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S EPA Whatis needed to understand the acceptability of
7 NAMs for risk assessment?

e |n US, Section 4(h) in the Lautenberg amendment to TSCA:

« “..Administratorshall reduce and replace, to the extent practicable and scientifically justified...the
use of vertebrate animals in the testing of chemical substances or mixtures...”

 New approach methods (NAMs) need to provide “information of equivalent or better scientific
quality and relevance...” than the traditional animal models

e “Directive to Prioritize Efforts to Reduce Animal Testing” memorandum signed by
Administrator Andrew Wheeler on September 10, 2019

e “1. Validation to ensure that NAMs are equivalent to or better than the animal tests replaced.”

How do we define expectations of in silico, in chemico, and in vitro models for
predicting repeat-dose toxicity?

In silico, in chemico, and in vitro models cannot predict in vivo systemic effect values with greater accuracy
than those animal models reproduce themselves.




How do we express variability in traditional animal
wEPA

toxicity tests?

Quantitative: variance is a measure of how far values are spread from

the average.

We need to know what the “spread” or variability of traditional effect
levels (e.g., lowest effect levels, LELs, or lowest observable adverse
effect levels, LOAELs) might be to know the range of acceptable or

Qualitative: We need to know if a specific

effect is always observed or not.

“Truth” (traditional toxicology)

“good” values from a NAM.

Negative Positive
Predicted Negative True negative False negative
(NAM) o .. "
Positive False positive True positive




Research questions for understanding this variability

3 main
questions
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Statistical approach to

What is the range of possible systemic
effect values (mg/kg/day) in replicate
studies?

Residual root mean square error
(RMSE) is an estimate of variance in
the same units as the systemic effect
values.

The RMSE can also be used to define
a minimum prediction interval, or
estimate range, for a model.

What is the maximal accuracy of a
model that attempts to predict a
systemic effect values for an unknown

chemical?

The mean square error (MSE) is used
to approximate the unexplained
variance (not explained by study

descriptors).
This unexplained variance limits the

R-squared on a new model.

Understand the reproducibility
of treatment-related changes in
specific endpoint targets (e.g.,
any effect on liver).



n ToxRefDBv2.0is a source for a dataset to address these questions of
wEPA

quantitative variability.
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Figure 1. Number of studies by study type and species in ToxRefDB v2.0. The study designs
include chronic (CHR), sub-chronic (SUB), developmental (DEV), subacute (SAC), multigeneration reproductive
(MGR), developmental neurotoxicity (DNT), reproductive (REP), neurotoxicity (NEU), acute (ACU), and other
(OTH) for numerous species, but mostly for rat, mouse, rabbit, and dog.

ToxRefDB v2.0 containsrelevantstudy data to evaluate

variabilityin traditional data for >1000 chemicals and
>5000 studies.

Figure from Watford S, Pham LL, Wignall J, Shin R, Martin MT, Paul Friedman K.
2019. “ToxRefDB version 2.0: Improved utility for predictive and retrospective
toxicology analyses.” Reproductive Toxicology; 89: 145-158.

https://doi.org/10.1016/j.reprotox.2019.07.012 5
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Based on the study descriptors in ToxRefDB v2.0, we developed statistical
models of the variance in quantitative systemic effect level values.

cren

Total variance Approximated by

mean square error

Using two approaches:

Observed Variance

Multilinear regression | Augmented cell

Variance Explained by Study Parameters + Unexplained Variance

(LEL or LOAELSs)

MLR and RLR

ACM

(MLR, RLR)

means (ACM)
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™ Observed effect level used in LOAEL dataset VRIS descri ptors

Figure 2. Statistical model of the variance. LEL = lowest effect level; LOAEL = lowest observable adverse effect level. The LEL is the lowest treatment-related effect observed for a given chemical in a study, and the LOAEL is

defined by expert review as coinciding with the critical effect dose level from a given study. Multiple studies for a given chemical yield multiple LELs and LOAELs for computation of variance. MLR = multilinear regression; RLR = robust

linear regression; ACM = augmented cell means; Adm. Method = administration method; % Sub Purity = % substance purity used in the study. The gray shaded study descriptor boxes are categorical variables, and the white study
descriptor boxes are continuous variables. The box around five categorical study descriptors for the ACM indicates these were concatenated to a factor to define study replicates.

