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Over the past 5 years, increased attention has been focused on
using high-throughput in vitro screening for identifying chemical
hazards and prioritizing chemicals for additional in vivo testing.
The U.S. Environmental Protection Agency’s ToxCast program
has generated a significant amount of high-throughput screening
data allowing a broad-based assessment of the utility of these as-
says for predicting in vivo responses. In this study, a comprehensive
cross-validation model comparison was performed to evaluate the
predictive performance of the more than 600 in vifro assays from
the ToxCast phase I screening effort across 60 in vivo endpoints
using 84 different statistical classification methods. The predictive

hazards. In the United States, the Environmental Protection
Agency’s (EPA) ToxCast project and the Tox21 consortium
have used high-throughput screening to characterize the
in vitro biological activity of chemicals across multiple cel-
lular pathways and biochemical targets with the intent to pri-
oritize compounds for conventional toxicity testing (Dix ef
al., 2007; Kavlock et al., 2009). In Europe, multiple research
consortia such as Sens-it-1v, ACuteTox, and carcinoGENOM-
ICS have also examined the ability of in vitro systems for
predicting in vivo responses (dos Santos et al., 2009; Jennen
et al., 2010; Sjostrom ef al., 2008). To date, the research ef-
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Currently Published Work on Predictive Toxicity
Signatures in ToxCast

Signature
Development
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int 12 May 2011

Predictive Model of Rat Reproductive Toxicity from ToxCast High
Throughput Screening’

Matthew T. Martin,® Thomas B. Knudsen, David M. Reif, Keith A. Houck, Richard $. Judson,
Robert ). Kavlock, and David ). Dix

National Center for Computational Toxicology, Office of Research and Development, LS. Environmental Protection

Agency, Research Triangle Park, North Carolina

In Vitro Screening of Environmental Chemicals for Targeted Testing
Prioritization: The ToxCast Project

Richard S. Judson, Keith A. Houck, Robert J. Kaviock, Thomas B. Knudsen, Matthew T. Martin,
Holly M. Mortensen, David M. Reif, Daniel M. Rotroff, Imran Shah, Ann M. Richard, and David J. Dix

National Center for Computational Toxicology, Office of Research and Development, U.S. Environmental Protection Agency,
Rasaarch Triangle Park, North Carolina, USA

Predictive Models of Prenatal Developmental Toxicity from ToxCast
High-Throughput Screening Data

Nisha S. Sipes. *! Matthew T. Martin,* David M. Reif.* Nicole C. Kleinstreuer.” Richard S. Judson.* Amar V. Singh.t
Kelly J. Chandl David 1. Dix.* Robert J. Kar k.* and Thomas B. Knudsen

Environmental Impact on Vascular Development Predicted by High Throughput Screening

Nicole C. Kleinstreuer’, Richard S. Judson'. David M. Reif'. Nisha S. Sipes'. Amar V. Singh’.
Kelly I. Chandler'*, Rob DeWoskin®, David J. Dix!, Robert J. Kavlock' and Thomas B.

Koudsen'

Reproductive toxicity signature

74% Balanced Accuracy

Pre-filtered assays and lumped subset
into into 6 classes based on genes and
functional grouping

Only study with external validation set

Rat liver tumor signature
No formal classification statistical analysis
(cross-validation)

Developmental toxicity signature
71% Balanced Accuracy

Pre-filtered assays and aggregated
assays based on genes and GO
categories

Vascular development signature
80% Accuracy



Why is a Software Company Getting Involved with
ToxCast?

Our life sciences team has collaborated with the EPA, Hamner
Institute, NIEHS, UNC, and NC State for many years, and has its
roots in toxicology-based microarray data analysis.

The ToxCast data is highly valuable and presents numerous
analytical challenges, several of which IMP Genomics software can
help address.

We wanted to test and stretch the software in new directions and
participate in the project by providing, as much as possible, a
“neutral third party” assessment of the predictive performance of the
assays.

Previous work in collaboration with Fred Wright at UNC; current
work in collaboration with Rusty Thomas at Hamner.
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Workflow Detalls

60 Endpoints x 84 Models x 10 Iterations x 5 Folds = 252,000
separate model fits; computationally intensive.

Predictive models include discriminant, distance scoring, k-nearest
neighbors, logistic regression, general linear model, partial least
squares, partition trees, and radial basis machine.

Various Sets of Predictor Variables:
1. In Vitro Assays, optionally aggregated
2. Chemical Structural Descriptors, computed by Dragon

All endpoints are binary, so performance criteria include: Accuracy,
Balanced Accuracy, Sensitivity, Specificity, Negative Predictive Value
(NPV), Positive Predictive Value (PPV), and Area Under the Curve
(AUC)



Prediction
Based on
In Vitro
Assays or
Chemical
Structure

Accuracy = (TP + TN)/(TP + FP + FN + TN)

Balanced Accuracy = (Sensitivity + Specificity)/2,

Predictive Performance Criteria for

Positive

Negative

Binary Endpoints

In Vivo Animal Response

Positive Negative
TP FP
FN TN
Sensitivity Specificity

adjusts for prevalence

RMSE = square root (average (true value — predicted

probability)?)

