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: Christopher Mims ,
" @mims

This is one of the coolest and most creative visualizations
of a phenomenon I've ever seen

Week 9

March 17 2021 It's also an important account of one of the biggest

potential climate tipping points we may be rapidly pushing
Start recording! ourselves over

nytimes.com/interactive/20...
2021-03-04, 6:18 AM

link


https://www.nytimes.com/interactive/2021/03/02/climate/atlantic-ocean-climate-change.html

Recap Are you recording?

« overview of Bayesian inference
- posterior predictive distribution £ O’CWH \ &”)

« Bayesian ¢ utation
Coampensos > 5108 [ g, leriel =] 46

+ Bayesian hierarchical models
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Recap Are you recording?

overview of Bayesian inference

posterior predictive distribution

Bayesian computation

Example 11.9 AoS

Bayesian hierarchical models

Addendum: If X, ... X, are i.i.d. N(u, 0?), both parameters unknown, then the conjugate
priors for u and o2 are

po Nipo, ) 0 ~16(= o,

)

Inverse Gamma distribution IG(«, 8) has density f(t; o, 8) = %%e_ﬂ/x

- — gx
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Today Start Recording

1. Notes from March 12 (Friday) still to be posted
Friday March 19 - Stein’s paradox B-H proof
empirical Bayes

S

introduction to decision theory

* Mar 22 3.00 - 4.00 pm EDT
Data Science ARES
Jesse Cisewski Kehe
University of Wisconsin-Madison
“Astrostatistics: From Exoplanets to

the Large-scale Structure of the Universe’

?
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https://canssiontario.utoronto.ca/event/data_science_ares_jessi_cisewski_kehe/

Bayesian hierarchical model, recap SM Ex. 11.25

* X; | 6; ~ N(6;,v;), independent; 6; | u~ N(u,0?),i=1,...,ni.id;
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Bayesian hierarchical model, recap SM Ex. 11.25

* X; | 6; ~ N(6;,v;), independent; 6; | u~ N(u,0%),i=1,...,niid; p~ N(uo,7?)

s Vi,i=1,...,n,02% o, 7 all known
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Bayesian hierarchical model, recap SM Ex. 11.25

* X; | 6; ~ N(6;,v;), independent; 6; | u~ N(u,0%),i=1,...,niid; p~ N(uo,7?)

s Vi,i=1,...,n,02% o, 7 all known

2 2

+E(u [ 0)(1 -

E(6; | x) )

= Xi——
'O‘z—I-V,' 0‘2—|—Vi
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Bayesian hierarchical model, recap SM Ex. 11.25

X; | 6; ~ N(6;,v;), independent; 6; | u ~ N(u,02),i=1,...,niid; p~ N(po,7?)

s Vi,i=1,...,n,02% o, 7 all known

2 2

+E(u [ 0)(1 -

E(6; | x) )

= Xi——
'O‘z—I-V,' 0‘2—|—Vi

o/ 20X/ (0% + ;)
Y2+ 1/(02 4+ V)

E(u | x)
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Bayesian hierarchical model, recap SM Ex. 11.25

X; | 6; ~ N(6;,v;), independent; 6; | u ~ N(u,02),i=1,...,niid; p~ N(po,7?)

s Vi,i=1,...,n,02% o, 7 all known
’ 2 2
E(0; | X) =x;—— + E x)(1—
(051 %) = iy + B | 00 = 57)
po/7 + > Xi/ (0% + v;
By | %) = o/2 > ,/(2 ',)
1/172 4+ > 1/(02 + v))

If o2 unknown, then need to sample from the posterior, no closed form available

Mathematical Statistics Il March 17 2021 3



Bayesian hierarchical model, recap SM Ex. 11.25

X; | 0; ~ N(6;,v;), independent; 6; | u ~ N(u,0?),i=1,...,ni.i.d; & N(po,72)

s Vi,i=1,...,Nn,02% 1o, 72 all known
1 ) ) ) 7/”’7
w

2 2

E(0; | x) +E(u [ x)(1 - )