Pham LL, Watford S, Pradeep P, Martin MT, Thomas RS, Judson RS, Setzer RW, Paul Friedman K. 2020. 10.1016/j.comtox.2020.100126
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Our workflow for evaluating variance in repeat dose

toxicity information

MLR and RLR dataset MLR subsets by study type
//———\ A 563 cherrjs DEV
2724 studies 121 chems, 275 studies
\\_// Adults/Fo
* Systemic MLR study replicate definition SUB
endpoints Study |:> 281 chems, 705 studies
* Oral Chem | Study Species .
mg/kg/day Type
1 1 | CHR | Rat / CHR /
1 2 CHR Rat 429 chems, 1149 studies
1 3 CHR Mouse
1 4 SUB Mouse
2 1 CHR Rat
ToxRefDB v2.0
1142 chems

5960 studies ACM subsets by study type

ACM dataset (133 cells)

96 chems DEV (28 cells)
278 studies 24 chems, 54 studies
Require replicates
by chemical-stud
:VC ei:::?n-s:x-v ACM cell definition SUB (43 cells)
g inistrati 40 chems, 92 studies
administration ‘ Admin Study ,
method Chem Species Sex Cell:
Method Type
CHR (56 cells)
Chem 1 Rat Feed MF CHR Call with 2 45 chems, 117 studies
~ Chem 1 Rat Feed MF cHR | replicates
Chem 1 Mouse Gavage MF CHR
Chem 1 Dog Feed MF SuUB Removed
Chem 2 Rat Feed F DEV

Figure 1. Variance estimation workflow.
CHR = chronic; DEV = developmental (adults only); SUB = subchronic; cells are defined by the factor of all categorical variables; MF = males and females; F = females; MLR = multilinear regression; RLR =

robust linear regression; ACM = augmented cell means.



n EPA 28 models to approximate total variance, unexplained variance (MSE),
and thenthe spread of the residuals from the statistical models (RMSE)

Statistical models for LELs and LOAELs for the full dataset Statistical models for LELs and LOAELs for datasets subset by study type

. ACM_LEL_full cell dataset

1.001 1.004
ACKM_LOAFL_ full cell dataset -

. ACM_LEL_CHR
. ACM_LEL_DEV

. ACM_LEL_SUB 0.751
. WMLR_LEL_high Cooks distance plot points removed . ACM_LOAEL_CHR

. WMLR_LEL_high Cooks distance points removed . ACM_LOAFL_DEV
. MLR_LEL_high leverage peints removed i . ACKM_LOAEL_SUB 0.50-
. WMLR_LOAEL _all potential outliers removed ; . . MLR_LEL_CHR ; -
. MLR_LOAEL_full cell dataset . MLR_LEL_DEV
. MLR_LOAEL_full datazet MLR_LEL_SUB

WMLR_LOAEL_high Cocks distance plot peints removed 0.257 WMLR_LOAEL_CHR 0.251

WMLR_LOAEL _high Cooks distance points removed MLR_LOAEL_DEW

WMLR_LOAEL _high leverage points removed MLR_LOAEL_SUB

7 0.001

RR_LEL_full dataset 0.00

. MLR_LEL_all potential outliers removed
. WMLR_LEL_full cell dataset
. MLR_LEL_full dataset 0.751

Estimate
]
[sig]
]
Estimate

RR_LOAEL_full dataset Total Variance MSE RMSE Total Variance MSE RMSE

« Totalvariance in systemic toxicity effect values likely approaches 0.75-1 (units of (log,,-mg/kg/day)?)
e MSE (unexplainedvariance)is 0.2 — 0.4 (units of (log,,-mg/kg/day)?)

* RMSE is 0.45-0.60 log,,-mg/kg/day
* RMSE is used to define a 95% minimum predictioninterval (i.e., based on the standard deviation or spread of the

residuals)

Based on tables from Pham LL, Watford S, Pradeep P, Martin MT, Thomas RS, Judson RS, Setzer RW, Paul Friedman K. 2020. 10.1016/j.comtox.2020.100126



https://doi.org/10.1016/j.comtox.2020.100126

S EPA Percent explained variance is also stable across
A4 statistical models.

