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Bayesian statistics

Point estimation is fixed but
unknown constant

Bayesian estimation is assumed
to be a random
variable
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Because the posterior uses a prior
will be or can be subjective the
estimator by design will be biased
Asymptotically it will be unbiased
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and is unknown Suppose a

priori follows a Beta distribution
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Example Gaussian likelihood Gaussian prior

Suppose we observe Xi Xn and

plxiIM TEeexpf.IE
MLE ME Xi

Suppose the µ is unknown but is

known If µ has the following prior

pim I.me tE I



a Find plplxi.in

ply in
α
p in µ p a

pin plain

exp CMP exp ME
Kitterdo

r

exp 1mnot exp E x ma

exp 1mno MT

exp 2 m 2µm.tn 2 2mi m



exp m 2µg.tt E.fi 2m m

α
exp m 2mm 2 2m nm

exit C it

xexpf ty.CM 1wemYf

1 0 2

exp m an 2
É

a

exilEE.fi an
N N 54

T



E I

as

Tometricmean or harmonic
mean

If 502 is large rf 0 the

result only depends on the likelihood
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Price Distribution

Depending on the choice of the prior
we may not be able to analytically
determine the posterior
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A prior pct is said to be

conjugate to a likelihood function
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An improper prior is a prior that does

not integrate to 1

Flat prior means p 01 α constant
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