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Modeling Latent Utilities with Observable Utilities through Simulation
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Unit Interval Data

Link Functions: Logit, Cauchit, Cloglog
Likelihoods: Beta, Kumaraswamy, Link-Normal, Simplex, Gaussian

Continuous Positive Data

Link Functions: Log, Softplus

Likelihoods: Gamma, Welbull, Beta-Prime, Link-Normal,
Frechet, Gompertz, Inverse Gaussian, Gaussian

Unit Interval Results Continuous Positive Results
Conditional Effect of eldp delta on rmse of parameter estimate Predicting parameter recovery from elpd delta to best model
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