* The % explained variance (amount explained by
study descriptors) likely approaches 55-73%.
* This means that the R? on some new, predictive
60
model would approach 0.55to 0.73 as an upper
bound on accuracy. o
. ACHM_LEL_CHR . MLR_LEL_high Cooks distance points removed
. ACKM_LEL DEV . MLRE_LEL_high leverage points removed
. ACM_LEL_full cell dataset . MLR_LEL_SUB 40
. ACM_LEL_SUB . MLR_LOAEL_all potential outliers removed E
. ACM_LOAEL_CHR . MLR_LOAEL_CHR E
. ACM_LOAEL_DEV . MLR_LOAEL_DEV
. ACWM_LOAEL_full cell dataset MLRE_LOAEL_full cell dataset
. ACWM_LOAEL_SUB MLR_LOAEL_full datazet
. MLR_LEL_all potential cutliers removed MLR_LOAEL_high Cooks distance plot points removed
. MLE_LEL_CHR MLE_LOAEL high Cooks distance points removed 201
. MLR_LEL_DEV MLR_LOAEL_high leverage points removed
. MLR_LEL_full cell dataset MLR_LOAEL_SUB
. MLR_LEL_full dataset RR_LEL_full datazet
. MLR_LEL_high Cooks distance plot points removed RR_LOAEL_full dataset
Based on tables from Pham LL, Watford S, Pradeep P, Martin MT, Thomas RS, Judson RS, 01
Setzer RW, Paul Friedman K. 2020. 10.1016/j.comtox.2020.100126

LEL LOAEL
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If attempting to use a NAM-based
predictive model for prediction of
a reference systemic effect level
value of 10 mg/kg/dayj, it is likely
that given the variability in
reference data of this kind, that a
model prediction of somewhere
between 1 and 100 mg/kg/day
would be the greatest amount of
accuracy achievable.

Based on tables from Pham LL, Watford S, Pradeep P, Martin MT, Thomas RS, Judson RS, Setzer RW,

Paul Friedman K. 2020. 10.1016/j.comtox.2020.100126
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Prediction bounds, ma/kg/day

Range of 95% minimum prediction intervals across the modeling
approaches, effect levels, and study typesis 58-284-fold
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How does this compare to previous workin this

@ 1
\IEPA area?

* Previous QSAR models of subchronic oral rat NOAEL values: R? approaches 0.46-0.71, i.e.
46-71% of residual variance could be explained for the reference set (Veselinovic et al.
2016; Toropov et al. 2015; Toropova et al. 2017).

* A multi-linear regression QSAR model of chronic oral rat LOAEL values for approximately
400 chemicals, demonstrated a RMSE of 0.73 log,,(mg/kg-day), which was similar to the
size of the variability in the training data, £0.64 log,,(mg/kg-day), suggested that the
error in the model approached the error in the reference data from different laboratories

(Mazzatorta et al. 2008; Helma et al. 2018).

Few examples of quantitative variability in this domain to cite, but suggest that similar
thresholds of 50-70% explained variance and RMSE of 0.5-0.7 may exist in other larger
reference data sets for systemic toxicity in subchronic and chronic animal studies.

11



\e,EPA Primary conclusions of our work

 Variability in in vivo toxicity studies limits predictive accuracy of NAMs.

e Total variance in systemic effect levels and the fraction explained were
quantified.

* Maximal R-squared for a NAM-based predictive model of systemic effect
levels may be 55 to 73%; i.e., as much as 1/3 of the variance in these data
may not be explainable using study descriptors.

* The estimate of variance (RMSE) in curated LELs and/or LOAELs approaches
a 0.5 log10-mg/kg/day.

* Understanding that a prediction of an animal systemic effect level within
+ 1 logl0-mg/kg/day fold demonstrates a very good NAM is important
for acceptance of NAMs for chemical safety assessment.

