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Abstract

Acceptance of new approach methodologies (NAMs) for use in
characterizing chemical hazard and risk requires informed ex-
pectations regarding the minimum precision and maximum ac-
curacy of their results. Uncertainty in NAMs derived from
variability in the traditional reference data used to train or vali-
date performance of the NAM, and uncertainty in the modeling
procedures themselves, limits NAM performance. Herein, we
review current approaches to characterizing uncertainty in
NAMs. We discuss variability in in vivo data used as a reference
for NAM development and validation; the quantitative uncer-
tainty in concentration—response modeling for high-throughput
in vitro bioactivity screening; the uncertainties associated with
in vitro to in vivo extrapolation using toxicokinetic information;
and the quantitative uncertainty in the experimental inputs and
modeled outputs from quantitative structure activity relationship
models for prediction of point of departure doses. Communi-
cation of the amount of uncertainty, both in the input and output
for NAMs, often involves a confidence or prediction interval
around a given potency estimate, derived from an understand-
ing of the variability in the data modeled. Tuning expectations of
NAM performance to an understanding of the reproducibility
and variability, both of traditional approaches and NAM ap-
proaches, provides a path for the adoption of NAMs as alter-
natives in screening chemicals for risk.
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Introduction

In toxicology and chemical safety evaluation, the use
of new approach methodologies (NAMs) is increasing
because of recognition that traditional animal tests
can never be used to assess all chemicals in com-
merce, a push to eliminate the use of animals
wherever possible on animal welfare grounds, as well
as concerns regarding how well animal models predict
human toxicity [4,15,36,84]. An NAM is any one of
the several methods that yield a prediction of the key
outcomes currently used from animal studies: a point
of departure (POD) or estimate of potency (a no
observable adverse effect level [NOAEL] or lowest
observable adverse effect level [LLOAEL]), and the
specific types of effects that may be caused by a
chemical (e.g., liver hypertrophy, cholinesterase inhi-
bition). NAMs to predict hazard, for example, # vitro
assays, can be combined with i wvirro to in wvivo
extrapolation (IVIVE), to predict # oo PODs.
Another main category of NAMs involves quantitative
structure activity relationships (QSARs) or read-across
methods that are purely computational and use only
chemical structure and computed properties as model
inputs to predict hazard. NAMs, being models, are
always imperfect, and therefore, users should under-
stand the uncertainties associated with NAM pre-
dictions. One can break uncertainty into two pieces:
uncertainty in the input to the models, arising from
the animal data used to develop and evaluate them,
and uncertainty in the outputs of the model, arising
from the approximations made in the modeling ap-
proaches themselves. The first section of this article
focuses on our analysis of uncertainty in the animal
data, and the later sections focus on uncertainty in
in vitro data used in IVIVE models and uncertainty in
OSAR models of toxicity end points. Finally, we
conclude by assessing future directions for our
research to characterize the sources and magnitude of
uncertainty for NAMs.
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Uncertainty in animal toxicity studies

Often the perceived gold standard for validation of
NAMs in chemical hazard prediction is comparison to
animal toxicity studies [37,38]. Beyond consideration of
how well animal studies may or may not predict human
toxicity, benchmarking to animal data is practically
challenging because of study reproducibility limitations,
which include (1) qualitative uncertainty in the
observable effect and (2) quantitative uncertainty in the
dose at which an effect is observed, that is, the vari-
ability in the POD. There is a need for a refined un-
derstanding of these uncertainties as the inherent
variability of animal toxicity studies informs the upper
limit on predictive performance for any NAM trained
using these reference data. In this section, we review
current perspectives on evaluating qualitative and
quantitative uncertainty in 7 v/oo data and demonstrate
the practical use of this quantitative uncertainty for
setting expectations of NAM performance.

