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Introduction

Transgenic rodent (TGR) assays measure gene mutation in vivo, extending genotoxicity assessment beyond what traditional in vitro systems can capture. Transgenic
mutagenicity models are the only OECD approved in vivo models that measure gene mutations. Transgenic carcinogenicity models are accepted on a case-by-case
basis under ICH S1. This study compares curated TGR datasets against the corresponding QSAR models to determine how well in vitro and in vivo genotoxicity QSAR
predictions translate to experimental in vivo outcomes.

Dataset Methods

Because both datasets are small, standalone QSAR models were not developed for
use for the TGR endpoints, however alerts were mined from the model created from
the TGR mutagenicity data. A Bayesian conditional-probability analysis was also
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Bayesian Concordance Analysis

Bayesian conditional-probability analysis was applied to the mutagenicity and carcinogenicity datasets to assess how well in vitro QSAR predictions translate to in vivo
outcomes. The analysis estimates the probability of a positive or negative TGR result given a model's prediction. Concordance was compared across four models:
bacterial mutagenicity, carcinogenicity, micronucleus, and Ames-negative genotoxicity for both the TGR mutagenicity and TGR carcinogenicity endpoints.
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QSAR Model Structural Alerts: Bacterial Mutagenicity vs. TGR Mutagenicity

Substructures including alkyl bromide, methyl sulfoxide, epoxide, aromatic amine, and N-nitroso
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associated with DNA reactivity and with in vivo mutagenic and carcinogenic potential.

Role of Metabolism

To test whether in vivo metabolism explains the discordance between bacterial Mouse
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mutagenicity and TGR results, compounds predicted positive by the bacterial arcinogenicity
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explain some bacterial mutagenicity-positive / TGR-negative discordance,
although the evidence remains inconclusive.

Note: ICH M7: Compound was tested with statistical and expert rule-based model for bacterial mutagenicity as per OECD 471 test guidance in CASE Ultra, then
additional evidence was used to provide a final call; Mouse Carcinogenicity: Statistical models for rodent carcinogenicity in mice per ICH S1A, ICH S1B, and OECD
TG-451 regulatory guidelines

Limitations Conclusion

Small dataset sizes precluded the development of standalone QSAR models.  Translating in vitro mutagenicity predictions into in vivo TGR outcomes remains
Only 13 of 138 compounds were confirmed carcinogenicity positives, which challenging. Agreement across multiple models, combined with attention to
limits confidence in the positive-prediction concordance estimates. The role of  metabolism, exposure, and structural context, offers the most reliable path to
metabolism in Ames/TGR discordance is suggestive rather than proven, as  confident genotoxicity and carcinogenicity risk assessment.

similar S9 profiles were observed in both known positives and known negatives.
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