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raised, instantiated through a finite set 5 of (true/false)
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@ You examine Your resources and find that it's possible to obtain a
new data set D to decrease Your uncertainty about 6.

@ In this setting, a Theorem due to Cox (1946) and Jaynes (2002) —
recently rigorized and extended by Terenin and Draper (2016) —
says that
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(Bayesian game theory is more general than Bayesian decision theory ...)
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and predictive distributions may be difficult to approximate
accurately, and the optimization over the action space may
be difficult to perform; and

° The mapping from P to M or My is rarely

unique, giving rise to model uncertainty.

@ How do hypothesis and significance testing fit into
this framework?
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Jul 2012 researchers at the Large Hadron Collider (LHC) in
Geneva, Switzerland made this announcement:

“CMS observes an excess of events at a mass of
approximately 125 GeV with a statistical significance
of five standard deviations (5 sigma) above
background expectations. The probability of the
background alone fluctuating up by this amount or
more is about one in three million.”
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stands for repeated-sampling.

This was a standard Fisherian significance test: the researchers were
interested in rejecting the hypothesis that

6 = 0 +— (the Higgs boson doesn’t exist)

and they gathered data (400 “Higgs-like events” out of 6 trillion
particle-particle collisions) until they achieved a 5—sigma P-value.
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reasonable (possibly after transformation).

Two frequent designs in settings of this type have as their goals
quantifying improvement and establishing bio-equivalence.

e (quantifying improvement) Here You want to estimate the mean
decline in blood pressure under this drug, and it would be natural to
choose a repeated-measures (pre-post) experiment, in which SBP
values are obtained for each patient, both before and after taking the
drug for a sufficiently long period of time for its effect to become
apparent (MacGregor et al., 1979: BMJ: Captopril).
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‘ Home Truth #1(b): ‘ It's good to get out of the habit of using

inferential methods to make decisions: their implicit utility
structure is often far from optimal.

The action space here is (A|B) = (a1, a2) = (don’t take the drug
forward to phase Ill, do take it forward), and a sensible utility
function U(a;, 6| B) should be continuous and monotonically
increasing in 6 over a broad range of positive 6 values
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despite a century of textbook claims to the contrary, there’s nothing
special about ¢ = 0 in this setting, and in fact You
know scientifically | that 6 is not exactly 0 (because the outcome

variable in this experiment is conceptually continuous).

What matters here is whether 8 > A, where A is a
practical significance improvement threshold below which the drug is
not worth advancing into phase Ill (for example, any drug that did
not lower SBP for severely hypertensive patients — those whose
pre-drug values average 160 mmHg or more — by at least 15 mmHg
would not deserve further attention).
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than k for which the conclusion that € ©; would have different
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problem at hand; but people have a powerful need for general-purpose
tools whose implied utility structure may be a decent approximation in
the problem they're working on.

Three such tools are Bayes factors, log scores, and posterior
probabilities (more on this later); any such method appropriate to model

comparison is equally appropriate to hypothesis testing.
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@ uy > 0 is the gain from correctly going forward.

The {ujj} need to be in money, or QALYs, or ...;

« and 3 are incorrectly on the probability scale.
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Home Truth #1(b): ‘ It's good to get out of the habit of using

inferential methods to make decisions: their implicit utility
structure is often far from optimal.

e |If the problem had instead been inferential, the optimal conclusion
would simply be based on the posterior for 6: let

M* = {(0|B) ~ diffuse on R, (y;|0 B) ~ N(6,52)}
and choose M, if p(6 > Aly M* B) > 0.5.
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difference for patient i (i =1,...,n).

Again in this setting there's nothing special about §# = 0, and as
before You | know scientifically ‘ that 6 is not exactly 0;

23 /46



Bio-Equivalence Modeling

what matters here is whether |6] < A,

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set,

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

0 ~ diffuse for [§] < A
o [ 0B oA sy

11D

vileB) ~ N(6,0?)

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

(01B) ~ diffuse for || < A
Ms: 11
: { WloB) 2 N(E.0?) and - (11)
. (01B) ~ diffuse for |0] > A
M { wioB) ° N@e?) S (12)

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

_ (01B) ~ diffuse for || < A q (11)
“Lwlos) N o

. (01B) ~ diffuse for |0] > A
v omy B M ) (42

in which o is again taken for simplicity to be known.

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

_ (01B) ~ diffuse for || < A q (11)
“Lwlos) N o

. (01B) ~ diffuse for |0] > A
v omy B M ) (42

in which o is again taken for simplicity to be known.

Bayesian decision theory (as in the drug evaluation above) again leads
to the optimal action,;

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

_ (01B) ~ diffuse for || < A q (11)
“Lwlos) N o

. (01B) ~ diffuse for |0] > A
v omy B M ) (42

in which o is again taken for simplicity to be known.

Bayesian decision theory (as in the drug evaluation above) again leads
to the optimal action; if inference were instead the goal, again just
look at the posterior for 6:

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

_ (01B) ~ diffuse for || < A q (11)
“Lwlos) N o

. (01B) ~ diffuse for |0] > A
v omy B M ) (42

in which o is again taken for simplicity to be known.