Qualitative assessments such as concordance analysis
often binarize the observed effects for easy comparison
across studies [6,27,37]. These concordance analyses
typically focus on whether the specific effects observed
are consistent between two studies with the same
design or between two studies with the same design
but using different species. A recent and well-studied
example is the local lymph node assay (LLLLNA) for
prediction of skin sensitization: even within species
and using the same vehicle solvent, repeat LLNA
studies to determine the positive or negative sensiti-
zation effects for 87 chemicals were concordant only
78% of the time, with a 35% chance that a ‘negative’
chemical would test ‘positive’ if the LLNA was
repeated [14,27]. This highlights an important issue for
validation of NAMs: they cannot predict the reference
data with higher accuracy than the rate of concordance
in the reference data set [7]. The LLLNA example also
provides a demonstration of the importance for inter-
species extrapolation as the LLNA results in mice
predicted human sensitization with approximately 68%
balanced accuracy [38]. Indeed, the positive predictive
values among species, depending on the end point
measured, may range considerably. An evaluation of 37
National Toxicology Program repeat dose toxicity
studies demonstrated 0—100% concordance, with a
median of approximately 70%, in the noncarcinogenic
effects observed between rats and mice, depending on
the biological end point or tissue measured [73].
Concordance among rat and mouse models of carcino-
genicity has been shown to range from 57% [22] to 76%
[21,25], depending on the data set and analysis.
Concordance in findings of anemia ranged from 40 to
90% depending on species and study type being
compared [33]. These findings corroborate ongoing
evaluation of reproducibility of effects within study
data in ToxRefDB [40,46], a large database of detailed
i ovivo animal toxicity data. The concordance in
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observed effects between repeated studies within one
species varies from 57 to 87%, depending on the spe-
cies and the effect ([53]., in prep). Variability in the
qualitative concordance among animal reference data
may not be fully explained by parameters such as the
species used, thereby limiting NAM predictive perfor-
mance if evaluated using classification accuracy.

Quantitative evaluation of animal toxicity studies can
also address two primary questions: (1) for a chemical of
interest, what is the range of ‘true’ POD values that
might be expected and (2) what is the maximal predic-
tive accuracy of an NAM, that is, the amount of variance
that the NAM can explain in the reference data set?
Answering these questions requires a measure of vari-
ance, which is often unavailable as it requires availability
of a database with replication of study information. Pre-
vious efforts have been made to quantify the variance in
effect levels of interest from animal studies, for example,
standard deviations around the doses that causes 50%
lethality (ILD50) in rodents (0.68—0.84 log;o-mg/kg/day)
[26] or derivation of a 95% confidence interval on the
prediction of an NOAEL from chronic studies in rats
(£0.64 logio-mg/kg/day) [47]. The variance in discrete
NOAEL or LOAEL values is highly subject to the shape
of the dose—response curve, the sample size, and the
doses selected [43,65], and consideration of the variance
among replicate studies might be reduced if modeled
values of responses, for example, benchmark dose
(BMD) values, could be used instead of these POD
values. The second question, aimed at defining the
maximal predictive accuracy of an NAM, given some
reference data, may be approximated using estimates of
variance in the reference data to define a reasonable
prediction interval, for example, assuming a normal dis-
tribution, a reasonable prediction interval at the 95%
confidence level for a given POD estimate might be
approximately +1.96 times the variance estimate.

Ongoing work (Pham et al. in prep) aims to describe the
variance in POD estimates for systemic toxicity effects
in ToxRefDB, version 2.0 [45,46,75], and from that
approximation of variance, to define the upper limit of
predictive performance for an NAM to predict a sys-
temic toxicity POD. Work by Pham et al. uses parame-
terization approaches on the basis of multilinear
regression and cell means models approximate the total
variance in systemic POD estimates, LOAEL or lowest
effect level values, from replicate studies, and then to
identify the amount of variance accounted for by study
design descriptors such as the study type or the number
of doses. In both models, the variance left unexplained
by study design descriptors is estimated by the mean
square error (MSE) or the average squared difference
between the estimate and the reference value. In
modeling applications, the MSE limits the maximal
coefficient of determination, or RZ, which is the pro-
portion of the variance in the prediction that can be
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accounted for using the descriptors available. Utilization
of NAMs as replacements for animal studies necessi-
tates a reasonable expectation of NAM performance,
that is, the amount of variance explained by the NAM
cannot exceed the explained variance in the training or
validation data set. The general relationship between R
and MSE is given by Equation (1).

_ Total Variance — MSE

RZ
Total Variance

(1)

In preliminary findings from the study by Pham et al.
[53], depending on the data subset and modeling
method used to approximate the variance, only
approximately 60—80% of the total variance could be
explained by study descriptors in ToxRefDB. Conse-
quently, the R? on an NAM to predict these systemic
POD values would likely be bounded at approximately
60—80%. The root-mean-square error, a variance esti-
mate in logjp-mg/kg/day units just like the animal data
used, ranged from approximately 0.4 to 0.6 logo-mg/kg/
day, similar to previous findings on the quantitative
variability in rat chronic LOAEL data [47]. Work to
quantify variability in large # vivo POD data sets es-
tablishes what the impact of variance might mean for
understanding good performance of NAMs to predict a
POD and demonstrates practically what toxicologists
have long understood: running a study more than once
may result in different quantitative responses. Modeling
uncertainty in ##z oo studies has a long history
[10,18,28,42,59,64], and the major contribution to that
literature from the currently described work is the use of
a large database that includes thousands of studies
across hundreds of chemicals. In current chemical safety
evaluation practice, an important tool for managing un-
certainty is BMD modeling [10,18,28,59,64]. This type
of analysis informs a POD and explicitly accounts for
variability within a study derived from interindividual
differences in treatment groups. The application of
expertly selected uncertainty factors in current chemi-
cal safety evaluation may also account for study-to-study
variability [20,62]. Both of these sources of variability,
that is, intrastudy and interstudy variability, contribute
to limitations on NAM-based predictions of POD.

