the critical study is
the most sensitive adverse effect in chronic animal bioassays “that occurs in the most

sensitive species as the dose rate of an agent increases” (6). However, obtaining chronic



animal bioassays has practical limitations, requiring tremendous time and resource
expenditures to obtain the bioassays (7). Additionally, hundreds of new chemicals are
being synthesized every year and “innovative approaches need to be developed to
determine their health effects in addition to those chemicals that currently lack toxicity
data” (7).

A variety of approaches exist for characterizing HHR Vs for chemicals that lack
chronic non-cancer health data (14). Toxicity Testing in the 215" Century (Tox21), and
ToxCast, are U.S. federal government approaches to developing methods to characterize
or improve models for non-cancer health effects from chemicals without chronic animal
bioassays using high throughput models. They are intended for use in prioritizing animal
testing or for use in chemical risk assessments that lack the available chronic toxicity data
(15). The work of Pennington, et al. (16) proposes techniques for the evaluation and
screening of non-cancer toxicology effects by deriving fepio slope factors from bioassay
and determining possibilities for “extrapolation from other more readily available
measures” (16) such as no observed or lowest observed adverse effect levels (NOAELs
and LOAELs). Another approach is the development of predictive models based on the
quantitative structure-activity relationship (QSAR) methodology. This approach assumes
there is a correlation between molecular and structural parameters and bioactivity within
a group of chemicals (17).

This study proposes that, in the absence of the necessary chronic non-cancer toxicity
data, by focusing on the dose-response relationship instead of a critical effect, short-term
data can be used to predict chronic non-cancer health effect levels. This is a novel

approach. Based on a review of publically available chemical substitution and single



chemical assessment frameworks there is typically a focus on hazard instead of dose or
effect level. This study extracted chronic and short-term data from 41 NTP TRs
pertaining to non-neoplastic lesions, final mean BW and mean OW tested by NTP
between 2000 and 2012. Dichotomous and continuous data were considered in this study
as they are sensitive toxicity markers that regulatory bodies such as the EPA use to set
reference values (8).

Each endpoint was modeled in EPA’s BMDS, version 2.6.0.1 where a best-fitting
model was identified, with its associated BMD and BMDL values. The BMD is defined
as a dose or concentration that produces a predetermined change in the response rate of
an adverse effect, and the BMDL is the lower confidence limit of the BMD (9). Best-fit
BMDs and BMDLs for every endpoint in each NTP study were identified, and then the
minimum (and median where applicable) BMD and BMDL were determined for each
chemical and study duration (chronic and short-term).

Through orthogonal regression techniques, the relationship between the observed
minimum (and median) non-cancer chronic and short-term BMD10s and BMDL10s (and
BMDLS50 where applicable) in the chemicals sampled were assessed. BMD10 is defined
as the dose associated with 10% response adjusted for background, BMD50 is associated
with a 50% adjustment (9), and BMDLs refer to the corresponding lower limit of a one-
sided 95% confidence interval on the BMD. BMDs and BMDLs were used for this
analysis instead of reference doses to which uncertainty factors (UFs) are generally
applied. This was done to minimize the variability and subjectivity that can result from
application of UFs, which has the potential to result in inconsistent human health

determinations. Further, BMDs and BMDLs are more consistent than other HHR Vs



(e.g., NOAELs) because there are not as dependent on study design or power.

The findings indicate that short-term rodent studies can reasonably provide a
quantitative estimate of chronic non-cancer BMDs and BMDLs. This may allow for
faster development of points of departure (PODs), i.e. the estimated dose near the lower
end of the observed range (9), for chemicals of concern in the environment that lack

chronic toxicity data.

2 Methods

The following section provides the methodology used to develop modeling
techniques to predict chronic toxicity levels from short-term toxicity data. Chronic and
short-term test results reported by the NTP between 2000 and 2012 were used. The dose-
response results for all non-neoplastic endpoints as well as organ and body weight,
identified as significant by study pathologists, were modeled using the EPA’s BMDS,
Version 2.6.1. Best-fit BMD10, BMDL10, and where applicable BMD50 and BMDLS50s
for each significant non-neoplastic lesion, body weight (BW) and organ weight (OW)
were identified. Then the minimum and median best-fit BMDs and BMDLs for each

chemical were identified. This section will describe this process in detail.

2.1 Data collection

Data collection began by extracting publicly available TRs associated with NTP
chronic Toxicity and Carcinogenicity Studies from their website (18). Most TRs include
summaries of major findings associated with short-term studies for the same chemical
substance. In addition, toxicity reports can be accessed which describe short-term studies
in more detail (19).

AIl NTP TRs, and where necessary toxicity reports, were reviewed for specified



chemical inclusion criteria; 41 chemicals met the criteria. For a list of chemicals that met
the criteria refer to Table 3 in the Results section. The inclusion criteria were as follows:
(1) the availability of both short-term and chronic toxicological studies; (2) exposure
routes which include feed, drinking water, and/or gavage; (3) TR final publication date
between 2000 and 2012. These dates were selected to ensure data both sufficient number
of studies and that TRs were published as final publications.

For TRs that met these criteria, the next step was to identify endpoints reported as
significant findings in the abstract of each TR. Only those endpoints are used in this study
because they are assumed to be the significant health effects based on consistent criteria
applied at NTP. This study assessed non-neoplastic lesions, BWs and OWs. For
dichotomous endpoints (non-neoplastic lesions), a dataset within the context of this study
includes the count of subjects (including species, sex and endpoint) within each exposure
group where the pathologist identified a particular non-neoplastic lesion. For continuous
endpoints a dataset is defined as the mean, standard deviation, and number of animals for
BW or OW for each dose group.

Doses were generally reported by NTP in mg/kg of BW. Therefore, each dataset
consisted of the following:

a. Chemical and TR

b. Duration (chronic and short-term)

1. Chronic is approximately 2 years
ii. Short-term is approximately 13 weeks
c. Species (F344/N and Wistar rat; B6C3F1 mice)

d. Sex (male and female)

10



e. Dose group (e.g., 0, 5, 10, 25, 55, 90 mg/kg per BW)
f. Non-cancer health effect:

i. Continuous endpoints: average final BW or OW at the various dose
group, total number of animal test subjects at each dose group, and the
standard error of the mean final weight at each dose group.

ii. Dichotomous endpoints: count of animals with non-neoplastic lesions
out of total at each dose group
For continuous data points the adverse dose-response direction must be recorded as
this is an important modeling assumption for continuous endpoints. Generally BW was
observed to go down as dose increased but there were a few instances where BW actually
increased following an exposure. Once the data collection was complete, each dataset

was then fit with between five and eight possible models to determine the best-fit model.

2.2 Batch-processing and modeling in BMDS
The next step was to model all datasets and to identify a best-fit model. While

BMD10 and BMDL10 were identified for all dataset types (i.e. continuous and
dichotomous), BMD50 was only modeled for dichotomous datasets. This is because
modeling BMD50 and BMDL50 would be associated with an average OW or BW
increase or decrease of 50%. This would inevitably lead to estimates that are not
physically possible for an animal to sustain.

The datasets were modeled in BMDS Version 2.6.1. Due to the large number of
datasets to be modeled, batch-processing techniques were developed to capture, convert
and create session files for the large amount of data. These methods were created using
R code and Visual Basic programming to splice the datasets and save them in comma
separated values format, then to create large text files to import datasets and create one

11



large session file for BMDS to read. The session files were programmed to fit each
dataset with various dose-response models.

Based on the BMDS user guidance the dose-response models fit to dichotomous
datasets were: 1) Gamma, 2) Logistic, 3) Log-Logistic, 4) Log-Probit, 5) Multistage in
multiple orders, 6) Probit, 7) Weibull, and 8) Quantal-Linear. For continuous data the
dose-response curves were: 1) Exponential, 2) Hill, 3) Linear, 4) Polynomial in multiple
orders, and 5) Power. (20) For continuous data, both modeled and constant variability
were tested for every dataset within each chemical of interest (18). Then a series of post-
modeling logical arguments based on the BMDS user-manual were applied to the results
to identify whether modeled or constant variability was appropriate. The logical
arguments applied are based on BMDS user guidance for Tests 2 and 3, which states:

Test 2: Tests the null hypothesis that variances are homogeneous. If

this test fails to reject the null hypothesis, the simpler constant variance

model may be appropriate. [Otherwise, non-constant variance option

was selected in the session title to remodel the dose-response

relationship]

Test 3. Tests the null hypothesis that the variances are adequately

modeled. If this test fails to reject the null hypothesis, it may be inferred

that the variances have been modeled appropriately.

(20)

The outputs of the BMDS modeling process are Excel spreadsheets which were
programmed to report the following information: dataset (i.e. health endpoint), model
type, benchmark response (e.g. 0.1 or 0.5), measurement of increased risk (i.e. “extra
risk’), BMD, BMDL, p-values for goodness-of-fit, Akaike Information Criterion (AIC),

scaled residuals for dosed and control groups (21). These raw results were next assessed

to identify the best-fit model for each dataset.

2.3 Filters
Once all datasets were modeled in BMDS, a best-fit model and thus best-fit

12



BMDs and BMDLs could be identified for each endpoint. Since BMDS is typically used
on a smaller scale, guidance is not provided in the BMDS user manual for mass
processing the selection of a best-fit model when multiple datasets need to be assessed
simultaneously. However, by turning the BMDS user guidance and other research
findings into a series of logical arguments, or filters, and applying them to all datasets
simultaneously, best-fit results could be identified efficiently.

It is important to note that any data removed as a result of these filters was
tracked, to identify endpoints for which no model could be fitted. The following provides
the series of operationalized filters applied to the spreadsheets of compiled results.

Filter 1. If any modeling error was reported, the data was removed and tracked
separately. This includes actual error indications, as well as physically impossible
findings (e.g. BMD=-999999). Physically impossible findings are assumed to be the
result of data that simply cannot be modeled by BMDS.

Filter 2. Examine the goodness-of-fit p-value and chi-squared residuals for each
model generated. The p-value provides an indication of how well the model fits the
observed dose-response data. The scaled residuals provide an indication of how well
a model fits the dose group closest to the calculated BMD or BMDL. A model was
retained if the p-value was greater than 0.1 and the absolute value of the chi-squared
for residuals for each doses group were all less than or equal to 2.0. Any model not
meeting these criteria is removed and tracked separately. (20)

Filter 3. If more than one model was found to meet the best-fit criteria, the Akaike
Information Criterion (AIC) was assessed within the remaining model choices for

each dataset. According to the BMDS user’s guide, the AIC can be used to compare
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different types of models that use a similar fitting method, with the lowest AIC
presumed to be the better fitting model. The AIC should only be used in cases of
models with BMDL values within a threefold difference. (20)

Filter 4. After finding the minimum AIC, some datasets still had multiple best-fit
models. According to the BMDS user guide, at this point visual assessment and a
review of literature for assessing realistic results should be implemented to determine
the best fit amongst the remaining models (20). However, with the vast quantity of
data being examined this approach was not practical. Ringblom, ef al. found that
BMD to BMDL ratios usually fell between 3 and 10 (22). So datasets having BMD to
BMDL ratios above 10 are not typical of a biological response (22), and any such
models were removed.

Filter 5. The remaining best-fit models were then averaged together, although
generally these instances resulted in BMD and BMDLs which were virtually or
completely identical. (22) (23)

Filter 6. After the application of the first five filters, each dataset (i.e. endpoint)
had a single (or averaged) best-fit model with a predicted BMD and BMDL (with the
exception of a few for which no model could be fitted; these were also tracked). With
numerous endpoints identified for each chemical and duration, the next step was to
determine the minimum (or median), best-fit BMD and BMDL for each chemical
within a chemical and study duration (i.e. chronic and short-term).

Although BMDLSs are commonly used by regulatory bodies such as the EPA to
set RfDs (24), BMD was also analyzed because it has the potential to be less

influenced by study design and power. Similarly, BMD10 and BMDL10 versus
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BMDS50 and BMDL50, and medians versus minimums were considered. It was
hypothesized that BMD50 and BMDLS50 and/or median values could be a more
robust POD. Continuous and dichotomous data were analyzed separately and later
combined (referred to as absolute) to determine if dataset type influenced the final
determinations. However, median BMD50s and BMDL50s and median absolute
values were not determined to ease computation since these were not a primary
research objective of the study. BMD50 and BMDLS50 was not determined for
continuous data because a 50% increase in risk for BW or OW would not provide a
biologically realistic response. Therefore the following PODs were analyzed:
— Minimum dichotomous: BMD10, BMDL10, BMD50 and BMDL50
— Minimum continuous: BMD10, BMDL10
— Minimum absolute: BMD10 and BMDL10
— Median dichotomous: BMD10, BMDL10, BMD50 and BMDLS50
— Median continuous: BMD10 and BMDL10
The objective is to relate short-term and chronic BMDs and BMDLs for each
chemical. However, it was possible that all endpoints could be filtered out for certain
chemicals in one or the other duration. This was the case for three chemicals, and the

results are represented in Table 3

2.4 Relation between chronic and short-term BMDs and BMDLs

Next, the relations between chronic and short-term BMDs and BMDLs were
examined for each of the following:
— Minimum dichotomous: BMD10, BMDL10, BMD50 and BMDL50

— Minimum continuous: BMD10, BMDL10
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— Minimum absolute: BMD10 and BMDL10

— Median dichotomous: BMD10, BMDL10, BMD50 and BMDL50

— Median continuous: BMD10 and BMDL10

Scatter plots were made for all of the data listed above in log-log and
untransformed scales (refer to Figure 2 and Figure 3 in the Results section). The relation
of chronic to short-term data was quantified using orthogonal regression (see below).
Residuals from these regressions were examined using residual plots and normal quantile
plots augmented by the Shapiro-Wilks test (Table 1 and Table 2). Both untransformed
and log-transformed values were examined. The log-transformation was unequivocally
better. Chronic and short-term log-transformed BMDs and BMDLs are linearly related
with approximate normality and homogeneity of variances (Table 1 and Table 2) (25).
As indicated in the sample of findings below, after log-transformation of BMD and
BMDL, p-values for the Shapiro-Wilk test were consistently above 0.05 and the Q-Q
plots were roughly linear. Therefore, it was determined that a log-linear methodology

was the most appropriate.

