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previous job allowed me do lots of statistical modeling and
machine learning
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Success
@ good procedures are robust
@ parameter estimation

@ many successes for traditional experimental data with
large effects
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o Fisher, E. Pearson, Neyman created hypothesis test and
confidence interval procedures in 1920's and 30's.
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. Prior - Likelihood
Posterior = Toidence

Using this for inference deeply concerns some people (but not
Laplace, Gauss, Turing, or others).
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o data is fixed, parameters are random variables

Result Bayesian inference results in a probability distribution
for all possible parameter values.
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References S uccess

@ Can easily update models as new data arrives
Today's posterior is tomorrow'’s prior

@ must articulate assumptions
@ can answer direct questions, not just falsifications.

@ can solve problems frequentists can't!
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e Find likelihood distribution of data given our hypothesis

@ use Bayes theorem to construct posterior distribution

We then use the posterior to answer questions directly.
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P(D)P(+|D)
(+|D)P(D) + P(+|C)P(C)
= 0.165

P(DI+) = 3
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o If we were not looking at a random person, but someone
suspected of drug use so P(D) = 0.5,then
P(D|+) = 0.95.
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Drug Prior

probability

Clean

and Posterior

Drug

Status

Clean

Posterior

Drug
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@ The VP's belief provides our prior: Suppose any value in

[.05,.15] is equally likely and there's a 100% chance that
the VP is correct.

@ The data should be binomially distributed with n = 2340,
and the probability of failure, @, the parameter to
estimate. Let y be the number of failures.
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e Write P(y|0) ~ Bin(2340,6).
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@ Our prior was overly simplistic: VP's can be wrong and
6 = .2 should be far more likely than 6 = .8.
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Rf Beta(a,b) = (a+9)

NOND 0%t (1 — 0)° "1y 1(0)

where ¢ = 12.06 and b = 116.06 in this case.
@ Then the posterior is 0|y ~ Beta(y + a,n —y + b).
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@ Best general method: Markov Chain Monte Carlo
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" Bayesian Ideas and Data Analysis” By Christensen et al.

"Bayesian Data Analysis” By Gelman et al.
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