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Provided functionality Application
® Bayesian estimation of finite mixtures of univariate Gaussian distri- “fish” dataset: (Titterington et al., 1985)
butions with MCMC methods e 256 observations of fish length
e accompanying material to the book Frithwirth-Schnatter (2005) e unobserved heterogeneity because of different age groups present
e special purpose interface to JAGS (Just Another Gibbs Sampler; in the population
Plummer, 2004)
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e number of segments -~ [——
e specific prior distribution and parameter values Fig. 3: Traces and density of the MCMC draws for g under the constraint
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Plot functions for output analysis
e diagnostic plots: for determining a suitable ordering constraint and
the number of segments (see Figure 2)
e output visualization: trace and density plots (see Figure 3) Titterington, D., Smith, A., & Makov, U. 1985. Statistical Analysis of

o a-posteriori probabilities (see Figure 4) Finite Mizture Distributions. Chichester: Wiley.
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