=TP /(TP + FN) = TN/ (FP + TN)

PPV
=TP /(TP + FP)

NPV
= TN/ (FN + TN)

Sensitivity

\
AUC > 0.5
Predictive

AUC =05
Not Predictive

1 - Specificity

AUC is area under the Receiver Operating
Characteristic (ROC) curve; it measures sorting
efficiency and is directly related to the Mann-
Whitney rank-sum statistic; a value of 1

indicates perfect sorting.
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InVitro Assay Median AUC
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Predictability
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Prodiamine
Asulam

Fipronil
Bensulide
“Tetraconazole
Cyproconazole
Fenbuconazole
Difenoconazole
Propiconazole
"Myclobutanil
“Triticonazole

“Alachlor
“Thiazopyr
“Triadimefon
“Triflumizole
"Hexaconazole

Negative
Prediction

Mean
(Log,(1/RMSE))

0 .
1.0745 :
2.1491

3.2238

189
-3.352
-2.514
-1.676

-4.
-0.838

lepueD le_1e
J|WBISAS 1B UBS Hms._ e

a
©
E
o
o]

BUED BN e
olweisAs ENUSD BN GE
BN de

sso| _EmcEn_ qe
|=bald leW ae
ssoBeld _mmmm._n_ “ms._ qe
sdoln] JaAl7 SNy D
saTise|dosN Jaa7 SN D
uabLownl sny o
saT18J8)110dd JoAIT SN D
saTise|doauald Jan SNy O
5507 [BlEURIH 1BM OO
_lexBeid e ley Q
ssofald |eyBald 1B BN Q
leleduso ned Jey Q
pEdIBAA _mumn_r_mmu >mD 1By D
_mv_m >mn_ ey n_

[eIxy [e¥S A2Q 1Y J

>mn_ B a

BAT 'Y W

Rauply 1ed W

480 gey g

usBuown] ey o

seAuy Asupiy jed O
saAly oA By O
saAuy Jaa SN o
sajeajod plodAyL jey O
saTise|dosuald [©JAULTIEY D
se7AUY pUIDPIOIAYL IEY O
AydotpadAy 1aa EY O
saTieJs}llold J1eAT ey O
saise|dosusld Jeal 1By O
sJoWwn] JeAT ey D

saAuy sel1sel Y O
Auyedolydan Asupy 1EY O
sa7Auy 8fg By O
NaIulelsBUIYD TIEY O
FANGANIGBIATIRY W
[eaansBundsyo ey W
wopied 1onpoddey 18y Iy
aWooINg” Jonpodday 1ey W
azislenm ey W
lZaNduoneloeT jey W

shsel 1y W

el jonpolday sley 1B W
10B4110npolday We4 1eM W
lelues0”19Ns " ned 1By d
lejnojpuaddy’|a)g Aeg 1EY Q
IS~ Aeg aey g

ey [@3S_Ae0_gey Q
|_Emn_cm0|>mn_lnmmln_
paIUBAA [Eleduss Asd GEY Q
sIS0loaN JaAlT SA D
AydoapsdAH 1A SNy D
saAuy Ussdg sy D
fBojoUied AsUpiy SN O
saAUy Asupiy SN D

IIIIIIIIIIIIIID'_‘II
DDDDDDDDD

Positive
Prediction

4.2981

5.3727



Learning Curves

An appropriate way to assess adequacy of sample size in a
predictive modeling context

Completely different from classic power and sample size
calculations, which are designed for hypothesis testing, not
predictive modeling

Constructed by taking subsets of different sizes and performing
cross-validation model comparison on each, then plot results with
sample size as the x-axis

An upward trend indicates that results would likely improve with
more samples; a flat curve indicates otherwise.



CHR_Rat_Cholinesteraselnhibition
Best model from CVMC = PT_075 (AUC = 0.75583)
Worst model from CVMC = KNN_036 (AUC = 0.61631)
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MGR_Rat_Testis
Best model from CVMC = PT_074_025 (AUC = 0.50620)
Worst model from CVMC = GLM_020 (AUC = 0.44754)
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Summary

The current ToxCast in vitro high-throughput screening assays provide
somewhat limited ability to predict in vivo toxic responses.

Sensitivity and specificity of the in vitro assays is related to the balance
of positive and negative chemicals, but even for balanced endpoints,
the overall predictive performance is relatively low.

The in vitro assays provide somewhat lower predictive performance
than chemical structure.

Aggregating the assays based on gene and biological processes did
not appear to improve predictive performance.

Pre-filtering the in vitro assay data, as has been done in previous
studies, can significantly bias estimates of cross-validation performance
In an optimistic direction.

Analysis of predictability and learning curves can help in prioritizing
chemicals for further study and in assessing adequacy of sample sizes.
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