= Xi——
'0‘2—|-V,' 0‘2—|—Vi

_wo/T2 20X/ (02 + ;)
Y2+ 1/(02 4+ V)

If o2 unknown, then need to sample from the posterior, no closed form availabl

Figure 1111 applies similar ideas, plus sampling from the posterior, in logistic yegression

(")
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...Bayesian hierarchical model, recap SM Ex. 11.25

622 11 - Bayesian Models @(P

ol VSf”

Figure 11.11 Posterior

H (31/215) A , ° : summaries fqr mortality
f 1 rates for cardiac surgery
B (18/148) ot { ! data. Posterior means and
K (29/256) - . ° . 9.95 equitailed credible
&)\ ' 1 intervals for separate
J (8/97) ' o f analyses for each hospital
C (8/1 19) | [ O e f al.‘e shown by hOIIO.W
' i circles and dotted lines,
| (14/207) ' | while blobs and solid lines
F (13/196) , o . show the corresponding

' uantities fo
L (24/360) S — o — ! @Ff@m
G (9/148) e o ‘ | the shrinkage of the

estimates for the

D (46/810) pooseaes R i hierarchical model
B towards the overall
E (8/211) e S i :
JEREE S — posterior mean rate,
A (0/47) b : | ) shown as the solid vertical
& ' ‘ ‘ i i line; the hierarchical
intervals are slightly
0 5 10 15 20 shorter than those for the

simpler model.

Death rate (%)
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SM Ex. 11.28

Empirical Bayes

As above, x; | 0; ~ N(6;, vi)\independent; @ =1,...,0lid;
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Empirical Bayes EH §6.1

76 Empirical Bayes

Table 6.1 Counts y, of number of claims x made in a single year by
9461 automobile insurance policy holders. Robbins’ formula (6.7)
estimates the number of claims expected in a succeeding year, for instance
0.168for a customer in the x = 0 category. Parametric maximum
likelihood analysis based on a gamma prior gives less noisy estimates.

Claims x 0 1 2 3 4 5 / 6\ 7

——> Counts yy 7840 1317 239 42
<= Formula (6.7) (168 363 .527 1.33 143 00 175
_ " Gamma MLE m\ 633 87 1.10 1.57

)
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Empirical Bayes EH §6.1
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Empirical Bayes EH §6.1
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Statistical decision theory AoS Ch 12; SM 11.5

» Loss function L(@)é\) o P >R O wk. par. oo wodd

A\
« Risk of an estimator (:25@ L (© ‘/@) - (© S) g. e
= ‘ o-© \ dJ?S’. e
@ o expected loss
- Mean-squared error Docs = 2 j A Gt loey )
a0\ f
« Bayes risk }@_@) Lf’ los
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Statistical decision theory AoS Ch 12; SM 11.5

. Loss function L(@;Q)

* Risk of an estimator Rle;é) = JL[Q',é) *FM%@M’L - E{L@)é\(}ﬁ))}
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Examples AoS 12.2,12.3

){ A9, 0)
12.2 Comparing Risk Functions

T
N 3 3T
9, = ) 1 R(6,6>)
Al A
p(6-8) = (:/29’9(”)3 R(0 )
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FIGURE 12.1. Comparing two risk functions. Neither risk function dominates the
_ 3) s other at all values of 6.
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Examples AoS 12.2,12.3

223 X~ B (o p)
po= x/n =X \

Rip,7) = W”*: Y/

A FI(jUR.E 12.2. R.is]f fu]':mtiolis for p1 and p2 in Example 12.3. The solid curve is
PL — >( + «( FDS{' o R(f1). The dotted line is R(pz)ﬁ P.:J*}
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Maximum risk; Bayes risk AoS EX 12.5
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Bayes rules

Baugs ik Jme) 0)me)dg = A, (6)
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