Uncertainty in high-throughput bioactivity
data

In vitro data can be used to predict both the potency of a
chemical, that is, the dose where an effect may
occur and to predict the types of effects that may be
observed. The basic approach to potency prediction is to
measure the active concentration 7z vitro for a chemical
using a range of cell types and assays, and to select the
appropriate minimum concentration causing any bio-
logical effect. This concentration value is then put into a
dose context using a toxicokinetic (TK) model that

produces the ‘administered equivalent dose’ with
respect to the m wvitro potency [31,57,71,78—80], a
process known as i vitro to in vivo extrapolation
(IVIVE). This section focuses on uncertainty in quan-
titative potency estimates, and we only mention that
qualitative effect prediction from zz vitro assays is also an
active area of research, often using the Adverse
Outcome Pathway framework that links molecular or
cellular key events which are measurable  vitro, to
apical adverse outcomes seen at the whole organism
level [1,39,52,67,68]. The uncertainty in separating
positive responses from assay interference or screening
artifacts, for example, autofluorescence or cytotoxicity;,
is a separate process from quantitative uncertainty in
curve-fitting [17,30] and typically requires knowledge of
the given assay as well as other information that could be
used to filter concentration—response data. Here,
quantitative uncertainty in curve-fitting z vitro bioac-
tivity data and the potential for IVIVE uncertainty from
the high-throughput TK information and modeling are
considered.

The US EPA ToxCast program generates high-
throughput screening (H'T'S) bioactivity data for use in
various predictive toxicology applications [32,35]. The
ToxCast data pipeline (tcpl) [17] has been used to
normalize and curve-fit data for nearly 1400 assay end
points, thus enabling first-tier data processing of het-
erogeneous bioactivity data from HTS. For each chem-
ical sample:assay end point pair with at least 4
concentrations available, the tepl curve-fitting proced-
ure attempts to fit a Hill, a gain-loss, and a constant
model, with the model selection based on a maximum
likelihood estimate [17]. The tcpl analysis generates
concentration—response parameters on the basis of the
winning model, including the 50% activity concentra-
tion (AC50), the potency estimate. There are multiple
sources of potential variability in these AC50s, resulting
from biological variance, experimental error, or curve-
fitting procedures. One method for quantifying uncer-
tainty in ToxCast curve-fitting is called toxboot, an R
package extension of tcpl that implements smooth
nonparametric bootstrapping (a statistical method that
uses resampling and added noise to determine uncer-
tainty in a series) [76,77]. This addition of random,
normally distributed noise to the series allows one to be
more confident in the winning model if similar models
are produced in each iteration. By resampling and
adding normally distributed noise over many iterations,
a general picture of the confidence in a curve fit can be
ascertained. Two examples of the quantitative measures
of uncertainty produced by toxboot are hit percent and
an AC50 confidence interval. Hit percent is the number
of active hit-calls of the total number of resamples,
currently with 1000 resamples per curve. This is
potentially informative because the binary hit-call for a
borderline response, positive or negative, is particularly
susceptible to minor fluctuations in the data, especially
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for weak or borderline responses. With a more contin-
uous statistic (ranging from 0 to 1), such as hit-call
percent, the borderline hit-calls may be more obvious;
currently, roughly 61% of positive hit-calls (hitcall
equals 1) correspond to a hit percent of 100 in the latest
ToxCast database release [16]. Additionally, tcpl can be
executed upon each resampled set and generate an
AC50 (or AC10, AC20, area under the curve, etc.) and
further generate a median value and a 95% confidence
interval, on the basis of the results. These approaches
could be used as a method to determine the confidence
in potency estimates derived from concentration series.
A summary of curve-fitting uncertainty information is
available in level 7 of the latest ToxCast database
release, invitrodb version 3.1 [16].

