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Abstract

The objective of this work is to predict the hazard classification

and point of departure (PoD) of untested chemicals in repeat-dose e e — | Data for Target Organ Toxicity Prediction 985 Chemicals Target organ toxicity prediction

animal testing studies. We used supervised machine learning to Db —— === | = | from ToxCast Phases |, II, Ill represented by the following * Mean F1 score across all hazard classes ™ 0.63.

objectively evaluate the predictive accuracy of different — 1 E descriptors: 2,048 Morgan fingerprints (chm), 729 ) Be,St p;i(:|ct|on(sjand.uncertalnty es.témjtfes for each target organ
. . ) ) i i " —_— _ — [ [ Toxprint chemotypes (ct), 821 bioactivity assays (bio) and using different descriptors are provided for transparency

_ClaSS|flca_U0n and regressm.n algorlthm§ using Chemlcal S_trUCt_u_re 574 target organ outcomes from ToxRefDB (tox). The Variance in F1 score explained in descending order: target organ >

information, physico-chemical prgpgrtles, and in vitro bioactivity i F——— = o outcomes from ToxRefDB were aggregated at the level of descriptor type > classification algorithm |

data The Mmean Fl score fOI’ pred|Ct|ng 20 ta rth-Organ haza rd ag{mm::{ﬁ:_ | | : gu|de||ne Study and target organ. There were 35 target Comblnlng bloaCtIVIty and Chemlcal descrlptors Improves

classes across three guideline study types was 0.69, and the R2 for FEpreeery Ehoors Beoted oo organ hazard classes with at least 50 positive and 50 performance

predicting the PoD for systemic toxicity was 0.38. These models et f B = negative chemicals. Point of departure estimation

.. C . . : o E 90 :
can be used to efficiently prioritize tens of thousands of Baseline models explain ~15-20% of the total variance
e Benchmark models explain ~60-70% of the total variance

environmental chemicals by hazard and by PoD. e s e s B ) e Final consensus model explains 38% of the total variance in the

SN ] . . s external validation dataset
A h Distribution of positive and negative chemicals across the in vivo guideline . . ‘
p p gfor:[e toxicity testing studies and target organs. Developed model to be able to predict values with only chemical

Summary of performance for a subset of target organ descriptors, or a combination of chemical, biological and kinetic
neral-pur rvi machine learning (ML) pipelin -
Genera PUrpose stpe sed mac € led 5 ( ) PIPEline outcomes. The visualization shows the predictive descriptors

. . o . .
_, . performance for toxicity outcomes in rows (study:target Uncertainty estimates (95% Cl) for each prediction are provided for

K-fold organ) using eight machine learning algorithms (columns): transparency

LOOCV — naive Bayes (NB), k-nearest neighbor classification (KNNO
Classification . . . .
Input descriptors - Domain 9)‘ and KNN1) classification and regression trees (CARTO and I m pa CtS
Chemical L Accuracy (p,0) applicability (DA) CART1) and support vector classifiers (SVCLO and SVCRO).

PhysProp Descriptor F1-score (1,0) ‘ The predictive performance is compared across five different . C .
Bioactivity Selection sensitivity (i) Performance . N . . e The predictive models can be used to prioritize tens of
Specificity (1,0) based on cross- descriptors including: chemical (chm), chemotype (ct), in : _
Output Classification/ ROC AUC (i,0) validation vitro bioactivity (bio), a combination of in vitro bioactivity thousands of untested chemicals using structure data alone

Hazard Class Regression and chemical (bc), and a combination of in vitro bioactivity Predictive models of target organ toxicity (classification
Point of Dep. Testing Regression and chemotype (ct). ). The performance of a classification models) will assist in: (a) grouping of chemicals with similar

Explained variance method for predicting an outcome using a descriptor type toxicity profiles, and (b) provide bioactivity signatures that

Subset selection Mean Abs error was measured using specificity (green), F1 score (red) and can used to inform adverse outcome pathways (AOPs)
Mean Sqr error sensitivity (blue), which are visualized as vertical glyphs. The P y

Define balanced Testing . L. . . . .
Or unbalanced R® center, top, and bottom of the glyphs correspond to the Predictive models of systemic toxicity PoD (regression
Subsets of data mean *1 SD. models) can be used to inform, as part of a weight of

Target organ toxicity prediction e " R | RMSE |Top5 Features from Terminal Variable Set (mportance Rank) | evidence approach, on the safety of chemicals with limited
: _ . : : In vivo (baseline) 21% 0.85  dose_spacing (1); strain_group (2); pod_qual (3); study_type (4); to no ability to be tested in traditional animal models (e.g.,
e  Chemicals represented by: Morgan fingerprints (chm), Toxprint dose_no (5) N European Union Cosmetic Directive chemicals)

Chemotypes (Ct), ToxCast in Vitro b|oact|v|ty (b|o)’ and hybnd descriptors chemical descriptors 37% 0.76 ATSC4m (5); AATSC1m (9); SC-6 (10); ALogP (11); MDEO-11 (12)

L ) hyschem, . RMSE =0.76 et : : . : :
5-fold cross-validation testing to evaluate the performance of hazard e - Future directions: (a) Better characterize and quantify

classification using Naive BayeS (NB), k-nearest nEigthr (KNN), random biological descriptors . burst.(45); e.strogen_rec.:eptor(Sl); .zebrafish_development | g : !’._.__ | _,:;, .SOurceS Of Vd r|ab|||ty in traditional .animal StUdieS to
(ToxCast) (114); peroxisome_proliferator_activated_receptor_alpha (125); Improve benChmarklng Of alternatlve teSt methOdS and

Predicted POD (log10-mg/kg/day)

forest (RF), classification and regression trees (CART), and support vector ML S
classification (SVC). Model performance assessed using F1-score R ———TSER 3cc 076 | [ogmean (151} peak (2761; fub (365); vdist (385) intcl|(400) models; and (b) continue to improve and expand our input
variables (i.e., chemical descriptors)

outcome, descriptor type, classification algorithm and interactions pod_qual (5)

between these Predictive model of systemic toxicity points-of-departure
Point of departure estimation: 4382 studies across 1201 chemicals were used to develop (train/test) and

PaDEL descriptors, ToxPrint chemotypes, ToxCast Bioactivity, High- (above) shows each models performance based on R2 and RMSE as well | Liu J, Patlewicz G, Williams, A, Thomas, R, Shah, I. Predicting Target
throughput Toxicokinetic parameters (httk) as the top 5 most important variables for each of the added variable sets. [ Organ Toxicity using in vitro bioactivity and chemical structure.
Training and testing (5-fold CV with 10X bootstrapping) PoD values were The figure (right) shows the predicted PoD estimate with 95% confidence | | | | Submitted.

e Fixed effects modeling to relate variance in F1 score to target organ mean POD (benchmark) 73% 05| el (L SrEn. e (2 dese. s B sn e (@
« Chemicals represented by: In-House physical and chemical properties, externally evaluate the Random Forest Regression models. The table
collected from ToxRefDB, HESS-DB, and COSMOS-DB intervals versus the observed PoD in the external test set. Observed POD (log10-mg/kg/day)
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