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— Thus, pKa affects absorption, distribution, metabolism, excretion, pKa Reported in DataWarrior Reported in DataWarrior * Tensorflow and Keras packages were DataWarrior. 200
and toxicity (ADMET). o used to build a feed-forward DNN with 3 150 200
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» pKa is an important parameter for physiologically based
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However, current publicly available pKa models are limited to certain
chemical classes.
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ACD/Labs pKa Predictor — The disagreement between our models and the commercial models on the

benchmark dataset (TSCA actives) is higher for the basic pKa predictions.
® 2f This is particularly noticeable with ChemAxon, which generated a high
v dateiel ' number of predictions of pKas lower than -5 for the basic data set.

— For the TSCA-actives list, the divergence between ACD/Labs and
ChemAXxon is higher for the basic pKa predictions compared to the acidic
pKa predictions. Interestingly, this is the opposite of what occurred for the
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Extreme Gradient Boosting (XGB)
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- Here we provide free, open-source, fast, and reliable options for Structure Standardization models, typically decision trees, are - sl : N i DataWarrior dataset.
predicting pKa for heterogeneous chemical classes. Remove inorganics combined to yield a final prediction. N L ] P B ‘ The predictions of our models can be considered more accurate in the
Modeling steps: Eull dataset %} 1 and mixtures * The R package caret was used to P T 7 ouerorteepa range of -5 to 15 for both the acidic and basic pKas.
Ka val .f 2912 chemicals i ¢ btained f 7904 total valid structures O R’?, implement XGB. g ChemAxon pKa Predictor
— pKa values for chemicals in water were obtained from _ ‘ : )
DataWarrior, a freely available software package. 6245 unique QSAR-ready structures % & Clean salts and All used tools and resulting models are free and open-source.
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— Chemical structures were standardized for QSAR modeling % counterions #

Summary and Next Steps

(Mansouri et al. 2016).

— Continuous molecular descriptors, binary fingerprints, and fragment
counts were generated using PaDEL.
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3610 total valid structures « An automated QSAR data preparation workflow was applied to a public data

set of 7912 chemicals, created three data subsets, Acidic, Basic and
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3260 unique QSAR-ready structures
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— Models were 5-fold cross-validated and evaluated against an 4294 total valid structures ' 1 Final inspection , PR e T eweoreseps predictors showing different levels of concordance.
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Acidic and Basic Datasets Algorithm Model RMSE  Model R? Model RMSE Model R? » Aset of 8904 QSAR-ready structures (non-overlapping with DataWarrior)

— Predictions will be available on the EPA's CompTox Chemistry Dashboard

The DataWarrior data set contained a high number of duplicates (1659) from the TSCA-actives list (https://comptox.epa.gov/dashboard) was used as (https://comptox.epa.gov)

and amphoteric chemicals (chemicals with both an acidic and basic pKa). BN L2l Dt — eog benchmark to compare the predictions of the models from this work and the o _ .
Data were processed in three different ways: SVM 1.80 0.72 1.53 0.78 commercial tools. — Predictions will also be used by the NICEATM'’s Integrated Chemical

: : : : For this analysis, the SVM model was implemented in OPERA Environment (ICE) Dashboard (https://ice.ntp.niehs.nih.goVv/) in various
XGB 1.82 0.71 1.90 : (https://github.com/kmansouri/OPERA) (Mansouri et al. 2018). pharmacokinetic calculations.
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