The issue of quantitative uncertainty in fitting  vitro
activity data is not unique to ToxCast data, and different
approaches have been developed to handle this uncer-
tainty. Previously, the US EPA’s Benchmark Dose soft-
ware, used commonly in modeling dose—response
information from 7z vivo toxicity studies to define PODs,
has been adapted for use in modeling gene expression
data sets as BMDExpress [3,82]. BMDExpress enables
automated analysis of continuous transcriptomic data via
identification of genes that demonstrate significant
dose—response behavior, followed by curve-fitting with
statistical models that can be used to define a confi-
dence interval around a potency estimate for significant
changes in expression for a given gene. The upper and
lower bounds on the confidence interval for a BMD thus
give a sense of the uncertainty in fitting the available
transcriptomic data. A commonality between the
BMDExpress and toxboot approaches, both suited to
H'TS data of different types, is the desire to commu-
nicate a confidence interval around the potency esti-
mate. BMDExpress is flexible in that the upper and
lower bounds (BMDU and BMDL, respectively) of the
confidence interval around a calculated potency value
can be modified, allowing for differing levels of uncer-
tainty in the analysis. Using default parameters, for a
differentially expressed gene, BMDExpress will calcu-
late a 95% confidence interval around a BMD for a 10%
increase or decrease in response compared to the
background of the control samples.

Beyond the uncertainty in curve-fitting high-
throughput bioactivity data, there are also uncertainties
associated with the TK parameters and models needed
for IVIVE. As with i vrivo toxicity data, there is a paucity
of mn vivo 'TK data sufficient for performing IVIVE.
Instead, NAMs developed by the pharmaceutical in-
dustry have been adapted for screening more diverse
chemicals. High-throughput toxicokinetics (HTTK) is
an NAM that relies on chemical-specific data from
in vitro experiments along with generalized TK mathe-
matical models to develop tentative predictions of
quantities such as the steady-state plasma concentration
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(Gss) for a 1 mg/kg body weight/day dose [79,81].
Because HTTK requires the development of chemical-
specific analytical chemistry methods, the uncertainty
associated with the # vitro measurements varies signif-
icantly from chemical to chemical [72]. In addition,
uncertainty is increased by many factors that are not
always covered in high-throughput IVIVE approaches,
including extrahepatic metabolism and active transport.
Predictions from HT'TK are reasonably concordant with
in vivo data for quantities such as peak plasma concen-
tration (Cp,x) and time-integrated plasma concentra-
tion (area under the curve) but have greater uncertainty
for predicting Cgs [63,69,70,74,83]. For pharmaceutical
chemicals, IVIVE methods predict plasma concentra-
tions within a factor of three of 7z vivo observations [74].
For more diverse chemistries, however, only roughly half
of predictions are this accurate, although the overall
accuracy (or lack thereof) can itself be predicted [70].
TK NAMs allow for the estimation of human population
variability [29], and the most sensitive 95th percentile
Css with respect to variability is often used for IVIVE
[79,81]. Recent work propagates both chemical-specific
measurement uncertainty and population variability
into the Cg 95th percentile which in turn can be
propagated into IVIVE [72].

A major assumption common to IVIVE applications is
that chemical partitioning between medium and cells
in vitro 1s equivalent to chemical partitioning between
blood and tissue m vivo [57,79]. Significant differences
in how a chemical may partition between cells, medium,
and plastic m vitro may make this assumption less ac-
curate, thus introducing additional uncertainty to IVIVE
[23,41,48,49]. However, the extent of this problem is
unknown, that is, the extent of differential partitioning
between 2 vitro and in vivo situations and the number of
chemicals that differentially partition are currently un-
certainties in IVIVE. Understanding the relationship
between chemical structure and medium to cell parti-
tioning may provide for more accurate IVIVE; indeed,
existing models suggest that the chemical-specific
octanol:water partitioning coefficient and the concen-
tration of serum (including lipids and proteins) in 7 vitro
media may be strong determinants of # vitro chemical
disposition [2,19]. Empirical determination of n vitro
chemical disposition may help augment these models
and establish the extent of this problem, thereby
reducing uncertainty in IVIVE [9].

