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 Qverview of GenRA

« Using GenRA for acute toxicity point of departure
prediction

« Evaluation of predictions

« Future work + conclusions

- National Center for
Computational Toxicology
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» Read-across describes the method of filling a data gap whereby a chemical
with existing data values is used to make a prediction for a ‘similar’ chemical.
« Atarget chemical is a chemical which has a data gap that needs to be filled

l.e. the subject of the read-across.
« A source analogue is a chemical that has been identified as an appropriate

chemical for use in a read-across based on similarity to the target chemical
and existence of relevant data.

Source Target ' 0
chemical | chemical "~ Acute N
Property .f— @) [ toxicity? ~

® Reliable data

o Known to be Predicted to be
O Missing data harmful harmful

- National Center for
Computational Toxicology



e — GenRA - Introduction

* GenRA (Generalized Read-Across) is a “local validity” approach predicting
toxicity as a similarity-weighted activity of source analogues based on
chemistry and/or bioactivity descriptors. (Shah et al, 2016)

« (Generalized version of Chemical-Biological Read-Across (CBRA) developed by
Low et al (2013)

« Goal: to establish an objective performance baseline for read-across and
quantify the uncertainty in the predictions made.
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« GenRA is a similarity-weighted activity score of nearest
neighbors

« Similarity calculated using Jaccard distance over
Morgan chemical fingerprints

« Search for a maximum of 10 nearest neighbors on entire
dataset.

* Use a similarity threshold of 0.5
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Example

« Target: Tetraethylene glycol
diacrylate

* Molecular weight: 235.06

« Calculate similarity between
tetraethylene glycol diacrylate and
every other chemical in the dataset
based on Jaccard distance of
Morgan chemical fingerprints.

« Select 10 chemicals with highest
similarities (shown to right)

National Center for
Computational Toxicology
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i T— Calculating Example Prediction

Tetraethylene gylcol diacrylate 1.0 (target) -0.430

Triethylene glycol diacrylate 1 -0.287
Diethylene glycol diacrylate 0.96 -0.067
2-Ethoxyethyl acrylate 0.73 -0.871
Ethylene acrylate 0.72 -0.246
2-Methoxyethyl acrylate 0.63 -0.492

* ytetraethylene glycol diacrylate = 1*-0.287 + 0.96%-0.067 + 0.73"-0.871 +
0.72*-0.246 + 0.63 *-0.492/1+0.96 + 0.73 + 0.72 + 0.63
= -0.428 (log molar)
* mg/kg prediction: 107(-(-0.428))*235.06 = 809.539 mg/kg
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Log Molar
 Predicted value: -0.428
e Actual value: -0.430

* Residual: 0.002
Mg/kg

* Predicted value: 809.539

 Actual value: 813

 Residual: 3.461

National Center for
Computational Toxicology
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Fortomgmig)
Triethylene glycol di.. ...,
Diethylene glycol dia..