Table 1: Sample log diagnostic results: minimum, best-

Minimums RESIDUAL PLOTS

BMDLlOC W = 0-940’ Normal Q-Q Plot
p-value = 0.0894 7

fitted loglong Theoretical Quanties
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BMDLlOd W= 0988, Normal Q-Q Plot
p-value = 0.9674 -

[IPN4)

C

= continuous; “d”= dichotomous; “a”= absolute

Table 2: Sample log
MEDIANS

BMDL10d | W =0.93618,
p-value = 0.05265 1 :
%M’ ) 8 :
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BMDLSOd W = 0-97197, Normal Q-Q Plot
p-value = 0.4817 wl

[IPS) e 190

¢”’= continuous; “d”= dichotomous; “a”= absolute

Orthogonal regression was used because the predictor (short-term BMD or
BMDL) is a random variable, i.e., there is error in both variables. Accurate estimation
requires knowledge of the ratio between the variances of ‘X’ and "Y', which cannot be
estimated consistently from these data alone. For these data it was assumed the ratio of
variances (involving measurement and equation error) is 1. This is a plausible
approximation based upon the observations (Figure 2) and the similarity of the processes
generating the 'X' and "Y' data. Least-squares regressions were also estimated; the slopes
were biased downward, leading to over-prediction at low values and under-prediction at
high values. Accurate confidence intervals cannot be provided without knowledge of the
ratio of variances or replicate observations (26). However, the dispersion of observations
in Figure 2 suggests that prediction of a single new observation could entail a prediction
error of between 10-fold and 100-fold. This is also reflected in the least-squares
regressions, of which one example is shown in Figure 4 (note that this example was
selected merely because it is representative of the results). (27) (28) (29) (30) (31)

Orthogonal regressions were done in R code (32) and the estimates are reported
in Table 9 of the Results section. The resulting regression lines are included in Figure 2

and Figure 3.
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3 Results

The goal of this study was to assess the ability of short-term toxicity results to
reasonably predict chronic non-cancer health effect levels from short-term toxicity data.
This section provides the results of the investigation including: the chemicals from the
NTP TRs which met the criteria of the chemical inclusion assessment; the minimum,
best-fit BMDLs per chemical-duration; and the scatter plots and correlations resulting

from the statistical assessments of the observed distributions.

3.1 Chemical inclusion results

Table 3 describes those chemicals that met the chemical inclusion criteria: (1)
availability of both short-term and chronic toxicological studies; (2) exposure routes
which include feed, drinking water, and/or gavage; (3) TR final publication date between
2000 and 2012. While all of the chemicals listed in Table 3 met the chemical inclusion
criteria, a particular duration was absent for three out of the 41 chemicals after the
filtering described in the Methods section. This can be attributed to: (1) no significant
non-cancer health effects were reported in one study duration of a particular chemical; (2)
no best-fit model was found; (3) best-fit models were identified but not indicative of a
biological response, for example the BMD to BMDL ratio was greater than 10.

Table 3: NTP analyzed chemicals meeting chemical inclusion criteria.

Toxicity
Report # [report™  [Chemical CAS Exposure
TR470 Pyridine 110-86-1 Drinking Water
TR476 Primidone 125-33-7 Feed
TR491 Methyleugenol 93-15-2 Gavage
TR493 Emodin 518-82-1 Feed
TR494 Anthraquinone 84-65-1 Feed
TR495 Sodium Nitrite 7632-00-0 Drinking Water
TR497  |TOX-47 |Methacrylonitrile 126-98-7 Gavage
TR498  |[TOX-23 [p-Nitrotoluene 99-99-0 Feed
TR501 ,p'-Dichlorodiphenyl Sulfone[80-07-9 Feed
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TR504 |TOX-44 lo-Nitrotoluene 88-72-2 Feed

TR505 Citral 5392-40-5 Feed

TR506 Acrylonitrile 107-13-1 Gavage

TR508 [Tox-27 |Ridilline 23246-96-0 Gavage

TR509 2,4-Hexadienal 142-83-6 Gavage

TR510a Urethane + 0%Ethanol 51-79-6 Drinking Water

TR510b* |[TOX-52 |Urethane + 5%Ethanol 51-79-6 & 64-17-5 [Drinking Water

TR511 Dipropylene Glycol 25265-71-8 Drinking Water

TRS512* Elmiron® 37319-17-8 Gavage
trans-Cinnamaldehyde Feed

TR514 (Microencapsulated) 14371-10-9

TR516 2-Methylimidazole 693-98-1 Feed

TR533 Benzophenone 119-61-9 Feed

TR535 |TOX-67 @-Methylimidazole 822-36-6 Feed

TR537 Dibromoacetic Acid 631-64-1 Drinking Water

TR540 Methylene Blue Trihydrate  |7220-79-3 Gavage

TR541 Formamide 75-12-7 Gavage

TR544 Dibromoacetonitrile 3252-43-5 Drinking Water

TOX-72 |Sodium Dichromate Drinking Water

TR546 Dihydrate 7789-12-0

TR549 Bromochloroacetic Acid 5589-96-8 Drinking Water

TR550 [TOX-9 [Cresols 1319-77-3 Feed

TR551 [soeugenol 97-54-1 Gavage

TR554* 5-(Hydroxymethyl)-2-Furfural{67-47-0 Gavage

TRS557 B-Myrcene 123-35-3 Gavage
3,3,4.4 Gavage

TR558 |TOX-65 [Tetrachloroazobenzene 14047-09-7

TR560 Androstenedione 63-05-8 Gavage

TR562 Goldenseal Root Powder GOLDENSEALRT|Feed

TR563 Pulegone 89-82-7 Gavage

TR565* Milk Thistle Extract 84604-20-6 Feed

TR570 Alpha,Beta-Thujone 76231-76-0 Gavage

TR571 Kava Kava Extract 9000-38-8 Gavage

TRS575 Acrylamide 79-06-1 Drinking Water

TR579 IN,N-Dimethyl-P-Toluidine  [99-97-8 Gavage

* Not represented in final results.

3.2 Best-fit, minimum and median BMD and BMDLs

Best-fit BMDs and BMDLs per endpoint were determined using the filters

described in the Methods section. Next, the minimum (or median) best-fit BMD or

BMDL within each chemical-duration category was identified. These results are reported
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below in Table 4 through Table 8.

Table 4 represents the absolute minimum, best-fit BMDL per chemical-duration.

Minimum, best-fit BMDLs were also separately determined per chemical-duration for

continuous and dichotomous endpoints only. These results can be viewed in the scatter

plots reported in Figure 2 and Figure 3, but not represented in tabular format for

conciseness.

Table 4: Best-fit, minimum BMD10 and BMDLI10 absolute results.

Best-Fit, Minimum BMD10 Best-Fit, Minimum BMDL10
NTP ‘ Absolute . Absolute
TR # ChronlcEndpoint Sl EndpointChromcEndpoint o Endpoint
(merkg ™o ex (merkel oo (mekel o cu (mekel oo
BW) BW) BW) BW)
TR470 18.69 c 6.32 c 14.88 c 4.03 c
TR476 2.15 d 4.18 d 1.74 d 2.94 d
TR491 4.84 c 0.64 d 2.86 c 0.48 d
TR493 457.51 d 23532 ¢ 207.62 d 176.44 ¢
TR494 4.15 d 0.70 d 2.76 d 0.46 d
TR495 1.79 d 26.21 d 1.27 d 21.01 d
TR497 39.82 c 7.46 d 27.29 c 6.09 d
TR498 0.06 d 0.51 d 0.04 d 0.29 d
TR501 8.45 c 4.88 c 4.73 c 3.75 c
TR504 0.39 d 2.98 d 0.23 d 1.94 d
TRS505 111.73 c |585.91 c 93.62 c |419.14] ¢
TR506 9.12 d 34.84 d 5.85 d 19.11 d
TR508 0.14 d 0.16 d 0.08 d 0.09 d
TR509 5.01 d 63.84 d 4.15 d 37.87 d
TR510a 40.11 d 8.86 d 29.58 d 0.95 d
TRS511 14.98 d 24.28 d 7.55 d 14.44 d
TR514 150.24 c 38594 d 81.01 c 27126 d
TR516 1.49 d 66.05 d 0.94 d 38.46 d
TR533 1.24 d 32.58 d 0.23 d 6.83 d
TRS535 8.56 d 25.62 d 4.89 d 13.10 d
TRS537 15.39 d 5.08 d 8.52 d 2.93 d
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TR540 3.64 d 0.50 d 2.76 d 0.16 d
TR541 22.47 d 24.55 d 16.64 d 11.82 d
TR544 10.79 c 13.48 c 7.22 c 13.19 c
TR546 0.48 d 0.70 d 0.35 d 0.46 d
TR549 11.34 d 21.58 d 7.22 d 13.10 d
TRS550 3.01 d 20.93 d 1.87 d 5.26 d
TR551 7.46 d 41.81 d 6.07 d 18.99 d
TR557 0.03 d 0.06 d 0.01 d 0.04 d
TR558 0.48 d 0.28 c 0.32 d 0.08 c
TR560 0.37 d 1.95 d 0.26 d 0.57 d
TR562 87.45 d [211.30f ¢ 70.22 d |117.75| ¢
TR563 0.95 d 6.86 d 0.59 d 3.91 d
TR570 10.45 d 1.01 d 4.20 d 0.41 d
TR571 0.14 d 0.19 c 0.09 d 0.14 c
TRS575 0.30 d 31.83 d 0.08 d 17.44 d
TRS579 0.92 d 1.25 d 0.35 d 0.39 d
*c= continuous, d=dichotomous

Table 5 represents the best-fit, minimum BMDS50 results. These results were only
analyzed for dichotomous endpoints because the BMDS50 for a continuous endpoint does
not represent a biologically likely finding. For example, the BMD or BMDL at which an
animal would lose 50% of its BW would likely result in the animals death.

Table 5. Best-fit, minimum BMD50 and BMDL50 results.
Best-Fit, Minimum [Best-Fit, Minimum
BMD50* BMDL50*

(mg/kg BW) (mg/kg BW)

INTP TR# |Chronic [Short-term|Chronic |[Short-term
TR470 14.34 27.20 11.58 11.39
TR476  [40.44 28.68 33.65 20.16
TR491 29.95 28.71 23.54 20.97
TR493 13.10 45.19 2.23 41.72
TR494 7.60 7.33 2.69 0.76
TR495 120.54 1602.96 07.83 483.29
TR497 26.35 50.96 19.11 40.69
TR498 20.83 22.03 15.69 3.19
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TR501 20.83 22.03 15.69 3.19
TR504  [30.18 62.44 22.10 45.34
TR506  [60.00 38.71 23.35 31.84
TR508  [0.36 0.18 0.35 0.11
TR509 [28.91 85.20 25.74 63.72
TR510a [263.88 [12.21 194.60 6.25
TR510b [352.22 [177.90 [296.58 [95.27
TR511 01.06 162.06  W45.57 95.83
TR512  [22.50 11.10 15.98 6.34
TR514  [548.79 {423.06 |@497.09 [309.29
TR516 13.39 74.62 8.46 57.84
TR533  [7.00 190.07 .06 36.72
TRS535  [29.44 85.77 19.90 79.42
TR537 138.53 |18.30 54.55 10.55

TR540 19.07 4.50 14.26 1.40
TR541 68.75 02.67 63.36 66.93
TR546  [3.29 4.62 2.57 3.03

TR549  [29.71 39.54 25.12 33.04
TR550 [27.12 106.41 16.86 47.31
TR551 49.11 21240  [7.13 159.83
TR557  (0.10 0.40 0.08 0.26
TR558  [4.29 2.31 2.88 1.37
TR560  [3.33 5.00 2.37 3.43
TR562  [575.34 [524.10 [@461.99 |87.90
TR563 8.58 22.99 5.34 17.31
TR570  [26.80 0.09 21.45 3.70
TR571 0.27 1.00 0.24 0.79
TR575 [2.74 35.96 0.75 28.81

*Only dichotomous endpoints were analyzed for
BMD50 and BMDLS50 results.

Table 6 represents the best-fit median results for BMD10 and BMDL10,
dichotomous datasets only; and Table 7 represents the results for the best-fit BMD10 and
BMDLI10, continuous datasets only. No absolute determination was made for the median

data because medians were not the primary focus of the study. Since BMDS modeling
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format dictates the segregation of the dataset types and median findings were not primary

to the research question the results remain in that format.

Table 6: Best-fit, median BMD10 and BMDLI10 dichotomous datasets.

