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Motivation

Probabilistic regression models:
® Modelling the entire probability distribution rather than just the expectation.
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Probabilistic regression models:

® Modelling the entire probability distribution rather than just the expectation.

® Various model classes and types.

Goodness of fit:
® Scoring rules for evaluating the predictive performance, e.g., using the
log-score or the (continuous) ranked probability score.

® Visualizations especially suitable for identifying possible misspecifications.

= What are useful elements of such graphics?
= What are relative (dis)advantages?
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Probabilistic precipitation forecasting

Observed vs. ensmean:
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Graphical assessment

However: Is the model calibrated?
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- Quantile residuals:
II>,' = d>‘1(u,~).
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Marginal calibration

Frequencies: Observed
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Marginal calibration

Frequencies: Observed vs. expected
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Marginal calibration
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Probabilistic calibration

PIT residuals:
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Probabilistic calibration

Quantile residuals: Observed vs. expected
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Probabilistic calibration

Quantile residuals: Deviations

Deviation

-0.5+ /

\
-4 -2 0 2 4
Theoretical quantiles

10/14



Model comparison

Quantile residuals: Deviations
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Model comparison

PIT residuals:
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Summary
Graphical assessments: Various possibilities suggested in different parts of
the literature.

® Rootogram.

® Probability integral transform (PIT) histogram.

® (Randomized) quantile-quantile residuals plot.

® Detrended Q-Q residuals plot or worm plot.

® Reliability diagram at prespecified thresholds.

13/14


https://topmodels.R-Forge.R-project.org/

Summary
Graphical assessments: Various possibilities suggested in different parts of
the literature.

® Rootogram.

® Probability integral transform (PIT) histogram.

® (Randomized) quantile-quantile residuals plot.

® Detrended Q-Q residuals plot or worm plot.

® Reliability diagram at prespecified thresholds.

topmodels: Unifying toolbox for graphical model assessment.
® available on R-Forge at https://topmodels.R-Forge.R-project.org/
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