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Bayesian Approach



What is probability?

A patient is admitted to the hospital and a potentially life-saving drug is
administered. The following dialog takes place between the nurse and a
concerned relative.

RELATIVE: Nurse, what is the probability that the drug will work?
NURSE: | hope it works, we’ll know tomorrow.

RELATIVE: Yes, but what is the probability that it will?

NURSE: Each case is different, we have to wait.

RELATIVE: But let’s see, out of a hundred patients that are treated under
similar conditions, how many times would you expect it to work?

NURSE (somewhat annoyed): | told you, every person is different, for
some it works, for some it doesn’t.

RELATIVE (insisting): Then tell me, if you had to bet whether it will work or
not, which side of the bet would you take?

NURSE (cheering up for a moment): I'd bet it will work.

RELATIVE (somewhat relieved): OK, now, would you be willing to lose two
dollars if it doesn’t work, and gain one dollar if it does?

NURSE (exasperated): What a sick thought! You are wasting my time!




Two Schools of Thoughts

* Frequentist
— Frequency of occurrences
— Parameters are unknown constants
* Bayesian
— Degree of belief (educated guess)
— Parameters are random variables
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Bayesian approach
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Bayesian philosophy
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Bayesian approach
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(b) Large data record

Minimum Mean Square Error (MMSE) estimator:
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Bayesian approach: Gaussian Case (Summary)
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Then we get the MLE.
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Bayesian approach: Gaussian Case
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Bayesian approach: Gaussian Case
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Gaussian distribution !!!
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Bayesian approach: Gaussian Case
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With prior knowledge, we can improve the estimator.
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Bayesian Estimation for Deterministic Parameters
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