Best-fit, Median BMD10 | Best-fit, Median BMDL10
(mg/kg BW) (mg/kg BW)

Dichotomous datasets Dichotomous datasets
Chronic | Short-term
TR476 28.12 55.91
TR491 60.75 109.28
TR493 557.08 2635.12
TR494 152.14 26.40
TR495 5.11 1435.69
TR497 213.84 225.70
TR498 13.60 8.54

NTP TR#

TR504 4.83 59.27
TR506 14.55 34.86
TR508 0.70 4.75

TR509 23.08 103.13
TR510a 161.56 482.89
TRS511 747.04 6731.90
TR514 292.88 1838.23
TR516 115.55 224.64
TRS533 9.89 548.21
TRS535 45.74 158.67
TR537 15.56 113.89
TR540 14.84 37.23
TR541 33.69 139.75
TR546 2.06 12.29
TR549 19.77 28.29
TR550 203.74 508.78
TRS551 225.70 197.80
TRS557 0.21 0.93
TRS558 14.16 1.68
TR560 12.80 1.95
TR562 348.51 1911.32
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TR563 50.51 99.24
TR570 36.41 61.20
TRS571 0.48 0.43
TRS575 2.78 139.72
TRS579 25.01 55.32

Table 7: Best-fit, median BMD10 and BMDL10, continuous datasets

Best-fit, Median
BMD10
I;Ig (mg/kg BW)
Continuous datasets
Chronic | Short-term
TR470 18.69 12.93
TR476 |162.90 42.40
TR491 20.10 350.98
TR493 1776.15 |[2322.70
TR494 |494.67 49.69
TR495 163.01 494.93
TR497 |39.82 48.75
TR498 |529.20 700.89
TR501 15.486 36.34
TR504 145.12 133.15
TR505 176.90 601.01
TR508 1.60 13.78
TR509 128.32 71.14
TR510a |168.38 293.92
TR511 1918.72 |3730.44
TR514 | 386.47 1145.85
TR516 189.485 [668.91
TR533 67.48 261.23
TR535 |83.49 157.23
TR537 | 34.25 102.91
TR540 |28.16 26.28
TR541 55.54 89.97
TR544 14.50 13.48
TR549 |41.59 121.01
TRS558 10.03 0.33
TR562 313091 [531.57
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TR563 | 44.40 82.59 41.95 61.99
TR570 17.17 47.78 13.35 29.34
TR571 ]0.93 0.65 0.76 0.53

TR579 |38.01 97.30 27.78 63.64

Table 8 represents the best-fit, median BMD50 and BMDLS50 results. As with the
best-fit, minimum BMD50 and BMDLS50 results, only dichotomous datasets were
considered because the BMD50 or BMDLS50 of continuous datasets would represent
results that are not biologically likely to occur.

Table 8: Best-fit, median BMD50 and BMDL5( results.

Best-fit, Median Best-fit, Median
BMD50 BMDL50
I;Ig (mg/kg BW) (mg/kg BW)
Dichotomous datasets Dichotomous datasets
Chronic | Short-term Chronic Short-term

TR470 [42.28 44.72 36.16 35.39
TR476 |68.30 374.19 58.62 293.07
TR491 140.29 689.90 87.16 326.59
TR493 27.00 241.36 20.19 176.10
TR494 [ 866.60 359.47 521.82 296.40
TR495 123.69 847.39 106.27 763.98
TR497 [27.13 169.82 19.73 110.53
TR498 |202.74 107.12 158.87 75.57
TR501 202.74 107.12 158.87 75.57
TR504 161.33 334.92 139.64 281.76
TR506 109.42 39.46 37.38 33.04
TR508 1.79 8.30 1.36 3.61
TR509 |70.45 119.81 60.52 101.09
TR510a [1109.75 |623.04 704.79 542.47
TR510b |653.97 610.44 404.03 557.69
TR511 2545.79 19128.47 2281.76 4259.63
TR512 159.58 266.64 115.88 144.47
TR514 | 548.79 3520.56 497.09 2965.76
TR516 [237.33 241.22 214.73 175.82
TR533 53.05 752.43 44.54 719.75
TR535 |240.81 310.48 119.45 231.68
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TRS537 140.05 122.29 61.48 95.90
TR540 |45.21 52.11 39.30 35.36
TR541 88.37 170.40 71.26 139.78
TR546 | 7.66 36.15 6.01 33.37
TR549 132.74 39.99 61.82 34.77
TR550 |656.46 1271.83 561.08 1044.03
TR551 740.88 441.09 402.60 319.67
TRS557 [0.54 1.67 0.50 1.18
TRS558 92.41 6.59 57.63 3.40
TR560 |54.74 5.00 43.79 3.43
TR562 1255.41 |2159.47 989.74 1728.84
TR563 113.98 127.44 99.50 79.92
TR570 |62.65 102.35 52.38 90.33
TR571 1.34 1.56 1.09 1.07
TRS575 11.20 155.13 7.48 80.03

3.3 Results of orthogonal regressions

This section describes how the results presented in Table 4 through Table 8 were
plotted including the trend lines for the orthogonal regression techniques. Chronic non-
cancer toxicity data represents the dependent variable, and the short-term toxicity data
represents the independent variable. Orthogonal regressions were applied to each scatter
plot to examine the linear relationship because it is assumed that both variables have
some measurement error (28). The resulting scatter plots and trend lines are reported in
Figure 2 and Figure 3 and the correlations and statistical assessments for these plots can
be found in Table 9. Since these data were determined to be log-log, it is represented by
the form:

y= 10"(Coefficient a+ Coefficient b*log(x)).
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Figure 2: Minimums: best-fit, BMD and BMDL scatter plots (Log10)
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Figure 3: Median results: Best-fit, BMD and BMDL scatter plot results (Logl10)
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Median, Best-fit BMD50: Chronic versus Short-term Median, Best-fit BMDL50: Chronic versus Short-term

Se+02

BMD50: Chronic {mg/kg)
Se+01
|
BMDLS0; Chronic (mgikg)
5e+01
1

5e+00
Sa+00
I

Se-01

5 10 50 100 500 5000 1 5 10 50 100 500 5000

BMDSO0: Short-term {mgikg) BMDLSQ: Shert-term (mg/kg)

Figure 4 represents the least-square regressions for minimum BMDL10 chronic
versus short-term (selected as an example because it is representative of results). The
90% confidence interval are represented with dotted lines, and the 90% prediction
interval for a single prediction in dashed lines. This figure highlights the amount of error
(between 10-100 fold) associated with the predication of a single chemical from the data
(i.e. the prediction interval). Prediction intervals calculate where the next data point
sampled is expected. Confidence intervals assess how well the mean has been
determined given a random sample. Therefore, the prediction interval must account for
both the uncertainty of the sample mean plus the uncertainty within the data scatter. So a
prediction interval is always wider than a confidence interval, which in this study
accounts for much of the error in predicting a single chemical’s chronic BMD or BMDL.

(33)
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Minimum, Best-fit BMD10: Chronic Versus Short term
(absolute endpoints)

Se+00 Se-01 S5c+02

BMD10 Chronic (mg/kg)

Se-01
1

Se-02

T (— L— L— T
S5e-02 5¢-01 5¢+00 S5et01 5¢+02
BMD10 Short-term (mg/kg)

Note: data in log format.

Figure 4: Least-squares regression minimum BMDLI0

The trend lines reported in the scatter plots in Figures 2 and 3 correspond to
function: y= 10"(Coefficient a+ Coefficient b*log(x)), where coefficient ‘a’ and ‘b’ and
the confidence limits for the ‘b’ (i.e. slope) are reported for each parameter in Table 9.
Results of the Pearson correlations ranged from 0.69 to 0.81; and Spearman correlations

ranged from 0.59 to 0.84. All were significant at p< 0.001.
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Table 9: Orthogonal regression analysis statistical assessments

0.97

371 -0.25 ](0.69,1.36)
0.96

371 -0.19 ](0.66,1.39)
0.84 0.87

30 0.26 (0.57,1.21) |30 | 0.10 (0.65. 1.16)
0.81 0.83

30 0.29 (0.52,1.22) |30 | -0.15 |(0.59,1.16)
0.95 0.95

33 ] -0.30 ](0.66,1.35) (33| -0.08 |[(0.58,1.15)
1.03 0.83

36 | -0.19 ](0.79,1.36) [36 | 0.18 (0.72. 1.25)
0.97 0.80

33 ] -0.24 ](0.64,1.45) 33| -0.07 |[(0.55,1.11)
0.97 0.91

36| -0.04 ](0.67,1.39) (36 ] 0.00 (0.70, 1.17)

*Upper Limit (UL); Lower Limit (LL)

4  Discussion

This study investigated whether, in the absence of the necessary chronic non-cancer
toxicity data, short-term non-cancer toxicity data can be used to predict chronic non-
cancer health effect levels by focusing on the dose-response relationship instead of a
critical effect. This is a novel approach. Based on a review of publically available
chemical substitution and single chemical assessment frameworks there is typically a
focus on hazard instead of dose or effect level.

In practice, a minimum BMDL10 is typically used to developed reference doses
(RfDs) by such regulatory bodies as EPA (24). Selecting the health effect that occurred
at the lowest dose (i.e. critical effect) is considered more health protective (24).

However, recall that in this study, in addition to minimum BMD10 and BMDLI10, other
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parameters were also analyzed that were hypothesized to be less influenced by study
design and power which do not exist at the lower or upper boundary of the spectrum of
data. Therefore, the following parameters were analyzed:

— Minimum dichotomous: BMD10, BMDL10, BMD50 and BMDL50

— Minimum continuous: BMD10, BMDL10

— Minimum absolute: BMD10 and BMDL10

— Median dichotomous: BMD10, BMDL10, BMD50 and BMDLS50

— Median continuous: BMD10 and BMDL10

The findings indicate that regardless of the chemical or health endpoint, short-term
toxicity studies reasonably provide a quantitative estimate of chronic PODs. This can
allow for faster development of PODs for target chemicals in the environment that lack
chronic toxicity data. The chronic and short-term BMDs and BMDLs were highly
correlated in all cases, with Pearson correlation coefficients between 0.69 and 0.81 (p <
0.001). Further, the lower confidence limits of the orthogonal regression for b
coefficients (i.e. slope) are all greater than zero, which is also an indication of good
model fit. The scatter plots suggest log-log form and the Pearson and Spearman
correlations strongly support that impression.

Based on the statistical findings, BMD and BMDL median and minimum best-fit
non-cancer chronic and short-term data all appear to be strongly correlated. In practice
minimum values are utilized to derive reference values (24), however this study
investigated other descriptions of toxicity, hypothesizing that, for example, median data
may be more representative of the range of data and provide more robust predictors.

However, the findings indicate that chronic and short-term findings for either the median
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or minimum best-fit results are all highly correlated.

Findings for BMDS50 and BMDL50 have a similar pattern. As compared to the
findings for BMD10 and BMDL10 results, the use of BMD50 and BMDLS50 have a
similar level of confidence (per the similar ranges of the Spearman and Pearson
correlation results). The same is true for comparing dataset type, absolute, continuous
and dichotomous are all highly correlated. Therefore, in recommending a correlation,
since all are significant and highly correlated, the choice would depend mainly on the
dataset type and behavior. For example, if one were analyzing continuous data, while the
equations for absolute data could be used it would be recommended that the correlations
for continuous data be selected. Both are highly correlated and therefore the most
appropriate equation would be based on the type of data and not the quality of the
predictive relationship.

It is important to note however that the prediction of an individual chronic value
for a single chemical would involve considerable uncertainty, between 10-fold and 100-
fold. This can be seen in the large spread of data in Figure 2 and Figure 3. Further,
Figure 4 provides an example highlighting that prediction of a single new observation
could entail a prediction error of this magnitude.

All of these findings indicate that short-term non-cancer toxicity data may provide
a good indication of non-cancer chronic toxicity levels. This finding is true for
continuous, dichotomous and absolute datasets, as well as between minimum or median

BMD and BMDL findings, BMD50 and BMDL50, and BMD10 and BMDL10.

4.1  Study limitations

Limitations of this study were introduced during chemical identification and the
modeling phase. In identifying significant health endpoints to be modeled as datasets in
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BMDS, the assumption of this study was that those endpoints identified by the
pathologist and reported in the abstract of NTP TRs were the on/y significant non-cancer
findings. However, it is possible that pathologist identification, especially for the
presence of non-neoplastic lesions, could have varied between NTP reports. Also, as
Wang and Gray point out, possible changes in NTP practices or pathology nomenclature
over time could have impacted reporting (2) although the inclusion criterion of TRs
published between 2000 and 2012 was intended to minimize the chances of this
occurring.

Similarly, by assessing only NTP identified chemicals it is possible that there is
some pre-selection bias in how and which chemicals were selected. Generally, NTP uses
a process to elect chemicals based upon the prolific use in the public or an emerging use
of some chemical (34). This could mean that chemicals in this study might not be from a
completely random sample. Further, a limitation of the benchmark dose approach in
general is that only a limited number of animals and dose groups are tested and since this
approach focuses on finding a dose corresponding to a predefined response, having
limited doses and animals can be impactful (35).

Another important note is that allometic scaling for interspecies dose extrapolation
was not performed on this data. Also, by using non-cancer endpoints alone it was not

considered if an increase in neoplastic lesions influenced the non-cancer response.

