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Abstract. MATERIALS AND METHODS RESULTS

predictions for each method. Note: Due to circumstances, we were only
able to run SPARC predictions against an incomplete dataset of only 4000
chemicals.
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We characterize the assoclation and dissociation constants between the
chemical classes to determine if there iIs a difference between the chemical
classes.
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Figure 2: Average ionizable atom types per chemical for (blue)
5 pharmaceutical, (green) near-field environmental, and (red) far

. ; N . " 7 ? N field environmental chemicals. (A) lonizable atom types are CO N C |_ U S | O N S
\///CQ'”\//N }’C@'”\J separated into ~80 different types of ionizable atoms, based on
S/ S/
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aliphatic hydroxyl vs. aromatic hydroxyl). (B) lonizable atom ionizations of pharmaceutical and environmental chemicals (Figure 2). We
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between the ionization profiles of pharmaceutical and can be separated into alcohols, ethers, etc) when applied to downstream analyses, e.g., pharmacokinetic partition
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