S
2-Ethoxyethyl acrylate

0.731

0.50¢
2-(Dimethylamino)ethy.. _ R

rprarae )
~ Tetraethylene glycol .. Ethylene acrylate
U.osdc

0.63¢

PN 0.52¢
Butyl acrylate
D, .lL{cs
2-Methoxyethyl acrylate
o yi
2-Chloroethyl acrylate oS

~~~+ 2-Hydroxyethyl acrylate
1,4-Butanediol diacry..



v EPA
et T AP We b -b ase d WO I'kﬂ ow

Agency

Neighbors by: Chem: Torsion Fgrpris ¥ Filter by:  invivo data ¥ [i] Summary Data Gap Analysis (1] Group: ToxRef ¥ By: Tox Fingerprint

7

. = *
2 & &
Butylbenzens ol #
&

Benzyl scetats Aspartame 5  [M8EY 21

CHR:Abdominal Cavity

r/"‘x £

% m—/l / “

Naghthzlene Benzyl acetate 10
\ /" tert-Butyl perbe...

tert-Butyl perbenzoate 10

Bulylbenzene 12 714 il
CHR:Adrenal Gland

CHR-Arery (General)

b -
A e {2E}-3-Phenylprop-2-enal 7
—_— — 1L} yiprop
Aspartama i s 2-Chloroacetophenone 20 CHR-Blood

CHR:Blood vessel

Clorophene 11

Benzophenone
/ \ \ (2E}-3-Fhenylpr... | (41} alpha-Methylbenzyl... 21

T

~\
{.\\_ P Monobenzyl phthalate 13 714 CHR:Bone
Monobenzyl pht... ey ‘_‘ '
P . 2-Chloroacstop... Benzophenone 2 Ti4 CHR:Bone Marrow
L L Naphthalens &  [ESEM 2 178 CHR:Brain
Clareph S
#of Analogs | 10 SR {s#-alpha-Meth... m GHR Bronchus
GenRA ¥ Min=: 0 ¥ Min-: 0 ¥ Filter:l Similarity Weight: Download: Filetype ¥
100 & 027V 0.26 024 023+ 022+ 021+ 0.20 020+ 0.20 ¥ 0.19
. ) - \
Aspariame Butylbenzens  Benzyl scetste ter-Butyl perbe
CHR Abdominal Cavity ]
CHRAdrenal Gland e
CHR:Arery (General) ]
CHR:Auditory Startie Re... e
CHRBile duct ]
ot et [ ]
CHRBlood vessel e
o ]
National ( CHR:Bone -

Computativiiar 1 vaivuivyy
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« Underlying data used was taken from ToxRefDB, a
collection of repeated dose toxicity study types e.qg.
chronic, multigeneration, developmental, subchronic etc

 Toxicity effects within those study types were recorded
as binary outcomes (0 for non-toxic, 1 for toxic)

+ Toxicity effects were then predicted as binary outcomes
(Oor1)

« Dataset was clustered into local validity domains to find
areas of chemical space where method performs best




555 proreeon Current Application

We would like to test how GenRA performs on non-
binary data.

Acute rat oral toxicity (LD50) dataset with 16173 assays
of 11992 substances

Found DSSTox matches for 9293 substances (13295
assays)

Median of the lowest quartile after removal of extreme
values used for substances with multiple studies
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Histogram of LD50 (mgkg) Histogram of LD50 (log molar)
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« Untransformed data highly skewed with extreme outliers

« Log molar transformation looks approximately normal

- National Center for
Computational Toxicology
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Predicted vs. True
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Residual vs average similarity of neighborhood
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e Qutliers tend to be for dissimilar
neighborhoods

* Increasing similarity of the
neighborhood leads to better
predictions

* More neighbors in the
neighborhood also leads to
better predictions.
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Evaluation of GenRA Performance
Histogram of R2 values for 1000 train-test splits ° 90-1 O train-test Sp“ts
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« Zhu et al 2009
« Rat LD50 data for 361 chemicals
« k-Nearest Neighbors after partitioning data into 2
classes based on Ic50 vs Id50 relationship
« 0.50 < R?<0.60 (cross-validation)
* Alberga et al 2018:
« Rat LD50 data for 8944 chemicals
« k-Nearest Neighbors using combination of 19
fingerprints
« R2=0.723 (best)
 GenRA
« Rat LD50 data for 7011 chemicals
« k-Nearest Neighbors with Morgan fingerprints
« R2=0.61 (k=10 and s=0.5)
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o — Future Work + Conclusions

« GenRA has previously been used to predict binary
toxicity calls, but is now shown to be applicable to non-
binary datasets.

* GenRA predicts LD50 values accurately on this dataset
and these predictions are robust because it predicts well
In cross-validation.

* Future work
 Incorporate phys-chem to see if it improves
performance, particularly for outliers
« Perform analysis cluster-by-cluster using clusters
identified in Shah et al, 2016
« Add quantitative predictions to GenRA web tool

17
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