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sensitivity/specificity analysis conducted as part of the TTE model assessment. For your info, those stat measures were calculated based on the number of match and mismatch between the observed toxicity (0/1) and the simulated ones from the TTE model (1000 replicates).

Introduction Objectives
The descriptive approach for defining the no-observed-adverse-effect level (NOAEL) is known to have several limitations with its concept, * To apply a TTE approach to the same toxicity real case data as Glatard et al.
determination and application!4. As an alternative to the NOAEL approach, benchmark dose has been proposed in the environmental * To compare the TTE and the Logit approaches

safetyl-3] but to the author knowledge, there is no other published example of model-based approach for NOAEL determination. Glatard et al.
have been working on a Logit model for a test compound but it is still under review by the journal of Toxicology and Applied Pharmacology.

Data Methods

* Seven studies conducted at various doses, durations and sample size to determine NOAEL values and to guide FTIH (Table 1) * Model building using the survival package in RP! (Fig 2)

* Histopathology toxicity data collected from each animal once, at the time of sacrifice (n = number of rats assessed by histopathology) * Covariate test using the forward backward selection, based on AIC, BIC, LRT

* Binary outcome presence/absence of histopathology toxicity (not the severity) indicative of a toxicity event (Fig 1) * Model evaluation using VPCI® and a sensitivity/specificity analysis looking at

the number of match (0-0 & 1-1) & mismatch (0-1 & 1-0) between observations
& simulations per group of time and dose

Table 1: Toxicology data Fig 1: Sacrifice counts over time stratified by dose Fig 2: Extract of R scripts for the TTE analysis
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TTE Model Fig 3: Survival predictions (---) vs. KM plots (—) with 95%CI (-)
* Time dependent hazard model with a Weibull distribution and dose as significant covariate (multiplicative effect on hazard) = : o
* Model performance to detect toxicity: N s o
- True positives of 21%, True negatives of 66% L .
- False positives of 6.6%, False negatives of 6.2% _— "\ T~
- Sensitivity of 77% , Specificity of 90% _ - S b
Table 2: Parameter estimates S ~
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TTE versus Logit!4 : : f0 15 2 &
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Fig 4. Comparison in data description: VPC with 1000 replicates Fig 5: Comparison in data extrapolation using truncated versions of the
(left: TTE, right: Logit, top: control group, bottom: 1000 mg/kg/day) original dataset, example with 1000mg/kg/day (left: TTE, right: Logit)
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Gray shaded area: 90% predictive interval from the simulated data. Dotted line () is the median of the simulations. Model oredici 90% C; ¢ ) b ith 1000 repli :
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