12
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Model Uncertainty

Data variability informs model uncertainty

e A model gives a result (a POD), but thisis an estimate of the “true” POD. The true POD is mostly unknown.
 Uncertaintyin the evaluation data will lead to uncertainty in the model and our estimate of its quality

Point-estimate with
confidence interval
models

<

e A POD distribution was constructed for each chemical (u = Median
experimental POD value from all studies, o = 0.5 log,,-units)

e 100 bootstrap models were built with random sampling of POD values for
each chemical from the pre-generated POD distribution.

* Predicted PODgspg = mean of 100 bootstrap predictions

» Confidenceinterval of PODspg = +1 standard deviation of 100 bootstrap

predictions

Pradeep P, Paul Friedman K, Judson RS. (2020). 10.1016/j.comtox.2020.100139
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A systemic toxicity prediction informed by variability:
PODqsar
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Pradeep P, Paul Friedman K, Judson RS. (2020). 10.1016/j.comtox.2020.100139
Observed versus predicted plot for 50 (random) chemicals with the observed and predicted confidence intervals
e The predicted 95% confidence interval (error bar) for each chemical is calculated as two standard deviations of the
predictions from the models.
* The observed 95% confidence interval (error bar) is calculated as two standard deviations of the experimental data for

each chemical. »



wEPA \ Research questions for understanding this variability

What is the probability that an
effect in adult animals will be

3 main

questions
observed in replicate studies?

S e Residual root mean square error o he mean soguare crror (WSt s used e« Understand the reproducibility
S (RMSE) is an estimate of variance in to approximate the unexplained of treatment-related changes in
g ,§ the same units as the systemic effect variance (not explained by study specific endpoint targets (e.g.,
55 values. descriptors). any effect on liver).

L‘: 5 e The RMSE can also be used to define * This unexplained variance limits the

-é ::: a minimum prediction interval, or R-squared on a new model.

s estimate range, for a model.

S

(Vs
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(A) What is the qualitative reproducibility
of organ-level findings across replicate
repeat dose studiesin animals?

(B) What is the quantitative variability of
organ-level findings across replicate
repeat dose studiesin animals?

(C) If a NAM can predict an organ-level
POD, is it necessary to adjust this POD to
create separate predictionsof subchronic
and chronic organ-level effects?

(D) Can targeted NAMs predict liver or
kidney level point-of-departure (POD)
within the reference POD + X*RMSE?

[

Full dataset by chemical

/A

538 chems
e Adults/FO 22809 studies
* SAC, SUB,

ToxRefDB v2.0 . g:::eor::z study replicate definition
1142 chems endpoints Chem |Study Study Species
5960 studies « Oral Type

* mg/kg/day 1 1 CHR Rat
1 2 CHR Rat
1 3 CHR | Mouse
1 4 SUB Mouse
2 1 CHR Rat

e
B

Variance analysis on subsets by endpoint target group
(studies that measured endpoint target group > 1)

Spleen

/l

Adrenal
81 chems, 208 studies

127 chems, 336 studies /

Stomach

/1

Kidney
263 chems, 790 studies

55 chems, 146 studies /

Thyroid

/1

Liver
359 chems, 1318 studies

73 chems, 198 studies /

2
C

target group

Analysis of differencesin SUB and CHR findings by endpoint

Paired Log10 LEL Randomization Distributions

Liver Kidney Adrenal

d ;

0% 0 0% 02 000 025 050 050
Distribution of Null Means

=

Proportion of studies with concordant observations by endpoint target group

Preliminary outline of this work

(studies that measured endpoint target group > 1)

By chemical and endpoint target

group (538 chems)

By chemical, endpoint target group, and
species (dog: 169, mouse: 219, rat: 354 chems)

Endpoint Endpoint

Chem | Study S;:pd:/ Species| Target Chem | Study S;;:z Species| Target
Group Group
1 1 CHR Rat Liver 1 1 CHR Rat Liver
1 2 CHR Rat Liver 1 2 CHR Rat Liver
1 3 CHR _ |Mouse Liver 1 3 CHR _ [Mouse Liver
1 4 SUB Mouse Liver 1 4 SUB Mouse Liver
2 1 CHR Rat 2 1 SAC Rat Liver

By chemical, endpoint target group, and study

type (CHR: 463 SUB: 306 chems)

