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/ Introduction and Aim \

Chronic aquatic toxicity is a critical endpoint in environmental hazards assessment. However, the conventional No-Observed-Effect Concentration (NOEC) testing is resource-
intensive, time-consuming, and associated with ethical concerns. The development of predictive models is in accordance with the 3R principles (Replacement, Reduction, and
Refinement) and provides a mechanistically informed methodology for screening substances, thereby reducing the need for animal testing.

The aim of this work is to develop models for predicting chronic toxicity in fish, accounting for data uncertainty. Two complementary methodologies have been develop. The first
approach utilizes quantitative structure—activity relationship (QSAR) models to establish acute-to-chronic toxicity relationships [1] within mechanistically augmented Verhaar modes
of action [2]. The second approach applies a read-across/trend analysis workflow, enabling the dynamic selection of structurally and mechanistically similar analogues. For both
approaches, applicability domains incorporating mechanistic relevance, structural similarity, and parametric constraints were defined. Uncertainty in experimental NOEC data and
model predictions was quantified using probabilistic distributions which results in a probabilistic Globally Harmonized System (GHS) chronic hazard categorization.

Both approaches have been implemented in the QSAR Toolbox, providing a transparent and practical framework for regulatory applications.

Materials and Methods

Data and Endpoint
The modeled endpoint is chronic fish NOEC (mg/L) derived from 21-60-day OECD TG 210 studies. A dataset consisting of 300 chemicals with 5,803 exp NOEC (Mortality or Growth

rate) and LC(EC)50 (Mortality) data values was assembled from multiple QSAR Toolbox databases.
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Results and Discussions
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