Uncertainty in QSAR modeling

As part of the NAM paradigm, computational methods
(e.g. OSAR and read-across) are commonly used to
predict hazard in the absence of experimental data
[13,50,51,56]. However, computational methods are
prone to uncertainty because of various sources which
introduce limitations in the development, evaluation,
validation, reliability, and regulatory acceptance of
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computational models. Uncertainty in QSAR models can
be attributed to two primary sources: (1) experimental
data (as described previously) and (2) computational
modeling approach. Computational model-driven un-
certainty can arise because of (a) the size, distribution,
and balance of the training data set [24]; (b) choice of
molecular descriptors [34,55]; and (c) the choice of
modeling algorithm and hyperparameter selection. This
last issue is usually dealt with by tuning the hyper-
parameters of the model using multiple cross-validation
[8] and by development of ensemble models [11,44,56].
For read-across, uncertainties usually arise from simi-
larity justification and the completeness of the method
used, necessitating a need for structured reporting [60]
and uncertainty characterization [5] of read-across pre-
dictions. Another key aspect to understanding and
quantifying model uncertainty is to define the applica-
bility domain [12] and quantify the ‘statistical’ appli-
cability domain [58]. Characterization of various sources
of data variability, adequate incorporation of variability
in computational model development, and quantifica-
tion of data-driven uncertainty in model predictivity are
critically needed to improve the reliability and accep-
tance of computational models.

As a first example of uncertainty analysis in QSAR, we
describe a model for predicting # vivo PODs to illus-
trate methods to account for the variability in under-
lying training data. The  vivo data are taken from the
EPA’s ToxValDB, a compilation of information on about
3000 unique chemicals from a variety of public data
sources, available through https://comptox.epa.gov.
The standard distribution of POD values, per chemi-
cal, for different species and study type combination
for the data set used in this study ranged from 0.40 to
0.60 logig-mg/kg/day. As described previously, it has
been shown that the typical study-to-study variability
(even within study type) may be about 0.5 logjo-mg/
kg/day (Pham et al. in prep). Based on these obser-
vations, it was assumed that PODs for multiple studies
for a chemical follow a log-normal distribution. Thus, a
POD distribution was constructed for each chemical
(regardless of whether multiple studies were available)
where the mean of the distribution was set as the
median experimental POD value for that chemical and
the standard deviation of the distribution was set as
0.5 log-units. This resultant distribution was used to
develop N bootstrap QSAR models where for each
model the training POD value for each chemical was
drawn randomly from the distribution. The predictions
from the model were used to estimate the uncertainty
bounds in output model predictions. This is in contrast
to typical QSAR models, which provide only point
estimates.

A similar model was built for ecological points of de-
parture in fish [61] using data largely from the EPA
ECOTOX database [66]. This data set incorporates

information from tens of thousands of studies covering
thousands of unique chemicals and hundreds of fish
species. To maximize the amount of useable data,
different types of experiments were aggregated by using
experimental covariates, such as end point type or
exposure route, as binary features. Taxonomic groupings
were also entered as binary features corresponding to
the species, genus, and so on of the fish used in each
experiment. These features were pared down to a
manageable number by eliminating groupings that were
uncorrelated with the end point, multicollinear, or pre-
sent in too few or too many experiments. Because vali-
dation performance can vary because of the size and
choice of test set, the standard deviation of the error was
offered in addition to the usual root-mean-square error.
These quantities are approximately equal for a large,
centered error distribution, as in this model. Well-
known formulas for the confidence intervals of the
standard deviations were then used to bound the error
estimates for a given model and test set. With thousands
of chemicals available, externally cross-validated error
could be restricted to a total range of 0.06 logyo(mg/L),
allowing stronger conclusions to be drawn about relative
model performance.

Future directions

The work to define uncertainty in traditional and NAM
approaches for chemical risk assessment is ongoing and
focused on several areas. The applicability of current
evaluations of the variance and reproducibility of iz vivo
data sets to a general understanding of the ‘true’ vari-
ability in animal studies would be enhanced by
expansion of the curated 7 ovivo data available,
including data from nonmammalian species. Further,
modeling of the uncertainty in the IVIVE approach for
high-throughput bioactivity data is needed, especially
around the development and refinement of models for
in vitro disposition of chemicals in high-throughput
assays (i.e., moving beyond the nominal micromolar
concentration to considerations of the behavior of
chemicals i vitro) and uncertainties in NAMs used to
indicate the key physiological processes for chemical
disposition. The expanded use and quality of NAMs
can also serve as a feedback loop to identify possible
experimental errors (i.e. during data curation or
misidentification by the researcher). Even when the
quantified uncertainty for an NAM may appear large,
application of this information to different prioritiza-
tion applications is important for understanding the
precision possible when using the NAM. Of course, as
investigations of the variability in traditional methods
continue, practical benchmarks for the predictivity and
reproducibility of NAMs will be elucidated. Further
characterization of the specific sources of uncertainty
at each step of applying NAMs will better qualify their
use and help focus additional research on information
that will reduce uncertainty.
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