4.2 Conclusions

The findings indicate that regardless of the chemical or health endpoint, short-
term animal studies reasonably provide a quantitative estimate of chronic non-cancer
toxicity levels: BMD10, BMDL10, BMDS50 and BMDLS50. This can allow for faster
development of PODs for use in developing reference values like the reference doses (21)
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or margins of exposure (21) or for direct comparison between chemicals like that in
Chapter 4. This finding is highly correlated, and true for continuous, dichotomous and

absolute datasets, as well as between minimum or median BMD and BMDL findings.
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Chapter 3. Assessing Implicit Assumptions in Toxicity Testing Guidelines

1 Background

Traditional toxicology testing guidelines recommend using mice and rats of both
sexes as test subjects to predict human health toxicity outcomes (2) (10) (11) (12) . This
recommendation appears to maintain consistency and comparability between tests and
testing guidelines. Mice and rats have significant conventional knowledge, historical
availability, and ease of care and breeding, making them ideal test subjects, (36). Testing
of both sexes of these rodents ensures completeness in the assessment of possible health
effects and sensitivities from chemical exposures. (36) (37) (38)

The goal of toxicity testing is generally to assess human toxicity to chemicals and
find the critical effect in the most sensitive sex and species to be used in chemical
assessments and regulatory applications (6). Relative species or species-sex sensitivities
can greatly influence regulatory toxicology determinations. Although there is not
substantial literature describing why, the recommendation to assess all four species sex
groups (male rats, female rats, male mice, and female mice) appears to be a convention
adopted to ensure that the critical effect is captured. Discussions of relative sensitivities
of animal subjects in the literature are generally considered within the context of a
specific chemical or a specific health endpoint.

This study has operationalized the conventional recommendation of testing mice and
rats of both sexes to mean that over a large group of chemicals, any one of these groups
may be the most sensitive. Meaning that the distribution of species-sex sensitivities over
a large group of chemicals would be a uniform distribution. This study refers to this
uniform distribution as an implicit assumption of uniform species-sex sensitivities. The

results of a large number of chronic and short-term toxicology tests for non-cancer effect
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levels in mice and rats of both sexes were analyzed to determine if the most sensitive
species-sex distribution is uniform or if certain groups are found to be most sensitive
more frequently.

This study focuses on non-cancer endpoints. Dichotomous and continuous data were
considered in this study because they are a sensitive mark of toxicity and regulatory

bodies such as the EPA use both types to set reference values (8).
1.1 Guidelines for Species-Sex Selection in Toxicity Selections

This section provides examples of notable toxicity testing and study design
guidelines. All of these testing guidelines highlight examples where mice and rats of
both sexes are recommended as test subjects. Generally the rationale for testing is
convention, ease of care, or comparability, with less emphasis on relative sensitivities.

According to the Organization for Economic Cooperation and Development’s
(OECD) Guidelines for Testing of Chemicals, Test Guideline for Chronic Toxicity, the
majority of chronic toxicity studies are carried out in rodent species and “both sexes
should be used” (11). While not explicitly mentioned, the implication is to use rodents
of both sexes for comparability and completeness. They state that rats and mice are
“preferred models” (11) because of their short life span, their widespread use in other
studies, their susceptibility to developing tumors, and the availability of strains; because
of these factors there is a large amount of information available on their physiology and
pathology (11).

The Canadian Council on Animal Care suggests that mice models were relied upon
over the last 30 years because there are more data and best practices available for these

study subjects and their genome are mapped better. Further, laboratory rodents in general
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are frequently perceived to have relatively few requirements other than basic housing,
husbandry, and dietary needs (10).

Similar to the OECD, the NTP begins their section about “Experimental Animal
Selection” in their guidance on toxicology and carcinogenesis study designs, “toxicity
and carcinogenesis studies are conducted on mice and rats” (12), with minimal discussion
as to why. The discussion of animal selection mentions which strains of mice and rats
make the best test subjects (12). After a thorough review of the NTP database of TRs it
can be concluded that test subjects other than mice and rats are used by NTP but it is
clearly not typical practice (12) (18).

There have been notable areas in toxicology testing where differences in species
sensitivities are considered. Thalidomide, a drug widely used in the 1950s and 1960s to
treat morning sickness, was eventually linked to thousands of birth defects in children.
However, initially the link between this drug and its developmental effects were not
determined because rat experiments did not produced comparable malformations.
However, after testing rabbits the link between thalidomide and the birth defects was
confirmed. This episode led to the development of systematic developmental toxicology
testing protocols in the U.S. and internationally which requires developmental toxicology
testing to be conducted on two species, one of which cannot be a rodent. (39)

This study modeled and determined best-fit, minimum BMDL10s for a large group
of chemicals and assessed the resulting distribution of species-sex sensitivities to

determine the uniformity of the results.

2 Methods

The following section provides the methodology used for analyzing the relative
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sensitivity of each species-sex test group in NTP short-term and chronic toxicity tests.
TRs (and Toxicity reports, where applicable) reported by the NTP between 2000 and
2012 were used. The dose-response results for all non-neoplastic endpoints as well as
organ and body weight, identified as significant by the NTP pathologists, were modeled
using the Environmental Protection Agency’s (EPA) Benchmark Dose Software (BMDS)
Version 2.6.1. BMDLI10s from best-fit models for each endpoint were identified. Then
the species and sex associated with the minimum BMDL10 for each chemical was

identified. This section will describe this process in detail.

2.1 Data Collection

Data collection began by extracting publically available TRs associated with NTP
chronic Toxicity and Carcinogenicity Studies from their website (18). Most TRs include
summaries of major findings associated with short-term studies for the same chemical
substance. In addition, Toxicity reports, which describe short-term studies in more detail,
were accessed if more detailed was needed (40).

All NTP TRs, and where necessary Toxicity reports, were reviewed for specified
chemical inclusion criteria, where 41 chemicals met the criteria. For a list of these
chemicals refer to in the Results section. The inclusion criterion were as follows: (1) the
availability of both short-term and chronic toxicological studies; (2) exposure routes had
to be through one of the following methods: feed, drinking water, or gavage; (3) TR final
publication date between 2000 and 2012. This time frame was chosen because it
provided ample, recently published data in final publication form.

For TRs that met the above criteria, the next step was to identify datasets of

interest within each TR. Within the abstract of each TR a summary of significant
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findings is provided as assessed by the pathologists. Only those endpoints identified in
the abstract are assessed in this study because those are assumed to be the significant
health effects. This study assessed non-neoplastic lesions (dichotomous endpoints) and
body and organ weights (continuous endpoints). For dichotomous endpoints, a dataset
within the context of this study includes the count of subjects (including species, sex and
endpoint) within each exposure group where the pathologist identified a particular non-
neoplastic lesions (note that severity categories were not considered). For continuous
endpoints, a dataset is defined as either the mean body weight or mean organ weight for
each dose group.
Doses were generally reported by NTP in mg/kg of body weight. Therefore, each
dataset consisted of the following:
a. Chemical and TR (41 chemicals total): see Table 10 for or a list of chemicals
that met the chemical inclusion criteria.
b. Duration (chronic and short-term)
1. Chronic is approximately 2 years
ii. Short-term is approximately 13 weeks.
c. Total number of animal test subjects
d. Species (F344/N and Wistar rat; B6C3F1 mice)
e. Sex (male and female)
f. Dose group (for example, 0, 5, 10, 25, 55, 90 mg per kg body weight)
g. Health effect:
1. Continuous endpoints: average final body weights; or average organ

weight at the various dose group. Standard errors, which were
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converted into standard deviation using historical controls were also
extracted.
ii. Dichotomous endpoints: Incidence of non-neoplastic lesions at each
dose group
For continuous data points, the adverse direction must be recorded as this is an
important modeling assumption and was not as consistent as one may assume. For
example, generally body weight was observed to go down as dose increased but there are
notable examples where body weight actually increased following an exposure (41).
Consider female rats in TR512 (Elmiron®), it is noted in the abstract that as compared to
vehicle controls, “the mean body weight of all dosed groups of female [rats in short-term
testing] were greater” (41). Once the data collection was complete, each dataset was then
fit with between five and eight possible models to determine the best-fit model, which is

discussed in the next section.

2.2 Batch-Processing and Modeling in BMDS

In order to assess the uniform species-sex sensitivity assumption, first all datasets
were individually modeled for best-fit model determination. Ultimately, the minimum
best-fit BMDL per chemical and study duration (this combination is henceforth referred
to as chemical-duration) could then be binned by species-sex identifiers. Then the next
sections will describe the best-fit BMDL identification and the assessment of species-sex
sensitivities over the entire chemical sample.

All findings determined by the NTP, even non-significant findings, are reported in
excel files the Chemical Effects in Biological Systems Database (CESB) (34). Using

U.S. EPA BMDS Version 2.6.1, R code and visual basic, batch processing techniques
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were developed to extract data from relevant endpoints from the excel files of total
findings in CEBS. Then each dataset was converted into single comma separated values
(csv) files and then to data files (.dax) to be utilized by BMDS. These data files were
then further batch processed into session files to be modeled in BMDS. Based on the
BMDS user guidance for dichotomous data the dose-response models fit to all datasets
included: 1) Gamma, 2) Logistic, 3) Log-Logistic, 4) Log-Probit, 5) First, second and
third degree multistage, 6) Probit, 7) Weibull, and 8) Quantal-Linear. For continuous
data the dose-response curves included: 1) Exponential, 2) Hill, 3) Linear, 4) first and
second degree polynomial, and 5) Power. (20)

For continuous data both modeled and constant variability were evaluated for
every dataset within each chemical of interest (18). Then a series of post-modeling
logical arguments based on the BMDS user-manual were applied to the results to identify
whether model or constant variability was appropriate. The logical arguments applied are
based on BMDS output narratives for Tests 2 and 3, which state:

Test 2: Tests the null hypothesis that variances are homogeneous. If

this test fails to reject the null hypothesis, the simpler constant variance

model may be appropriate.

Test 3. Tests the null hypothesis that the variances are adequately

modeled. If this test fails to reject the null hypothesis, it may be inferred

that the variances have been modeled appropriately.

(20)

BMDS output was saved in Excel spreadsheets which were programmed to report
the following information: dataset (i.e. health endpoint), model type, specified effect,
BMD, BMDL, p-value (or multiple p-values for continuous data), Akaike Information

Criterion (AIC), scaled residual for control and dose groups. These raw results were next

assessed to identify the best fit model for each dataset.
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2.2.1 Filters

Once all datasets were modeled in BMDS, a best-fit model and thus a best-fit
BMDL were identified for each dataset. BMDS user guidance and other considerations
were used to create a series of logical arguments, or filters, which were applied to
identify best-fit models efficiently.

It is important to note that any single endpoints removed as a result of these filters
was tracked, because it had to be considered if any datasets were completely removed
(i.e. if no model adequately fit any of the endpoints for the dataset). The filters are
described below.

Filter 1. If any modeling error was reported, the data for the endpoint was removed
and tracked separately. This includes actual error indications, as well as physically
impossible findings (e.g. BMD=-999999). Physically impossible findings are
assumed to be the result of data that simply cannot be modeled by BMDS.

Filter 2. Examine the chi-square goodness-of-fit p-value and chi-squared residuals
for each model generated. The p-value provides an indication of how well the model
fits the observed dose-response data. The chi-squared residuals provide an indication
of how well a model fits the dose group closest to the calculated BMD or BMDL.
Modeled data was retained if the p-value was greater than 0.1 and the absolute value
of the scaled residuals was less than or equal to 2.0. Any data not meeting these
criteria is removed and tracked separately. (20)

Filter 3. If more than one model was found to meet the best-fit criteria, the AIC
was assessed within the remaining model choices for each dataset. According to the

BMDS user’s guide, the AIC can be used to compare different types of models which
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use a similar fitting method (20). The AIC should only be used in cases of models
with BMDL values within a threefold difference. (20).

Filter 4. After finding the minimum AIC some datasets still had multiple best-fit
models and the same AICs. According to the BMDS user guide, at this point visual
assessment and a review of literature for assessing realistic results should be
implemented to determine the best fit amongst the remaining models. However, with
the vast quantity of data being examined this was not practical. As a result, BMD to
BMDL ratios were determined. Ringblom, et al. found BMD to BMDL ratios usually
fell between 3 and 10 (22). As such, datasets having BMD to BMDL ratios above 10
are not typical of a biological response (22), and were removed.

Filter 5. Any datasets where there were still multiple best-fit models were then
averaged together, although generally these instances resulted in BMD and BMDLs
which were virtually or completely identical. (22) (23)

After the application of these five filters, each dataset had a single (or averaged)
best-fit model with a predicted BMD and BMDL; recall that a dataset includes the dose-
response values for a particular health endpoint (i.e. body or organ weight, or presence of
a particular lesion) for a particular species and sex exposed to a particular chemical. For
a list of the total number of datasets before and after the application of filters, refer to the
results section Table 12.

With numerous endpoints identified for each chemical and duration, the next step
was to determine the minimum, best-fit BMDL for each chemical within a study duration
(i.e. chronic or short-term), as well as the species and sex associated with this value.

Refer to the results section for reports the minimum, best-fit BMDLs for each chemical,
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and for the total number of datasets per chemical (i.e. the number of datasets available
per chemical prior to the selection of a minimum per chemical). A minimum BMDL for
each chemical and duration was determined in three ways: 1) for continuous endpoints, 2)
for dichotomous endpoints, and (3) for all endpoints (referred to as the absolute
BMDL)’This was performed to determine if the type of endpoint had influence in the
sensitivity effects.