Endpoint
Chem | Study S;;pag Species| Target
Group
1 1 CHR Rat Liver
1 2 CHR Rat Liver
1 3 CHR Mouse Liver
1 4 SUB Mouse Liver
2 1 SAC Rat Liver

D

Comparison of PODs for liver and kidney to bioactivity-based AEDs

<
invitrodbv3.4

¢ Liver (ATG,

* Kidney (cytotox

LTEA, APR)

in HEK293T)

IVIVE using HTTK
to obtain
bioactivity-based
AEDs

Paul Friedman K, Foster MJ, Setzer RW, Judson RS. Work in progress.
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Table. Repeated concordance of organ-level findings, % Concord = percent concordant chemicals; Chem = total # chemicals tested at the endpoint

chemical with positive finding in all studies + target group; +Pos = # chemicals with positive observations in all available studies; -Neg = #
) chemicals with negative finding in all studies chemicals with negative observations in all available studies; Mixed = chemicals with at least 1
% Concord = rotal chemicals tested study that was not positive

Endpoint Endpoint
target group Chem +Pos -Neg Mixed target group Species Chem +Pos -Neg Mixed
adrenal 538 8 316 214
Kidney 538 54 155 329 dog 169 8 135 26
Liver 538 149 79 310 adrenal 219 6 178 35
spleen 538 17 287 234 354 17 220 117
stomach 538 14 372 152 169 20 94 55
thyroid 538 11 345 182 _

, kidney 219 43 96 80
Endpoint 354 106 98 150
target  Study 169 86 34 49

group Type Chem +Pos -Neg Mixed ,
adrenal 463 8 306 149 liver 219 9% 51 72
kidney 463 58 169 236 354 157 60 137
liver CHR 463 160 93 210 169 9 123 37
spleen 463 16 298 149 spleen 219 16 146 57
stomach 463 22 344 97 354 31 201 122
thyroid 463 10 314 139 169 2 146 21
adrenal 306 10 215 81 stomach 219 7 169 43
kidney 306 65 96 145 354 11 272 71
liver SUB 306 143 59 104 65 8 1ot 26
spleen 306 24 184 98 _
stomach 306 10 250 46 thyroid 219 3 195 21

thyroid 306 11 237 58 354 28 246 80




Table. Results of MILR to estimate unexplained and Endpoint

explained variance in organ LELs. Target % var
organLEL ~ by + chemical * b; + species * b, Group Chem N Var MSE explained

+ study type = b; + administration method * b, adrenal 81 208 0.756 0.349 53.8

+ dose spacing * bg + number of dose levels x b .

+ study year * b, —}5— % substance purity * bg ’ kldney 263 730 0.765 0.316 58.7

liver 359 1318 0.745 0.355 52.3

Chems =# chemicals; N = number of studies; Var = total variance; Spleen 127 336 0.671 0318 52.6

MSE = mean square error on the model; RMSE = root residual mean stomach 55 146 0.553 0.173 68.7

square error; % var explained =% of total variance explained.by study thyroid 73 198 0.721 0.378 47.6

descriptors
Total variance at the organ level is generally less than or equal to total variance at the study-level. The RMSE at the organ level is similar
to the study level RMSE in Pham et al. The % variance explained is similar to the lower estimate of % variance explained at the study

level in Pham et al.
Paul Friedman K, Foster MJ, Setzer RW, Judson RS. Work in progress.
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0Odds Ratios of Matched Chemicals
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& stomach

@ thyroid gland

B s
Paul Friedman K, Foster MJ, Setzer RW, Judson RS. Work in progress.

If a substance failed to produce effectsin a targetorganat 90
days, what are the oddstherewould be a positive at 2 years?

Positive = any gross or histopathological change, or associated
hormones (in the case of thyroid gland) or clinical chemistry (in
the case of kidney)

A positive in SUB tends to indicate a greater likelihood of a
positive in CHR at that tissue, with some variability by species
and tissue.

The odds ratio for a positive for each of these target organs
was less than 1 in all cases, indicating that a negative in the
SUB indicates a greater likelihood of negative in the CHR.

