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Mechanistic physiological models are powerful tools that can deliver unique insights and have pathways and outcomes, especially when clinical e | ) = The Model Qualification Method proposes eight criteria
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The goal of physiological modeling is to advance a specific research agenda in a drug Figure 1. Select components of a physiological model (disguised) * Dealing with uncertainty
discovery and development context. Therefore, the Model Qualification Method should focus Comparison to Statistical Modeling investigating antibody dynamics. « Dealing with variability
on whether the model is as useful in supporting that goal as possible. Physiological models Statistical models are inferred from data with most model parameters being estimated; the model complexity is « Comparison to data
vary dramatically in depth and breadth depending on research context, so the method must bé  jetermined by the data. Many tools are available to evaluate models internally and externally and to assess goodness of o |
conceptual and customizable rather than prescriptive. fit. Physiological models, by contrast, are not inferred from any one data set; rather, they start with knowledge and A model that meets all criteria can be used with
We began by clarifying desiderata of a Model Qualification Method, then employed concepts hypotheses of biological processes. Many types of data are used to inform and parameterize the models, but the confidence in drug discovery and development.
from statistics, dynamical systems modeling, decision analysis, and related fields to define a models are also extremely useful tools for explicitly exploring hypotheses about unknown parts of the biology. Hence,
Model Qualification Method with the desired properties. the quality of a physiological model cannot be determined strictly on the basis of comparison to data. Prior attempts at

validation strategies failed to account for these qualitative differences between modeling approaches.

Tablel. Desiderata for a Model Qualification Method

Matching relevant existing data is critical, but it is not sufficient for ensuring that a mechanistic physiological model is fit

Customizable Applicable for any research contexts. for purpose
Complete Addresses all aspects of model quality, not just matching data.
Practical Does not take too long or require unknowable data.

Data-independent Applies regardless of the type of data available.

Results: Model Qualification Method

1. Model scope Is appropriate for research context

Unlike statistical models, physiological models are not inferred from specific data sets. Hence, the first step toward ensuring that a physiological Research context includes several components that should be used to determine relevance, Table 2. Research Context Components
model is consistent with data is to identify appropriate data sets for quantitative statistical testing. Relevance to the research context (see Table shown in Table 2. All components of the drug discovery and development research context must o o _
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Quantitative test data should be identified and documented by the joint project team. for the duration of the project. 4. Data availability
Statistical methods apply as appropriate given the nature of the available testing data.
. Test that data mean falls within See Table 4 and Figure 5. Qualification approach:
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6. Relevant clinical variability is reproduced 5.Model captures 4.Relevant \\ 3. Relevant qualitative uncertainties are assessed
Clinical variability has obvious implications on many drug development decisions. Analysis of clinical % relevant known quantitative ,(\\' There are often gaps in knowledge about areas
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