After determining the minimum, best-fit BMDL for each chemical, the species,
species-sex, and endpoint type (dichotomous or continuous) of each minimum BMDL
were binned by group. The next step was to apply statistical assessments to binned

results to determine the significance of the findings.

2.3 Statistical Analysis

Once the resulting best-fit, minimum BMDLs were binned by species, species-sex,
and dataset type (continuous or dichotomous), the results were assessed to determine the
significance of the observed trends. The statistical test of choice for the assessment of the
binned species, species-sex, and endpoint type of data is the chi-squared test for
goodness-of-fit. To test the implied assumption in many toxicity testing guidelines
suggest that all species sex combinations must be tested to capture the most sensitive
group, the statistical analysis will focus on whether there is a uniform distribution
amongst the species and species-sex groups. The null hypothesis is that the distribution
among the four species-sex groups follow a uniform distribution and therefore 25% of the
best-fit, minimum BMDLs per chemical-duration would fall into each species-sex group;
or in the case of analyzing species group, the null hypothesis would be that 50% of the

best-fit, minimum BMDL per chemical-duration would fall into each species group. For
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species or endpoint group the null hypothesis is that 50% of the binned results fall into
the associated group (i.e. dichotomous versus continuous; rats versus mice”). The
alternative hypothesis is that these values do not follow a uniform distribution. The null
hypothesis is rejected at p< 0.05 and the findings would be that at least one group has a
significantly higher chance of possessing the minimum BMDL. No pairwise comparison
were performed at this step.

To further assess which species-sex group(s) differ significantly from a proportion
of 25%, as assumed in the null hypothesis, a pairwise chi-squared goodness-of-fit test
was performed for each of the groups individually by comparing the target group to the
summation of the other three species-sex groups. Therefore the null hypothesis was
tested by determining if these counts follows a ratio of 1:3 (i.e., that their respective
probabilities are 0.25 and 0.75).For these comparisons the Bonferroni adjustment was
utilized (32) (i.e., a p-value of 0.0125 (0.05/4)), where the null hypothesis would
therefore be a uniform distribution where 25% of the results would fall into the species-
sex category of interest, and the remaining 75% would fall into the sum of the other
categories.

The next section discusses the results of the methodology described.

3  Results

This section provides the results of the investigation including the chemicals from
the NTP TRs which met the chemical inclusion assessment. Also reported in this section
are the number of raw datasets versus best-fit endpoints. Raw datasets correspond to the
pathologist identified dose-response data used as input to BMDS and best-fit endpoints

are those endpoints remaining after the modeling and filtering process. Also reported are
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the distributions of minimum, best-fit BMDLs across datasets, species, and species-sex

categories, as well as the resulting statistical significance of these observed distributions.

3.1 Chemical Inclusion Results

Table 10 describes those chemicals tested by NTP that met the chemical inclusion
criteria. It is important to note that while all of the chemicals listed in Table 10 met the
chemical inclusion criteria three of these chemicals are not represented in the final results
for one study-duration: TR512 (chronic), TR501b (short-term) and TR565). These three
chemicals are represented Table 10 with an asterisk and in Table 11 by hash marks. They
were excluded because: (1) no significant health effects were reported in one study
duration of a particular chemical; (2) there was no best-fit model that BMDS could fit to
the chemical or chemical-duration; (3) best-fit BMDLs were identified but were highly
uncertain because the BMDL to BMD ratio was greater than 10. In subsequent results,

chemicals are referred to by the TR.

Table 10: NTP analyzed chemicals meeting chemical inclusion criteria.

Toxicity)|
Report #report* [(Chemical CAS Exposure
TR470 Pyridine 110-86-1 Drinking Water
TR476 Primidone 125-33-7 Feed
TR491 Methyleugenol 93-15-2 Gavage
TR493 Emodin 518-82-1 Feed
TR494 Anthraquinone 84-65-1 Feed
TR495 Sodium Nitrite 7632-00-0 Drinking Water
TR497 [TOX-47[Methacrylonitrile 126-98-7 Gavage
TR498 |TOX-23|p-Nitrotoluene 99-99-0 Feed
p,p'-Dichlorodiphenyl Feed
TR501 Sulfone 80-07-9
TR504 [TOX-44|o-Nitrotoluene 88-72-2 Feed
TR505 Citral 5392-40-5 Feed
TR506 Acrylonitrile 107-13-1 Gavage
TR508 [Tox-27 |Riddelliine 23246-96-0 Gavage
TR509 2,4-Hexadienal 142-83-6 Gavage
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TR510a Urethane + 0%Ethanol|51-79-6 Drinking Water

TR510b*TOX-52[Urethane + 5%Ethanol|51-79-6 & 64-17-5 |Drinking Water

TRS511 Dipropylene Glycol  [25265-71-8 Drinking Water

TR512* Elmiron® 37319-17-8 Gavage
trans-Cinnamaldehyde Feed

TR514 (Microencapsulated) [14371-10-9

TR516 2-Methylimidazole  [693-98-1 Feed

TR533 Benzophenone 119-61-9 Feed

TR535 |[TOX-67@4-Methylimidazole  [822-36-6 Feed

TR537 Dibromoacetic Acid  |631-64-1 Drinking Water
Methylene Blue Gavage

TR540 Trihydrate 7220-79-3

TR541 Formamide 75-12-7 Gavage

TR544 Dibromoacetonitrile  |3252-43-5 Drinking Water

TOX-72|Sodium Dichromate Drinking Water

TR546 Dihydrate 7789-12-0
Bromochloroacetic .

TR549 Acid 5589-96-8 Drinking Water

TR550 |TOX-9 |Cresols 1319-77-3 Feed

TR551 [soeugenol 07-54-1 Gavage
5-(Hydroxymethyl)-2-

TR554 Fu(rﬁi,ral ymetyy 67-47-0 Cavage

TR557 B-Myrcene 123-35-3 Gavage

TOX-65(3,3',4,4'- Gavage

TR558 Tetrachloroazobenzene|14047-09-7

TR560 Androstenedione 63-05-8 Gavage
Goldenseal Root Feed

TR562 Powder GOLDENSEALRT]

TR563 Pulegone 89-82-7 Gavage

TR565* Milk Thistle Extract |84604-20-6 Feed

TR570 Alpha,Beta-Thujone |76231-76-0 Gavage

TR571 Kava Kava Extract 9000-38-8 Gavage

TRS575 Acrylamide 79-06-1 Drinking Water
IN,N-Dimethyl-P- Gavage

TR579 Toluidine 99-97-8

* One duration of results met chemical inclusion criteria but not represented

in final results.

3.2

Minimum, Best-Fit BMDL per Chemical-Duration

To assess the assumption of uniform species-sex sensitivity distributions in

general toxicology testing guidelines, best-fit models were determined in BMDS and
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resulting BMDLs were identified for each dataset using the filters described in the
Methods Section. Then the minimum BMDL within a chemical-duration category and its
associated species and sex were determined. These results are reported in Table 11.

Note that Table 11 represents the absolute minimum, best-fit BMDL per chemical-
duration. Minimum, best-fit BMDLs were also determined per chemical-duration for
continuous datasets and dichotomous datasets separately. Refer to Table 10 for a list of
chemical names and corresponding technical report numbers.

Table 11: Absolute minimum, Best-fit BMDLs per chemical-duration.

Chronic
Min Dataset

TR# BMDL Species | Sex | type*

TR470 1.76 Rats m d 4.03 rats f C
TR476 | 1.74 Rats f c 2.94 rats f d
TR491 2.86 Rats m C 0.48 rats m d
TR493 207.62 | mice m c 176.44 mice f C
TR494 | 2.76 mice f d 0.46 mice m d
TR495 1.27 Rats f c 21.01 rats f c
TR497 |27.29 [ mice f d 6.09 rats f c
TR498 0.0409 | Rats m d 0.29 rats f C
TR501a | 3.709 Rats f d 3.75 rats m C
TR501b | 4.73 rats m d

TR504 0.23 rats f d 1.94 rats m C
TR505 2.00 rats f C 419.14 mice f d
TR506 5.85 rats m C 7.036 rats f d
TRS508 0.078 rats m C 0.089 rats f d
TRS509 4.15 rats f d 37.87 rats m C
TRS510A [ 29.58 | rats f d 57.84 mice f d
TRS511 | 7.55 rats f c 14.44 rats m c
TR512 315.18 mice f d
TR514 81.01 rats m C 271.26 rats f d
TRS516 0.94 rats m C 38.46 mice f C
TR533 0.23 mice f C 6.83 rats m d
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TR535 4.89 mice m d 13.10 mice f d
TRS537 8.52 mice m C 2.93 mice m d
TR540 2.76 rats f C 0.16 rats f d
TR541 16.64 mice m C 11.82 rats f d
TR544 1.56 rats m C 13.19 mice f d
TR546 0.35 rats m C 0.46 mice m d
TR549 7.22 mice f c 13.10 rats f d
TR550 1.87 rats f c 5.26 rats f d
TR551 6.071 mice m c 18.10 rats m d
TRS554 25.47 rats f d 441.06 rats m C
TR557 | 0.014 | mice f c 0.040 mice m d
TRS558 0.321 rats m C 0.078 rats m d
TR560 0.26 rats f C 0.57 rats f d
TR562 70.22 rats f C 117.75 rats m d
TR563 0.59 rats f C 391 mice m d
TR565 443.16 | rats m C

TR570 4.20 mice f d 0.41 rats f C
TR571 0.092 rats m d 0.14 rats m C
TRS575 0.084 rats m d 17.44 mice f C
TR579 |0.35 rats m c 0.0019 rats m d
*d= Dichotomous; c= Continuous

Prior to the application of filters there were a total of 1706 datasets from 41
chemicals included in the study. Following the application of filters there was a
reduction to 1181 datasets. Datasets that are not included following the application of
filters can mainly be attributed to an inability of BMDS to fit a model to the dataset or

modeling error. Table 12 below describes these results in more detail.
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Table 12: Total number of datasets before and after the application of filters.

Raw datasets (continuous) 399
Raw Datasets (dichotomous) 1307
Total raw datasets 1706
Best-fit models per endpoint (continuous) 220
Best-fit models per endpoint (dichotomous) 961
Total best-fit models for all endpoints 1181
Percent raw datasets removed 31%

3.3 Minimum, Best-Fit BMDL Distribution by Species-Sex

This section presents the resulting distributions of the binned minimum, best-fit
BMDL10s identified per species, and species-sex groups. Goodness-of-fit and pairwise
analysis results are presented for species-sex findings as well as goodness-of-fit
comparisons for the species findings. Absolute minimum, dichotomous minimum, and
continuous minimum datasets are presented.

Table 13 through Table 15 represent the distribution of results and the goodness-
of-fit examination on the best-fit, minimum BMDLs per species-sex group associated
with absolute, continuous and dichotomous findings (absolute endpoints reported in
Table 11). Note that the tables are presented in terms of species for conciseness but that
the actual distribution assessed was that of species-sex. In all tables, a chi-square test for
goodness-of-fit was made in each row. The results indicate that the distribution of
species-sex sensitivities, over the 41 chemicals and two durations, may not be uniform
(p=0.05). Note that dichotomous and continuous endpoints were analyzed separately
(and then combined for absolute findings), which allowed for the possible evaluation of

differences in sensitivity of the two types of endpoints (i.e., body weight or organ weight
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changes versus the presence of specific non-neoplastic lesions).

Table 13: Absolute minimum best-fit BMDL goodness-of-fit results, species-sex

Rats | Mice | p-value | Total
Chronic* | Number | 29.00 | 11.00 | 0.042 40.00
Percent | 72.50 | 27.50 | 0.0044 | 100.00
Rat | Mice Total
Short | Number | 27.00 | 19.00 | 0.145 46.00
Percent | 58.70 | 41.30 0.24 100.00

*p<0.05

Table 14: Dichotomous minimum best-fit BMDL goodness-of-fit, species-sex

Rats | Mice | p-value | Total
Chronic | Number | 21.00 | 17.00 0.112 ] 38.00
Percent 55.26 | 44.74 0.516 | 100.00
Rats Mice Total
Short* | Number | 26.00 9.00 0.008 [ 35.00
Percent 7430 | 25.71 0.0041 | 100.00
*p<0.05

Table 15: Continuous minimum best-fit BMDL goodness-of-fit, species-sex

Chronic Rats Mice | p-value | Total
Number 22.00 | 11.00 0.055 33.00
Percent 66.67 | 33.33 0.056 | 100.00
Short Rats Mice Total
Number 23.00 | 13.00 0.343 36.00
Percent 63.90 [ 36.11 0.096 | 100.00
*p<0.05

Table 16 through Table 18 represent the results for pairwise comparison of the
binned best-fit, minimum BMDLs per species-sex group associated with absolute,
continuous and dichotomous findings. In each table, chi-square tests for equality of

numbers. The results indicate that the distribution of species-sex sensitivities, over the 41
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chemicals and two durations, may not always be uniform. It is statistically significant
(p=0.00125) in a few instances, particularly continuous endpoints where male rats are
apparently more sensitive than the other species-sex groups, principally for chronic
continuous endpoints and dichotomous short-term endpoints.

Note that there are individual p-values for each species-sex group reported. The
p-values represent the test of goodness-of-fit of 25% versus 75% between the target
group and the sum of the other groups. As stated, the significance was determined at a
level of p=0.0125, therefore, based on the below results no significant difference was
detected in Table 16. But significant examples are represented in Table 17 and Table 18.

