Math76 Summer 2020

Introduction to Bayesian Computation

Lecture 22:
Posterior Predictive Checks and Basic Hierarchical Modeling
12 August 2020



Typical Workflow

1. Find data y.
» e.g., Height of a baseball after being hit.

2. Model data using a likelihood function f(y|x).
» e.g9., Physics model of baseball trajectory with additive noise.

3. Develop prior distribution f(x).
» e.g., Typical range of initial velocities and positions.

4. Sample posterior f(x|y) o< f(y|x)f(x).
» e.g., run MCMC

5. Use samples to answer questions
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The Problem

Analysis is entirely dependent on posterior predictive distribution
providing a “good” or “consistent” representation of the data and
apriori information.
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Example: Regression
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Breakout Exercise
Below are three different posterior predictive plots.
1. Which plot is the most “consistent” with the data?
2. What might be causing the behavior in the other plots?
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Breakout Solution

September Arctic Sea Ice Area Anomolies [10% km?]
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Breakout Solution

September Arctic Sea Ice Area Anomolies [10% km?]
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Breakout Solution

September Arctic Sea Ice Area Anomolies [10% km?]

Vebs J Hpos x — Observed
—u
—_ M ux20
af'\\-ﬂ“\\__,l' "ﬂ\\".\N/,\\’!&:;;::::5‘__‘::===‘___

—
5 \/ \/ N

1980 1985 1990 1995 2000 2005 2010 2015 2020

VaAanr

o = N W

Posterior (Al)

ConsistenT

‘I r
= osetial Pf‘{cer'h‘M& Coue! ,{_]/\c. QLQ@rVMmaM&
¥



Posterior Predictive Variance
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Another Look — A2 ( Resedusl Plos )
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Another Look — A3 (Per on  slope ~wes pas)
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Another Look — Al
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Quantitative Posterior Predictive Checks
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Hierarchical Inference

Idea: Make model more flexible by including prior and likelihood
hyperparameters as additional inference targets. Write Bayes' rule
over parameter and “hyperparameters.”
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