Possible indication: a POD in a target organ at 90 days,
particularly for liver and kidney where we have the largest
datasets, is likely protective for any chronic finding.
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Interpretation: We are 95%
confident that the log10 difference
in CHR —SUB is on average between
-0.1261 and -0.3416 for the liver
data available in ToxRefDB.

We can also exponentiate (10%) this
difference and turn this back into
LELs, and this becomes a ratio. The
LEL ratio of CHR/SUB for liver would
between 0.4554 and 0.7479.

Observed Mean

Organ of log10(CHR-
Liver -0.2339
Kidney -0.3142
Adrenal -0.2445
Spleen -0.2979
Stomach -0.1383
Thyroid -0.2817

A randomization test of the ratio of CHR/SUB LEL values from ToxRefDB
suggeststhatliverand kidney PODs are smaller for CHR studies

Upper Bound

-0.1261
-0.201
0.0057
-0.1147
0.1144
-0.0357

Paul Friedman K, Foster MJ, Setzer RW, Judson RS. Work in progress.

Lower Bound

-0.3416
-0.4274
-0.4948

-0.481
-0.3911
-0.5276

P<0.0001
P<0.0001

0.054
0.0011
0.2991
0.0229



S EPA How much should administered equivalent doses
g (AEDs) be adjusted when predicting /in vivoLELs?

* AEDs are the mg/kg/day external dose predicted to

Organ Number of
correspond to in in vitro bioactive concentrations, unique
based on a reverse dosimetry approach that relates substances
the in vitro bioactive concentration to the human

E Liver 137
plasma concentration. (o e
. . ) idney
* The goal of this organ-specific AED to LEL comparison
is to understand the adjustment factor that might be LELs from ToxRefDBv2.0,
needed when doing NAM-based assessments of calculated by organ

repeat dose toxicity observed in target tissues.

* Here we only have enough data in liver and kidney for
the union between tissue-specific assa¥ endpoints in
invitrodb and organ-level LELs in ToxRetDB.

AEDs calculated using library(httk);
3 compartment steady state
model and only assays thatare in
liver or kidney associated cell lines
or primary cells

Paul Friedman K, Foster MJ, Setzer RW, Judson RS. Work in progress.



o EPA Preliminary work suggests that dependingon the IVIVE approach, the
\ Y 4 AEDs by tissue may be within the estimate of variance in organ level LELs

AED vs LEL Randomization Distributions
Liver Kidney

Uppe

Bound

Liver 0.4193 0.1761 0.6626 0.0007
Kidney 0.3512 -0.3455 1.0478 0.3329

\ For liver, there is a statistically significant difference, but it is
| | | | 5 between 0.17 and 0.66 log10-mg/kg/day (with the AED being
I T e . e - essentially 0.5 log10-mg/kg/day more conservative).

Distribution of Null Means
Differences calculated as LEL-AED (log10-mg/kg/day)  There are only 25 chemicalsin the kidney dataset, which is
relatively small for makinginferences. However, the mean
observed difference for kidneyand liver is within the estimate
of variance for replicate repeat dose studies.

Paul Friedman K, Foster MJ, Setzer RW, Judson RS. Work in progress.



\e,EPA Primary conclusions of our work

Variability in in vivo toxicity studies limits predictive accuracy of NAMs.
Total variance in systemic effect levels and the fraction explained were quantified.

Maximal R-squared for a NAM-based predictive model of systemic effect levels may be 55 to
73%; i.e., as much as 1/3 of the variance in these data may not be explainable using study
descriptors at the study and the organ level.

The estimate of variance (RMSE) in curated LELs and/or LOAELs approaches a 0.5 log10-
mg/kg/day at the study and the organ level.

Understanding that a prediction of an animal systemic effect level within £ 1 log10-
mg/kg/day fold demonstrates a very good NAM is important for acceptance of NAMs for
chemical safety assessment.

Finally, construction of NAM-based effect level estimates that offer an equivalent level of public
health protection as effect levels produced by methods using animals may Erovide a bridge to
major reduction in the use of animals as well as identification of cases in which animals may
provide scientific value.

* Existing QSAR for repeat dose POD may be informative for rapid workflows.

* Work is in progress to support best practices for estimating in vivo PODs at the organ level.
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