Table 16: Absolute minimum best-fit BMDL pairwise comparison, species-sex

Rats Mice
Male Female | Male Female | Total
Chronic | Number 15.00 14.00 5.00 6.00 40.00
P-value 0.067 0.14 0.068 0.14
Percent 37.50 35.00 12.50 15.00 | 100.00
Male Female | Male Female | Total
Short Number 13.00 14.00 5.00 8.00 46.00
P-value 0.27 0.14 0.068 0.47
Percent 28.26 30.43 10.86 17.39 | 100.00
*p<0.05 **p<0.0125

Table 17: Dichotomous minimum best-fit BMDL pairwise comparison, species-sex

Rats Mice
Chronic Male Female | Male | Female | Total
Number 6.00 [ 15.00* 6.00 11.00 | 38.00
p-value 0.19 0.039 0.19 0.57
Percent 15.79 3947 15.79 28.95 | 100.00
Short Male Female | Male | Female | Total
Number | 16.00** 10.00 | 2.00%* 7.00 [ 35.00
p-value 0.0047 0.63 [ 0.0084 0.49
Percent 45.71 28.57 5.71 20.00 | 100.00
*p<0.05 **p<0.0125
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Table 18: Continuous minimum best-fit BMDL pairwise comparison species-sex

Rats Mice
Male Female | Male | Female | Total
Chronic | Number | 15.00*%* | 7.00 5.00 6.00 33.00
P-value | 0.0067 0.62 0.19 ]0.37
Percent | 45.45 21.21 15.15 | 18.18 100.00
Short Male Female | Male | Female | Total
Number | 10.00 13.00 7.00 |6.00 36.00
P-value | 0.70 0.12 044 10.25
Percent | 27.78 36.11 19.44 | 16.67 100.00
*p<0.05 *#p<0.0125

Table 13 thought Table 15 represent the results for the goodness-of-fit
comparison of the binned best-fit, minimum BMDLs per species group associated with
absolute, continuous and dichotomous findings. The results indicate that the distribution
of species sensitivities, over the 41 chemicals and two durations, may not be uniform. It
is statistically significant (p= 0.05) in a few instances, particular amongst the absolute
findings.

Table 19: Absolute minimum best-fit BMDL pairwise comparison, species

Rats Mice | p-value | Total
Chronic | Number | 29.00* 11.00 | 0.0044 | 40.00
Percent | 72.50 27.50 100.00
Short Number | 27.00* 19.00 0.026 | 46.00
Percent | 58.70 28.26 100
*p<0.05

Table 20: Dichotomous minimum best-fit BMDL pairwise comparison, species

Rats Mice | p-value | Total
Chronic | Number 21.00| 17.00 0.52 ] 38.00
Percent 55.26 | 44.74 100
Short Number | 26.00* | 9.00| 0.0041 [ 35.00
Percent 7430 | 25.71 100.00
*p<0.05
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Table 21: Continuous minimum best-fit BMDL pairwise comparison, species

Rats Mice | p-value | Total
Chronic | Number 22.00| 11.00 0.055 33
Percent 66.67 | 33.33 100.00

Short Number 23.00 | 13.00 0.34 36.00
Percent 53.49 | 46.51 100.00

4  Discussion

This study assessed the relative toxicity distribution of mice and rats of both sexes
over a large group of NTP toxicity testing results, reported in their TRs. To investigate
this, best-fit minimum BMDLs for chronic and short-term toxicity testing results of 41
chemicals of varied application were modeled using BMDS. The resulting species-sex
distributions were assessed. Findings indicate that for the group of chemicals assessed in
this study that there is not a uniform species or species-sensitivity distribution. Indicated
in Table 13 through Table 15, for this set of chemicals, the goodness-of-fit results suggest
that rats tend to be significantly more sensitive than mice. Further, indicated in Table 16
through Table 21, the pairwise comparison results suggest that male rats are more
sensitive than the sum of the other groups for chronic continuous and short-term
dichotomous endpoints.

All of these findings are considered within the context of dose, instead of the
traditional context of health effect, and may have important implications for toxicity
testing guidelines. The results raise questions about the need to test all four species-sex
groups. Improving upon this could increase efficiency in toxicity testing and reduction of
resource burdens.

4.1 Study Limitations

Limitations of this study were introduced during chemical identification and

57



modeling. In identifying significant health endpoints to be modeled as datasets in
BMDS, the assumption of this study was that those endpoints identified by the
pathologist and reported in the abstract of NTP TRs were the only significant findings.
However, it is possible that pathologist identification, especially for the presence of non-
neoplastic lesions, could have varied between NTP reports. Also, as Wang and Gray
point out, possible changes in NTP practices or pathology nomenclature over time could
have impacted reporting (2).

Similarly, by assessing only NTP identified chemicals it is possible that there is
some pre-selection bias in how and which chemicals were selected. Generally, NTP uses
a process to elect chemicals based upon the prolific use in the public or an emerging use
of some chemical (34). This could mean that chemicals in this study might not be from a
completely random sample. Further, the limitation of the benchmark dose approach is
that only a small number of animals and dose groups are tested. Since this approach
focuses on finding a dose corresponding to a predefined response, having limited doses
and animals can be impactful to the power of the study (35).

Another important note is that allometic scaling for interspecies dose extrapolation
were not performed on this data, although since the scaling would have likely made rats
appear more sensitive, the results reported in this study would likely be amplified by
scaling. Further, Wistar rats and F344/N rat strains were combined, which could have
masked certain findings. However, since mice were a single strain there is added
reliability of those findings. Also, by using non-cancerous endpoints alone it was not

considered if an increase in neoplastic lesions influenced the non-cancer response.

4.2 Conclusions
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This study provides a strong indication that species and species-sex sensitivities may
not always be uniform. For the set of chemicals considered, rats were more sensitive
than mice and male rats were more sensitive than the combination of the other groups in a
few instances (depending on the endpoint type). The sheer amount of data processed and
modeled in this study is an asset to this finding and unlike any other studies of which the
authors are aware. These findings could have implications for future toxicity testing
guidelines and encourage more rigorous consideration of the relative toxicity within

toxicity testing guidelines.
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Chapter 4. Comparing Human Health Toxicity of Alternative Chemicals

1 Introduction

The goal of this study is to demonstrate methods to consider relative chronic toxicity
in determining the desirability of chemical alternatives, when the alternative chemical
lacks chronic toxicity data but the target does not. Massachusetts Institute of Technology
(MIT) Chemical Purchasing Wizard was selected as a prototypical chemical alternative
identification tool because it has clearly identified alternative recommendations for
specific target chemicals in specific functions. It must be emphasized that this paper is
not singling out MIT’s framework, but merely selected this tool for its ease of use and
representativeness. This study used predictive relationships developed by Kratchman et
al. (refer to Chapter 2, Equation 1) and short-term toxicity data to predict chronic toxicity
outcomes for proposed chemical alternatives that lack chronic toxicity data. These
findings were then compared to experimentally derived chronic BMDL10s for the
associated target chemicals and a human toxicity judgment for the pair was determined.

As the public demands safer chemical alternatives in products and processes there is
a need for ways to compare the relative human toxicity of target and alternative
chemicals. In addition to assessing health and toxic effects, alternative assessments often
introduce environmental objectives including other values as “legitimacy, equity, public
engagement, and accountability” (42) . There is ongoing debate about how to identify
“safer” alternatives, and it is possible that different approaches may yield different
chemical choices (4) (42).

A specific area of debate is the role of relative toxicity of chemicals in judging the

desirability of alternatives (43). Concern about potential harm to human health or the
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environment is a key element in identifying chemicals of concern as targets for
substitution. Yet these data may be lacking for alternative chemicals because hundreds of
new chemicals (and potential substitutes) are being synthesized every year (7) and
existing chemicals have different amounts of toxicological data. This has the potential to
result in substitutions based on an imbalanced understanding of the target and alternative
chemicals; this study is specifically focused situations in which the alternative has little

or no chronic toxicity data, but the target chemical has well studied chronic non-cancer
health effect levels.

Such disparities in data availability can result in regrettable substitutions. A
regrettable substitution is when hazardous chemicals are replaced with “substitute
chemicals or redesigned products or processes that may pose new and potentially greater
hazards” (44). A lack of toxicity for a chemical can be perceived as a finding of no
adverse health consequences, and therefore erroneously interpreted as safety, resulting in
a regrettable substitution (45). We focus on chronic toxicity data because these are by far

the most common basis for development of chronic human health reference values (13).

We assume that in assessing alternative-target chemical pairs, it is important to
have some measure of relative toxicity. Traditionally, these would be in the form of
chronic human health reference values (HHRVs) based upon experimentally derived
chronic toxicity data. However, obtaining such data is time and resource intensive and
too few chemicals have been evaluated in this manner (45), leaving chemicals in the
environment without fully characterized health effects or levels, or even the erroneous
assumption of safety (7) (13) (45). In addition, the National Academy of Sciences (NAS)

recommends that a comparative exposure assessment be performed as part of an
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alternatives assessment, even in a qualitative form (43). The NAS committee notes that
many existing chemical substitution frameworks focus on reducing hazards and only
peripherally consider relative exposure. Recognizing that physical-chemical properties of
alternatives could lead to higher or lower levels of exposure than the chemical of
concern, NAS recommends assessing “whether the expected exposures from the chemical
of concern and the alternatives would be substantially equivalent” (43) and if they are not

to that a detailed exposure assessment might become necessary. (43)

The purpose of this study is to demonstrate methods to assess the relative toxicity
of suggested chemical alternatives specifically when the target chemical possesses
experimentally derived toxicity data but the alternative does not. This approach could be
used if neither chemical had chronic toxicity data as well. We rely on relationships for
predicting chronic non-cancer toxicity levels using short-term toxicity data developed by
Kratchman et al. (Chapter 2). Recall that the correlations developed by Kratchman, et al.
apply only to non-cancer endpoints. This could be a limitation in determining regrettable
substitutions, especially in instances where cancerous endpoints were the most critical
effect (2). However, assessing endpoints in a quantitative manner in a step forward for

many chemical alternative comparisons.

Using these relationships (Chapter 2), two different target chemicals and their
suggested alternatives (referred to as target-alternative pairs) proposed by the
Massachusetts Institute of Technology (MIT) Green Chemical Purchasing Wizard
(referred to as MIT), were assessed (46). It should be emphasized that MIT’s framework
was chosen because it appears to be a prototypical alternatives assessment tool. They

clearly identify target and alternative chemicals for specific functions. Their stated goal
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is to reduce hazard potential, likely from a human health perspective, and burden to the
environment (46). These recommendations range from comparisons of cancerous effects

to ecological endpoints and typically lack quantitative comparison.

Through a decision framework approach, two chemical alternatives were
systematically identified that simultaneously lacked chronic toxicity data but possessed
standardized short-term toxicity data like that used in developing the relationships in
Kratchman et al. (Chapter 2). A larger pool of pairs would have been ideal but a lack of
data, both short-term and chronic, drove the number of pairs assessed in this study. Both
of the identified alternative chemicals are recommended by MIT as replacements for
target chemicals that have chronic toxicity data that is reasonably attainable (47) (48).
Importantly, since these chemicals are proposed within the MIT framework as
alternatives for the same function, and have relatively similar physical-chemical
properties, it is assumed that the relative expose between these target-chemical pairs

would be comparable (46).

The specific substitutions analyzed are d-Limonene as a substitute for toluene and
MTBE as a substitute for chloroform (46) (47) (48) (49) (50). The relative toxicity of the
target and substitute chemicals were assessed first by identifying and then modeling the
alternative’s short-term toxicity data in the Environmental Protection Agency’s (EPA’s)
Benchmark Dose Software (BMDS), Version 2.6.1 (20) (21). The resulting short-term
BMDL10s was then input into the Kratchman, et al., relationships to obtain the predicted
chronic non-cancer BMDL10s for the alternatives (51). These values were then
compared to the known experimentally derived BMDL10s of the target chemicals

proposed by MIT. The assumption is, assuming exposure are relatively similar, the
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chemical with the higher BMDL10 would be a better choice for a particular application
from a human health perspective.

While a variety of chemical substitution frameworks exist to compare chemical
alternatives. MIT’s was selected because it was representative of many of the available
chemical substitution tools, and MIT provides a clear identification of a target and
alternative chemical for a specific function, which was necessary for this assessment. It
is also recognized that a chemical substitution decision may need to consider many

factors in addition to human chronic toxicity (43).

2 Background

Many chemical substitution frameworks are available, some have been developed
as voluntary initiatives or for consumer awareness while others have certain regulatory
requirements. Jacobs, et al., performed a substantive review of similarities and
differences between many of these tools noting the rising importance a result of
“increasing pressures for hazardous chemical replacement” (4). Their analysis
considered hazard assessment, exposure characterization, life-cycle impacts, technical
feasibility evaluation, economic feasibility and decision making (4). They found that the
frameworks were generally consistent in terms of process, but often addressed different
endpoints, and had methodological gaps. They suggested the need for more consistency

in methods and metrics (4).

Clearly asymmetry in the availability of chronic toxicity data hinders the ability to
use this attribute in comparing chemicals. A number of approaches have been proposed
to help inform decisions about data-sparse chemicals. For example, the work of

Pennington, ef al. proposes techniques for the evaluation and screening of non-cancer
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toxicology effects by deriving fepio slope factors from bioassay and determining
possibilities for “extrapolation from other more readily available measures” (16) such as
no observed or lowest observed adverse effect levels (NOAELs and LOAELSs).

