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Abstract Random Forest Modeling Top Five Models

The EPA ToxCast™ and Tox21 programs have generated 1192 Assay Endpoints

bioactivity data for nearly 9076 chemicals across ~1192 assay We constructed random forest models to predict each assay endpoint using the chemotypes as descriptors. A Balanced Difference with Balanced Difference with
endpoints; however, for over 70% of these chemical-assay random forest is a collection of decision trees that vote for a given outcome using a majority rule. In our case, Accuracy on Y-randomized Accuracy on Y-randomized
endpoint pairs, there is no data. This creates certain thousands of random forest models were built for each endpoint to determine the optimum set of Large Test Set model Balanced Test model
challenges when trying to exploit the data to build predictive parameters to use. Model Endpoint* Set
models. To fill the chemical-assay data gaps, we cpnstructed TE OT ER ERaERa 0480 0.810 0.449 0.889 0.481
random forest models for each assay endpoint, using - £ - Each modelwas built using the gbrm packege iR
chemotypes which are fragment based structural descriptors. 5 «Chemotypes were used as the descriptors OT_ER_ERaERb_0480 0.846 0.324 0.852 0.352
For each model. the assay endpoint data was Spht into a g «5-fold cross validation was carried out using the caret package in

. . : . cn R 0.688 0.242 0.740 0.333
training set containing 80% of the active chemicals and an Calculate ATG_PPARa_TRANS_up
equal number of inactives, with the remainder used as the test Accurac OT_ER_ERaERb_1440 0.716 0.255 0.725 0.313
set. Many assay endpoints still lacked sufficient data to build y Calculate _
robust models. However. 272 models with at least 200 eAccuracy was calculated and averaged over all cross validations. BSK_CASM3C_TISSU€FaCtOF_dOWI’1 0.678 0.257 0.625 0.273
chemicals in their training sets were successfully derived. 250 . i . ACCU ra Cy *Assay and Endpoint Descriptions Are Available From: https://actor.epa.gov/dashboard/
models of these were able to generate bioactivity predictions Chem1gals vs. Assay Endpoints: Adjust
with greater than 60% balanced accuracy. Our models were The white space e ents Parameters AdJUSt *Results were used to adjust parameters for best fit OH The alcohol aromatic phenol chemotype was In contrast, the two non-ER assay

bl dict ToxCast™ and T bi A 1 in th areas where the chemical assay il . - - ‘ [ yp _ ’ : _
able to pre 1ct ToxCast an ox21 1oact1v1ty values 1n the Adjusted parameters were: number of trees, interaction depth, i il | Il th ER d t deled the t f
bsence of experimental data which will facilitate the end point was not tested or Pa rameters minimum number of samples to split, impact of each tree t e npost Influentia |r1 a t ree assay endpoin s'mo eled In . e top five assays
apse P . . where a hiteall could not be predictions. It’s normalized influence ranged required a more diverse set of
development of other predictive toxicity models. ode from 12 to 29%. Other five and six membered chemotypes in order to make a
' Each random forest model was optimized in R using the caret package, with the gbm package being used to TS 15e haq = leis [nilusnes e dus predlctlon.. NE §|ngle ARRTREES 2
prediction outcome. normalized influence above 8%.

build the forest. The gbm package created a forest of gradient boosted decision trees. The caret package
VV Orkﬂow allows for easy optimization of the forest by optimizing the number of trees in each forest, the total number of
splits, minimum number of samples for a split, and impact of each tree on the outcome of the model.

 Compare the balanced accuracies of the model predictions with the reproducibility of the

ToxCast™ and models for each assay endpoints.

¢ The training set had to contain at least 100

Test Set experimental assays themselves
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Total N in Each Secti . . . .
otal Number in Each Section The chemotypes conveyed a significant amount of information over a broad selection of the
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MAID: 13172685 *174 out of 272 models had results from both the big and
balanced test sets fall with in the green zone.

0 c B * Full Test Set °
predICt the hltca” g ) ¢+ A model needed to have a balanced accuracy of COIlCluSIOI].S
£ © at least 60%
s ¢ The balanced accuracy of the model needed to
5 Poor be at least 10 points hig¥1er than for a Y- « We were able to successfully predict ToxCast™ and Tox21 assay outcomes in the majority of
o 205 randomized model. cases (174 predictions rated good out of 272 assays) where there were at least 200 chemicals
H]-t Ca]-]- and ChemOtypeS 5 - Unreliable ‘ available to make up a training set.

An active hit call is defined as a signal three fold above
bmad (baseline median absolute deviation) or a 20%
change. The majority of chemicals with hit call
information ~8500 also had structural information

HILL MODEL (in red):

tp ga aw
val: 121 0.728 3.29
ad: 2.12 0.0164 0.3086

References

GAIN-LOSS MODEL (in blue):
tp ga gw la 1w
wval: 12 0.728 3.29 2.63 14.7

Percent Activity
0 50 100 150 200
1 1 1
i
U
|
|
|

available from the Comptox Dashboard. The majority of . m e o e Percentage of Actual Actives in Each Group Actives and in Actives in Each Group
those without available structures were mixtures. g Mo o075 ieids s _ o
B o 1 The confidence of an individual ToxCast ™ and Tox21 latest data releases available from:
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