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prior distribution + sample distribution — posterior distribution
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Bayesian Inference

expert info + data — complete picture

prior distribution + sample distribution — posterior distribution

fp) X f(slp) o flpls)
» Bayes’ Rule
Binomial
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expert info + data — complete picture

prior distribution + sample distribution — posterior distribution

fp) X fGslp) o< f(pls)

» Bayes’ Rule
Beta prior Binomial
distribution

p ~ Beta(a©®, g@) s | p ~ Binomial(n, p)
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Bayesian Inference

expert info +

prior distribution  +
fp) X

Beta prior
p ~ Beta(a©®, g@)
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complete picture

posterior distribution

flpls)

» Bayes’ Rule
Beta posterior
» conjugacy

p |'s ~ Beta(a, B)
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Bayesian Inference "

expert info + data — complete picture

prior distribution + sample distribution — posterior distribution

fp) x fGs1p) o flpls)
» Bayes’ Rule
Beta prior Binomial Beta posterior
distribution » conjugacy
p ~ Beta(a©®, g@) s | p ~ Binomial(n, p) p|s ~ Beta(a®™, g)

» conjugate prior makes learning about parameter tractable,

just update hyperparameters: a® — o™, g0 — g
» closed form for some inferences: E[p | s] = _a(nv)ci’;(m



Prior-Data Conflict

What if expert information and data tell different stories?
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What if expert information and data tell different stories?

Prior-Data Conflict
» informative prior beliefs and trusted data
(sampling model correct, no outliers, etc.) are in conflict
“[...] the prior [places] its mass primarily on distributions in the
sampling model for which the observed data is surprising”
(Evans and Moshonov 2006)

» there are not enough data to overrule the prior
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What if expert information and data tell different stories?

» reparametrisation helps to understand effect of prior-data conflict:
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» reparametrisation helps to understand effect of prior-data conflict:
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» reparametrisation helps to understand effect of prior-data conflict:

©)
0 = 40 4 O O _* i
n aV+pY, oy 20 5 50 which are updated as
m = 0 4 wo " o L.
n'" =n n, Y _n(0)+n/y 70 +n n
v = Elp]



Prior-Data Conflict

2/14

What if expert information and data tell different stories?

» reparametrisation helps to understand effect of prior-data conflict:
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What if expert information and data tell different stories?

» reparametrisation helps to understand effect of prior-data conflict:
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n a™ + g, y 20 5 50 which are updated as
©
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What if expert information and data tell different stories?

» reparametrisation helps to understand effect of prior-data conflict:
()

o

0) — ,(0) (0) o _ =
n a™ + g, Y a(o)+ﬁ(0)'

which are updated as

n™ = 4y Yy = n® y© + - S
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What if expert information and data tell different stories?

» reparametrisation helps to understand effect of prior-data conflict:
()
a

0) — ,(0) (0) o _ =
n a™ + g, Y a(o)+ﬁ(0)'

which are updated as

n™ = 4y Yy = n® y© + - S

" Y +M\

= pseudocounts | ¥ =E[p] y" =E[p|s] ML estimatorp

E[p | s] = v is a weighted average of E[p] and p!
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What if expert information and data tell different stories?

» reparametrisation helps to understand effect of prior-data conflict:
()
a

0) — ,(0) (0) o _ =
n a™ + g, Y a(o)+ﬁ(0)'

which are updated as

n™ = 4y Yy = n® y© + - S

" Y +M\

= pseudocounts | ¥ =E[p] y" =E[p|s] ML estimatorp

E[p | s] = v is a weighted average of E[p] and p!

Y=y

decreases with n!
n +1
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Prior-Data Conflict

— Prior y© =0.75, n¥ = 8

no conflict prior—data conflict
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— Prior y© =0.75, n¥ = 8 — Posterior

no conflict prior—data conflict
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— Prior y© =0.75, n¥ = 8 — Posterior

no conflict prior—data conflict
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Sets of Priors

— Prior y© €10.7,0.8], 9 € [1, 8]

no conflict prior—data conflict
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— Prior y© €10.7,0.8], 9 € [1, 8] — Posterior

no conflict prior—data conflict
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Rectangular Prior Parameter Set
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— Prior y¥ €10.7,0.8], 9 € [1,8] — Posterior
no conflict prior—data conflict
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— Prior y© € 0.25,0.75], n¥) € 3, 8]

no conflict prior-data conflict
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Vague Prior Information

— Prior y¥ € [0.25,0.75], ¥ € 3, 8] — Posterior

no conflict prior-data conflict
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— Prior y© € [0.25,0.75], 9 € [3, 8] — Posterior
no conflict prior—data conflict
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Vague Prior Information »

— Prior y© € [0.25,0.75], 9 € [3, 8] — Posterior
no conflict prior—data conflict
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New Parametrisation

Bickis (2015): use parameters (17(00),171 )) defined as

1
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Then the Bayesian update corresponds to
(0) O 4 n

T}O 0—)170 +n, 17( I—)T]l E

nnnnnnnn



New Parametrisation

Bickis (2015): use parameters (n(oo), ngo)) defined as

1
ngo) —n®_2, 7750) — n(O)(y(O) - E)
Then the Bayesian update corresponds to
©0) (0) O, "

0
o '—”78)+n, N, P +s 5

nnnnnnnn



New Parametrisation: Update

— Prior y¥ € [0.25,0.75], 9 € [3, 8]
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New Parametrisation: Update

— Prior y¥ € [0.25,0.75], 9 € [3, 8] — Posterior
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New Parameter Set Shape: Boatshape

— Prior y¥ € [0.25,0.75], n9 € [3,8], y. = 0.5
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— Prior y¥ € [0.25,0.75], n9 € [3,8], y. = 0.5
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Boatshape: Update

— Prior y© €[0.25,0.75], n¥) € [3,8], y. = 0.5

strong agreement prior—data conflict
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Boatshape: Update

— Prior ¥ €10.55,0.97], n¥) € [3,8], y. = 0.75

strong agreement prior—data conflict
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Boatshape: Update

— Prior ¥V € [0.55,0.97], ¥ € [3,8], y. = 0.75 — Posterior

strong agreement prior—data conflict




Strong Prior-Data Agreement Property

— Prior y¥ €[0.32,0.68], ¥ € [1,22], y. = 0.5 — Posterior

Prior parameter sets Posterior imprecision (n=10)




Strong Prior-Data Agreement Property

— Prior y¥ €[0.32,0.68], ¥ € [1,22], y. = 0.5 — Posterior

Prior parameter sets Posterior imprecision (n=10)
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Summary & Outlook
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Summary:

» Rectangular prior parameter sets give extra imprecision for data
in conflict with the prior

» New parametrisation with purely data-dependent update shift

» Boatshape sets also give less imprecision for data exactly in line
with the prior
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Summary:

» Rectangular prior parameter sets give extra imprecision for data
in conflict with the prior

» New parametrisation with purely data-dependent update shift
» Boatshape sets also give less imprecision for data exacitly in line
with the prior
Outlook:
» Elicitation via pre-posterior analysis

» Parametrisation can be constructed for any distribution from
exponential family
» Other inference properties via tailored set shape
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