Another approach is the development of predictive models presented by the
quantitative structure-activity relationship (QSAR) methodology. This approach assumes
there is a correlation between biological and structural parameters, and bioactivity within
a group of chemicals (17). Toxicity Testing in the 21°" Century (Tox21) is a U.S. federal
government approach to developing methods to characterize non-cancer health risk from
chemicals without chronic animal bioassays using high throughput models. It is intended
for use in prioritizing animal testing or for use in risk assessments that lack available
chronic toxicity data (15) and its direct application to chemical substitution decisions
awaits development.

Kratchman, et al., proposed that by focusing on the dose-response relationship
instead of a critical health effect, that short-term data could be used to reasonably predict
chronic non-cancer health effect levels. Therefore they considered the relationship
between the doses associated with observed non-cancer chronic and short-term
BMDLI10s in sampled chemicals and developed predictive relationships. These
equations were utilized by this study to assess the pairs of target and alternative
chemicals.

The goal of this study is to demonstrate methods to include consideration of relative
chronic toxicity in determining the desirability of chemical alternatives, even when
chemicals lack chronic toxicity data. MIT’s Chemical Purchasing Wizard was selected

as a prototypical chemical alternative identification tool, because it has clearly identified
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alternative chemicals for specific target chemicals. The methodology used to assess these

chemical pairs is discussed in the next section.

3  Methods

This section describes the methodology used to identify, assess and compare the
relative chronic toxicity of alternative-target chemical pairs. A decision tree style
approach was developed to systematically eliminate target-alternative chemical pairs as
study subjects until only those remained that could effectively be analyzed. In order to be
analyzed the alternative needed high quality and consistent short-term toxicity data like
that used in developing the relationships in Kratchman ez al. (Chapter 2). This strategy
was used to reduce selection bias. The identified alternative chemical’s short-term
toxicity data was modeled in BMDS and a minimum, best-fit short-term BMDL10
identified. This value was then used to predict the chronic oral BMDLI10 (51). Then the
chronic oral BMDLI10 for the target and alternative could then be compared. The
underlying assumption is that, all other things being equal, the chemical with the higher
BMDLI10 is “safer” from a chronic non-cancer human health perspective.

The predictive relationships developed by Kratchman, ef al., examined the
relationship between the short- and long-term toxicity data of 41 chemicals tested by the
National Toxicology Program (NTP). They used all pathologist identified significant,
non-cancer health. All such endpoints (also referred to as datasets) were modeled in
BMDS and fit with best-fit models. The minimum best-fit BMDL10 was selected for
each of the 41 chemicals and utilized to develop equations where short-term toxicity data
can be used to predict doses associated with long-term toxicity levels. Once a BMDL10

1s established for the short-term data a chronic BMDL10 can therefore be established.
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3.1 Identification of Alternative-Target Chemical Study Subjects and PODs

This section discusses the decision framework used to systematically identify target-
alternative chemical pairs. There were a total of 88 possible substitutions suggested
within the MIT framework. Target-alterative pairs of interest in the MIT Chemical
Purchasing Wizard were those where the target chemical has an experimentally derived
oral non-cancer BMDL10s that can be found or derived through a reasonable review of
the literature, but the associated alternative has only short-term toxicity data reasonably
available. In addition, BMDS had to be able to fit at least one of the endpoints of the
short-term data with a best-fit BMDL10, using the guidelines provided in the BMDS
technical guidance (21). Each pair also was qualitatively assessed for relative exposure
to ensure that exposures are generally equivalent. For each chemical listed as either a
target or alternative MIT details the uses and processes for each with citations.
Therefore, qualitative assessment consisted of ensuring that the usage of each target and
alternative were comparable based upon the criteria and references provided. (46)

This process was operationalized in a decision-tree style approach, which is presented
in Figure 5 and discussed in detail. Target-alternative pairs remaining at the end of the
decision tree were considered as study subjects, and are represented by transfer points in
the decision-tree (triangles). Prior to the assessment of the target-alternative pairs, a
complete list of MIT proposed alternative chemicals was obtained from the website and
the Chemical Abstract Services Registry Number (CASRN) was identified for each. If
the CASRN of the alternative was not readily available on the American Chemical
Society or EPA websites then the pair of chemicals was removed prior to entry into the

decision-tree (52) (53).
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Figure 5 Target-alternative pair identification.
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STEP 1. Alternative: short-term toxicity data availability

Reasonable literature reviews were conducted for all alternatives to determine if
short-term data was available. Since the predictive relationships utilized were based on
NTP data, NTP was considered first as a potential data source. Any alternatives that
lacked NTP data were then searched using Google Scholar (54) with the following search
criteria: “[Chemical X] short-term toxicity data”, “[Chemical X] 90 day toxicity data”,
“[Chemical X] 13 week toxicity data”, and if no data was obtained, these searches were
repeated with the CASRN or synonymous chemical names. Any alternative chemicals
that did not have short-term data either through NTP or from another source, was
eliminated as a study subject. If an alternative were to identify that had multiple primary

studies, the study with the highest quality data would be chosen. Further, per the
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assumptions in the predicative relationships implemented in latter steps, the test subject
must have been either mice or rats and the exposure route either food, water or gavage
(referred to as oral throughout) (51).
STEP 2. BMDS assessment of alternative chemical
For alternative-target pairs meeting the first four criteria, the alternative chemicals
were then modeled in BMDS, Version 2.6.1. For dichotomous endpoints, a dataset
includes the total count of subjects per exposure group and the number within each
exposure group where the pathologist identified a particular non-neoplastic lesion; for
continuous endpoints a dataset is defined as either the mean BW or OW for each dose
group. Doses were generally reported in mg/kg of BW. (20)
Based on the BMDS user guidance for dichotomous data the dose-response models

fit to all datasets included: 1) Gamma, 2) Logistic, 3) Log-Logistic, 4) Log-Probit, 5)
Multistage, 6) Probit, 7) Weibull, and 8) Quantal-Linear. For continuous data the dose-
response curves included: 1) Exponential, 2) Hill, 3) Linear, 4) Polynomial, and 5)
Power (20). For continuous data, both model and constant variability were modeled for
every dataset within each chemical of interest (18). Then, for continuous datasets, logical
arguments based on the BMDS user-manual were applied to the results to identify
whether model or constant variability was appropriate. The logical arguments applied are
based on BMDS user guidance Tests 2 and 3, which states:

Test 2: Tests the null hypothesis that variances are homogeneous. If

this test fails to reject the null hypothesis, the simpler constant variance

model may be appropriate.

Test 3: Tests the null hypothesis that the variances are adequately
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modeled. If this test fails to reject the null hypothesis, it may be inferred

that the variances have been modeled appropriately.
21)

Next the global p-value and chi-squared residuals for each dataset were assessed.
The p-value provides an indication of how well the model fits the observed dose-response
data. The chi-squared residuals provide an indication of how well a model fits the dose
group closest to the calculated BMD or BMDL. Modeled data was retained if the p-value
was greater than 0.1 and the absolute value of the chi-squared for residuals was less than
or equal to 2.0 (21). Any dataset not meeting these criteria is removed and tracked
separately. After all of the datasets for an alternative chemical were modeled at least one
endpoint must have been fitted by BMDS or the alternative-chemical pair was eliminated.

The next step is to determine if the alternative chemicals identified have an
experimentally determined target chemical.
STEP 3. Target: Assess availability of experimentally derived toxicity data

For those alterative chemicals with short-term toxicity data, the target chemical must

have an experimentally established oral non-cancer POD (ideally chronic data). If not,
the target-alternative pair was removed as a possible study subject. Target chemicals
were searched in the IRIS database of chemicals by chemical name and CASRN. Ifno
usable POD (or data) was identified through IRIS, NTP was searched. Those chemicals
still without a chronic oral POD were search through Google Scholar for “[Chemical X]
chronic point of departure”, “[Chemical X] chronic oral reference dose”, “[Chemical X]
long-term toxicity”, and “[Chemical X] two year toxicity”. Searches were repeated with

CASRNSs and synonymous chemical names.
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3.2 Alternative chemical: Prediction of Chronic Oral BMDL10
In STEP 2 of Section 3.1 short-term alternative data were modeled in BMDS to

determine if BMDS could fit at least one of the significant health endpoints with best-fit
BMDL, those not meeting this criteria were eliminated. Now, using the same BMDS
output, a short-term BMDL10 can be identified for each alternative chemical accepted

into the study. Transfer point 1 from Figure 5 above is analyzed in Figure 6.

Figure 6. Alternative chemical: predicting minimum best-fit chronic BMDL10

Alternative: best-fit short-term
BMDLI10 for all datasets per
chemical-duration established

I
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BMDS able to BMDS fit more than
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Selected as default Minimum BMDL10
minimum BMDL10 selected

Chronic oral
BMDLI10 predicted
from short-term data
[cite Kratchman]

Entering the decision pathway identified by Transfer Point 1 Figure 5 indicates that
the alternative chemical’s short-term toxicity non-cancer data successfully resulted in at
least one best-fit BMDL10. Therefore next step is to identify the short-term BMDL10
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for the alternative chemical, which was completed through the following scenarios:

1) BMDS fit exactly one health endpoint with a best-fit BMDL10. Although the
decision pathway would remain the same, this scenario could occur in the following
situations:

a) The short-term toxicity data only had one non-cancer health endpoint available
for modeling.

b) The short-term data had multiple significant health endpoints but BMDS could
only model one of the health endpoints with a best-fit model. This could be
because there was a modeling error or because the global p-value or chi-squared
for residuals did not meet the criteria established for a good fit (see STEP 2 of
Section 3.1).

2) BMDS fit more than one health endpoint with a best-fit BMDL10.

The relationships later applied to predict chronic BMDL10 for the alternative chemical,

requires a minimum, best-fit BMDL10 per chemical. If an alternative chemical resulted

in only one short-term BMDL10, that value was treated as the minimum best-fit

BMDL10. However, in 2), multiple endpoints were fit with best-fit BMDL10s, the

minimum value was selected. This is consistent with the assumptions of Kratchman, et

al. (51)

Next the alternative chemical’s minimum best-fit BMDL10 short-term, was used

to predict the chronic BMDL10 using the following equation:

y = 10(~0-19+0.96xlog(x)) Equation 1

Where:
x= short-term minimum, best-fit BMDL10 (alternative chemical)
y= predicted, chronic BMDLI10 (alternative chemical
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(1)
The short-term BMDLI10 for the alternative was assessed using Equation 1. Next
the chronic BMDL10 predicted for the alternative and the experimentally derived

BMDL10 for the target can be compared.

3.3 Comparing Target-Alternative Chronic Oral BMDL10s

Entering the decision pathway identified by Transfer Point 1 in Figure 5 indicates
that the target chemical has an experimentally derived BMDL10, and that a predicted
chronic BMDL10 was established for the alternative. The next step is comparing these
BMDL10 values for the target-alternative pairs to determine if the MIT recommended
substitution was appropriate. The three possible outcomes of this comparison,
represented in Figure 7, are as follows:

Outcome 1 Alternative is appropriate: the chronic BMDL10 for the target is
approximately below the alternative chemical’s chronic BMDL10. This
indicates that MIT’s suggested substitution is appropriate.

Outcome 2 Target and alternative are approximately equivalent: the chronic
BMDL10 is approximately similar to the alternative’s chronic BMDLI10.

Outcome 3 Alternative is not appropriate: the target chemical’s chronic
BMDL10 is approximately above the alternative chemical’s chronic
BMDLI10. This indicates that MIT’s suggested substitution is not
appropriate as a replacement for the proposed target. This outcome is most

analogous to a regrettable substitution.
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Figure 7: Transfer point 2, comparing chronic BMDL10s of target-alternative pair

AN

Compare chronic
BMDLI10s of target-
alternative pairs

l
LOH

Alternative is not
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BMDL10(target) is
approx. greater than
BMDL10(alt)

Alternative is
appropriate
BMDL10(target) is
approx. less than
BMDL10(alt)

Target-Alternative
Approx. Equal
BMDL10 (target) approx.
equal to BMDLI10 (alt),

The next section presents the results of two target-chemical pairs identified and

assessed through the decision-trees presented in this section.

4  Results
This section presents the results of the study where predicted chronic BMDL10s for

alternatives were compared to known PODs for target chemicals. The results are

presented for each step outlined in the methods section.

4.1 Assessment of alternatives

Recall STEP 1 was to assess the alternative chemical list provided by MIT and
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determine the availability of short-term non-cancer toxicity data. A reasonable search
was conducted to identify short-term toxicity data for the list of proposed MIT alternative
chemicals. This was not intended to be an exhaustive search but representative of an
assessment a realistically informed user may undertake. MIT presented a total of 88
alternative chemicals; CASRNs were reasonably identifiable in 32 of these chemicals.
Of these 32 chemicals, NTP short-term data was available for dichloromethane,
methylbenzene, methylene chloride (OCH), and d-Limonene (18). However,
dichloromethane, methylbenzene, OCH did not use an oral exposure route, so these were
eliminated. Of those remaining chemicals that had CASRNs but did not have NTP short-
term data methyl tert-butyl ether (MTBE) had an alternate source of short-term toxicity
data (47). None of these alternative chemicals had multiple primary sources of short-
term data that could be reasonably identified.

