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 To overcome these issues, machine learning approaches are synthetic data
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Figure 4: Histograms of categorical variable distributions (METABRIC, avr. seed).

 However, these emerging approaches require specific _ : _
Multivariate analysis of the data

refinement for use in quantitative pharmacology applications.
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 UMAP visualizations provided a comprehensive assessment

available and user-friendly. of joint distribution across both continuous and categorical

variables in investigated data. For all datasets UMAP plots
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 In all tested datasets continuous variables showed high UMAP Dimension 1

Random forest-based synthetic data generation
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agreement between original and synthetic data: mean

« The tool for virtual population generation implemented into the Kolmogorov—Smirnov p-values ranged from 0.83 to 0.85,

] _ Figure 5: UMAP plot for METABRIC dataset (average seed, UMAP seed 10).
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forest (RF) method.
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Figure 1: Scheme of RF method operation.

Shannon divergence values are less than 0.01 for all datasets, synthesis and detail diagnostics.
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