Therefore at the conclusion of STEP 1 the following alternative chemicals were
potential study subjects: d-Limonene and MTBE. D-Limonene short-term toxicity data
was obtained from NTP, and MTBE was obtained from the Journal of Applied
Toxicology, and significant non-cancer health findings are reported below (47) (48). D-
Limonene is a naturally derived citrus solvent and is often used as a cleaning agent, and

MTBE is used to replace chemicals in chromatography and extraction processes (46).
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Table 22: MTBE short-term data.

Dose

Species | Sex Endpoint (mg/kg) [ N | Final BW | SD

Rats male | BW 0| 10 4346 | 424
Rats male | BW 371 10 4158 | 279
Rats male BW 209 | 10 422.7 36.9
Rats male BW 514 ( 10 388.6 40.9
Rats male BW 972 10 385.6 39.1
Rats female | BW 0 10 228.1 11.8
Rats female | BW 501 10 239.2 18.5
Rats female | BW 2721 10 234.4 18.6
Rats female | BW 650 10 229.7 204
Rats female | BW 1153 10 240.8 20.9
Rats male Kidney OW 0] 10 2.526 | 0.202
Rats male | Kidney OW 37| 10 2.592 | 0.217
Rats male | Kidney OW 209 | 10 2.704 | 0.303
Rats male | Kidney OW 514 10 2.718 | 0.138
Rats male | Kidney OW 972 | 10 2.669 | 0.365
Rats female | Kidney OW 0| 10 1.416 | 0.106
Rats female | Kidney OW 50| 10 1.542 | 0.148
Rats female | Kidney OW 272| 10 1.554 | 0.127
Rats female | Kidney OW 650 | 10 1.559 | 0.133
Rats female | Kidney OW 1153 ] 10 1.639 | 0.208
Rats female | Ovaries OW of 10 0.139 | 0.022
Rats female | Ovaries OW 501 10 0.113 | 0.036
Rats female | Ovaries OW 2721 10 0.128 | 0.017
Rats female | Ovaries OW 650 | 10 0.134 | 0.018
Rats female | Ovaries OW 1153 ] 10 0.14 | 0.024

BW= body weight
OW= organ weight

(47)

76




Table 23: d-Limonene short-term data.

dose final body

Species | Sex Endpoint | (mg/kg) [ N | weight SD

Rats male BW 0f 10 333 | 18.97
Rats male BW 150 10 332 12.65
Rats male BW 300 | 10 330 9.49
Rats male BW 600 | 10 314 | 15.81
Rats male BW 1200 | 10 292 | 15.81
Rats male BW 2400 5 2551 22.36
Rats female | BW 0] 10 185 6.32
Rats female | BW 150 | 10 186 6.32
Rats female | BW 300 10 181 6.32
Rats female | BW 600 | 10 184 6.32
Rats female | BW 1200 | 10 182 9.49
Rats female | BW 2400 1 164 3.00
mice male BW 0| 10 37.1 3.16
mice male BW 125 | 10 37.9 348
mice male BW 250 9 339 2.40
mice male BW 500 7 344 2.38
mice male BW 1000 9 333 2.40
mice male BW 2000 9 33 2.40
mice female | BW 0] 10 24.7 1.58
mice female | BW 125 9 25.9 1.50
mice female | BW 250 | 10 25.4 1.90
mice female | BW 500 9 24.9 1.50
mice female | BW 1000 | 10 24.1 2.21
mice female | BW 2000 8 24.1 1.13

(48)

Next, STEP 2 of the methodology, the short-term toxicity data for d-Limonene
and MTBE were modeled in BMDS. Both of these MIT chemical alternatives resulted
in BMDS successfully modeling exactly one endpoint. Therefore both chemicals entered
Transfer Point 1 and the single best-fit BMDL10 (short-term) per chemical alternative is
the default minimum best-fit BMDL10 for that chemical. D-limonene’s best-fit,
minimum BMDL10 (short-term) was 138.64 mg/kg BW, and MTBE’s is 502.90 mg/kg

BW. These values were then converted to predicted chronic BMDL10s (51). See Table 24
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below.

Now, as indicated in Figure 5 STEP 3, the availability of experimentally derived
oral PODs for the targets to d-limonene and MTBE are assessed. The only MIT proposed
target for d-limonene, where a POD is easily accessible, is toluene. Toluene is a solvent
that is recognized as a developmental toxicant and air pollutant (46). The POD was
reported by the EPA’s Integrated Risk Information System (IRIS), (see Table 24).
Similarly, only one of the potential targets for MTBE has an easily obtained
experimentally derived POD. IRIS reports that the experimentally derived short-term
BMDL10 for chloroform is 502.90 kg/mg BW. Chloroform is a volatile, hazardous
organic solvent (46). This value was converted into a predicted chronic value using the
relationship’s established by Kratchman, ef al. (51). While converting from a short-term
POD to a chronic was not ideal, this was the only POD that could be obtained for any of
the potential MTBE targets.

The final step in the methodology, represented by Transfer Point 2, is to compare
the chronic BMDL10s of the target-alternative pairs to determine which chemical is
predicted to be more hazardous to human health, in terms of non-cancer health endpoints.
The chemical in the pair with the higher BMDL10, can be considered “safer”, within the

context of this study.
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Table 24: Results of Transfer Points 1 and 2; comparison of target-alternative pairs.

Transfer Point 1: Transfer Point 2:
Target- alternative BMDL10 target-alternative
comparison
Target Chronic Alternative Predicted | Highest
BMDLI10 chronic BMDLI10 (i.e.
(mg/kg BW) BMDL10 | “safer” chemical
(mg/kg BW) | of pair)
(€29)
Toluene BMDLI10™ 164 | d-Limonene | 27.86* Target (toluene)
Chloroform | BMDL10=1.0 | MTBE 253.18 ** Alternative
(MTBE)

* Male mice BW; best-fit model: exponential, 4 power
** Male rat BW; best-fit model: exponential, 2™ power

5 Discussion

This study demonstrates that in the absence of chronic non-cancer reference values
and bioassays, there is a need for predictive techniques and consistent methodologies for
considering alternative-target chemical pairs with data imbalances (13). Based on the
results presented in Table 24, replacing toluene (target) with d-limonene (alternative) is
not a safer alternative (“safer” in terms of human toxicity); toluene is predicted to have a
higher BMDL10 than d-limonene. On the other hand, MTBE (alternative) is predicted to
be safer than chloroform (target), because the BMDL10 for MTBE is higher than that of
chloroform. This variability, even within the same framework, underscores the need for
consistent methodologies (4) for assessing chemical alternatives, and in the absence of
chronic toxicity data, the need for quantitative techniques in predicting chronic non-
cancer toxicity levels as Kratchman, et a/. (Chapter 2) suggest (51).

A surprising result of this study is that out of 88 possible target-alternative pairs only
two could be identified where the alternative had short-term data and could be modeled in

BMDS, and the target had experimentally derived chronic toxicity data. This was not an
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expected result and demonstrates that in addition to the need for more chronic toxicity
data or methods to predict chronic effects (51) there is also a deficiency of short-term
toxicity data. It again should be emphasized again that the MIT framework was assessed
because it is prototypical of chemical alternative tools available to the public. It

There is uncertainty associated with the predictions from the Kratchman, et al.
relationships (Chapter 2), however the differences between BMDL10 estimates for the
target and alternative pairs was quite large. This provides some confidence in the
comparisons. Further work could develop quantitative estimates of uncertainty in
BMDL10 estimates for both target and alternative chemicals. Another area of future
research could be in comparing actual reference doses used in practice, to references
doses that could be calculated by applying UFs to the BMDs and BMDLs predicted using
Kratchman et al.’s relationships (Chapter 2, Equation 1). The major challenge however,
is the amount of uncertainty that would accrue following the use of the predictive
relationships as well as UFs, all of which would result in large amounts of error.

With such data gaps and inconsistencies in findings within one prototypical
framework, it is necessary to continue to pursue the development of chronic toxicity data
and reference values, and in the absence of such data, to develop quantitative techniques

that predict chronic health outcomes when data disparities exist. (51) (13) (4).

5.1 Study limitations

One limitation of this study is assuming that the differences in relative exposure
between target and alternative chemicals are negligible. This is because the citations
used by MIT often were not based on quantitative Further, the assumption that higher
BMDLI10 is safer (from a human toxicity perspective) can be a limitation if both
chemicals within the pair are far enough below a threshold that both are actually safe.
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With a marked lack of data available for both chronic and short-term only two
chemical pairs were analyzed. This presents a limitation with the predictive methodology
presented by Kratchman, et al., and with BMDS software. This also further highlights
the need for more chronic health references values and toxicity data.

Another limitation is that the correlations developed by Kratchman, et al. apply only
to non-cancer endpoints. This could be a limitation in determining regrettable
substitutions, especially in instances where cancerous endpoints were the most critical
effect (2). Further, the equations presented by Kratchman (Chapter 2) are based upon
endpoints identified by NTP pathologists as either biologically or statistically significant;
however in the case of MTBE, this paper did not use NTP data. That could introduce
comparability issues in how the NTP versus the Journal of Applied Toxicology
pathologists identified “significant” endpoints. It must also be noted that Kratchman, et
al. equations are based upon 41 chemicals. It was not assess for this study if that was

sufficient to extrapolate a relationship that can be used to predict any random chemicals.

5.2  Conclusions

The absence of chronic non-cancer reference values and bioassays is a major hurdle
in developing effective and consistent chemical alternatives assessments which identify
“safer” alternatives. This study considers two target-alternative pairs presented by MIT,
considered a prototypical alternatives assessment framework. Safer within this study was
defined as the chemical with the highest BMDL 10 amongst a target-alternative chemical
pair. While one of the pairs assessed met this criterion (MITBE and chloroform), the
other pair did not (d-limonene and toluene). This demonstrates inconsistencies in
methodologies of comparing chemicals. It also highlights the need for methods to rapidly
estimate chronic health reference values in a consistent and reliable manner.
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Chapter 5. Conclusions

The main goal this dissertation research was to develop and assess quantitative
relationships for predicting doses associated with chronic non-cancer health outcomes in
situations where there is an absence of chronic toxicity data, and to consider the
application of these findings to chemical substitution decisions. The effectiveness of
short-term toxicity data as a predictor of chronic toxicity effect levels was considered
with a focus on dose-response relationships instead of a critical health effect. Data from
NTP TRs were extracted and modeled using EPA’s BMDS. Best-fit, minimum (and
median) BMDs and BMDLs were determined for all NTP pathologist identified
significant non-neoplastic lesions, final mean body weights and mean organ weights for
41 chemicals tested by NTP between 2000 and 2012.

The three studies carried out in this dissertation research each addressed a
different step associated with characterizing non-cancer human toxicity levels from
chemicals. The relationships assessed can only be applied to non-cancer endpoints.
Including cancerous endpoints in the comparisons could be the subject of future research.
Paper 1 assessed the relationship between short-term and chronic health data and the
ability to predict the doses associated with chronic health outcomes from short-term data.
Paper 2 considered the next phase of chemical assessment by considering sensitivity of
species and species-sex groups. Finally, the findings of Paper 1 (Chapter 2) were
considered on a practical level in Paper 3 (Chapter 4), where target-alternative chemical
pairs recommended by a prototypical chemical substitution framework were assessed.

The findings of Paper 1 (Chapter 2) indicate that regardless of the chemical or

health endpoint, short-term animal studies reasonably provide a quantitative estimate of
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chronic non-cancer toxicity levels including minimum and median values of BMD10,
BMDL10, BMD50 and BMDLS50. This can allow for faster development of PODs for
use in developing reference values like the reference doses or margins of exposure (21).
The findings are robust, and true for continuous, dichotomous and absolute datasets, as
well as between minimum or median BMD and BMDL findings.

In Paper 2 (Chapter 3), it was determined that for the group of chemicals assessed
there is not a uniform species and species-sex sensitivity distribution. This was true
across chemicals and is not dependent on endpoint type. The implications of these
findings could affect future toxicity testing guidelines and encourage more rigorous
consideration of the selection of species-sex test subjects in general toxicity testing
guidelines.

The final study, Paper 3 (Chapter 4), considered two target-alternative pairs
presented by a prototypical chemical alternatives framework. While one of the pairs
assessed were determined to be a safe substitution in terms of human health toxicity
(MITBE and chloroform), the other pair appears not to be (d-limonene and toluene). This
demonstrates inconsistencies in methodologies of comparing relative toxicity levels in
data sparse situations. It also highlights the need for methods to rapidly estimate chronic
health reference values in a consistent and reliable manner.

The findings of all three of these papers indicate that while the desire for finding
safer chemicals is increasing, there are limitations with the current state-of-knowledge
within each of the major steps of the chemical assessment process. At the data
acquisition step, as Paper 1 (Chapter 2) demonstrated, chronic non-cancer toxicity data is

not always available, leading to the need for more research of predictive techniques that
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are consistent and empirical. The next step, assessment of sensitivities, was investigated
by Paper 2 (Chapter 3). The findings indicate that chemical assessors for the group of
chemicals in this study may not have a uniform distribution of species-sex sensitivity.
Finally, at the application step, represented by Paper 3 (Chapter 4), there are
inconsistencies within chemical substitution frameworks. The lack of data and
assessment of relative sensitivities can lead to subjectivity and inconsistencies not only
between chemical substitution frameworks but within them as well.

Combined, the three papers in this dissertation have broad applicability. The
findings and relationships developed can be used to facilitate rapid single chemical
assessments, and assess the human health impacts data sparse chemicals. In addition to
single chemical assessments, these findings can facilitate the assessment of relative

toxicity between chemicals such as alternatives assessments.
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