Bayesian decision theory (as in the drug evaluation above) again leads
to the optimal action; if inference were instead the goal, again just
look at the posterior for 8: as before, let

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
significance bio-equivalence threshold (e.g., 5 mmHg).

Assuming as before a Gaussian sampling story and little information
about 6 external to this experimental data set, what counts here is a
comparison of

_ (01B) ~ diffuse for || < A q (11)
“Lwlos) N o

. (01B) ~ diffuse for |0] > A
v omy B M ) (42

in which o is again taken for simplicity to be known.

Bayesian decision theory (as in the drug evaluation above) again leads
to the optimal action; if inference were instead the goal, again just
look at the posterior for 8: as before, let

M* = {(8|B) ~ diffuse on R, (y;|0 B) ~ N(6,02)},

24 /46



Bio-Equivalence Modeling

what matters here is whether |§] < A, where A > 0 is a practical
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comparison of
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. (01B) ~ diffuse for |0] > A
v omy B M ) (42

in which o is again taken for simplicity to be known.

Bayesian decision theory (as in the drug evaluation above) again leads
to the optimal action; if inference were instead the goal, again just
look at the posterior for 8: as before, let

M* = {(8|B) ~ diffuse on R, (y;|0 B) ~ N(6,02)},
but this time favor M, over M3 if p(|60] > Aly M* B) > 0.5.
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@ He grew multiple generations of many lines of peas for two years, to
ensure that they bred true, meaning that — in the case of seed
shape — every new generation always had round seeds in some of
the lines and always wrinkled seeds in other lines.

@ He then crossed pure-round and pure-wrinkled plants; all of the
(first-generation) offspring came out round, demonstrating in his
nascent genetic theory that round is the dominant phenotype and
wrinkled the recessive.

@ But when he crossed the first-generation offspring with each other,

only about | 6; = % had second-generation offspring with

round seeds.
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@ Precisely the same thing happened with the other six phenotype
characters.

@ The table below presents Mendel's raw data (Griffiths et al.
(2000)) for all seven phenotypes; here s is the number of
dominants he observed out of n plants, and y = 2:

dataset s n y.bar
round x wrinkled seeds 5474 7324 0.7474
yellow x green seeds 6022 8023 0.7506 A a
purple x white petals 705 929 0.7689  4+-——+--—-+
inflated x pinched pods 882 1181 0.7468 A | A | A |
green x yellow pods 428 580 0.7379  +-——+---+
axial x terminal flowers 651 858 0.7587 a | A | a |
long x short stems 787 1064 0.7397  4+-——+--—-+

From this data, Mendel formulated his now-familiar theory of
inheritance with dominant-recessive characteristics: each parent
contributes one of the two alleles, A (dominant) or a (recessive) they got

from their parents, as in the 2 x 2 Punnett square above.
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in which — without loss of much generality — the prior in M, can be
instantiated with a Beta(«, /3) distribution with small positive (o, 3).

How to compare these two models? One approach: Bayes factors.
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In such cases it suffices to make pairwise comparisons of the M;;
so specialize to the case m =2 and M = {M;, M }.

Bayes factors arise as the data-driven component of a
decision-theoretic approach to model comparison that selects the model
with the highest posterior probability:

[p(MzIDB)} _ [p(les)} . [p(DleB)}
p(My| D B) p(M: | B) p(D| M, B)
posterior odds prior odds Bayes factor
in favor of = in favor of . in favor of
M2 over Ml M2 over Ml M2 over Ml

(15)
Specifying the prior odds ratio in applied settings seems to me to be a
more difficult problem than acknowledged by such writers as Jeffreys
(1939) — e.g., | see nothing remotely “objective” about taking this
ratio to be 1; in my view this should be approached with
sensitivity analysis.
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J

30 /46



Bayes Factors (continued)

LMy B) = by [M;5) = [ ply | M;6;5) (6 | B)

J

- / 16;1 M;y B) p(0; | M; B) b (19)

J

in which ©; is the parameter space for model j, of dimension k; (in all
of my examples ©; = R¥),

30 /46



Bayes Factors (continued)

LMy B) = by [M;5) = [ ply | M;6;5) (6 | B)

J

- / 16;1 M;y B) p(0; | M; B) b (19)

J

in which ©; is the parameter space for model j, of dimension k; (in all
of my examples ©; = R¥), and in which

(0;1 Myy B) = [ plyi | M; 6; B) (20)

i=1
is the likelihood function for model M;.

30 /46



Bayes Factors (continued)

LMy B) = by [M;5) = [ ply | M;6;5) (6 | B)

J

- / 16;1 M;y B) p(0; | M; B) b (19)

J

in which ©; is the parameter space for model j, of dimension k; (in all
of my examples ©; = R¥), and in which

(0;1 Myy B) = [ plyi | M; 6; B) (20)
i=1

is the likelihood function for model M;.
| suppose here that k; < ky, so that M is the simpler of the two models.

An interesting approximate special case of Bayes factors was developed
by Schwarz (1978), who

30 /46



Bayes Factors (continued)

LMy B) = by [M;5) = [ ply | M;6;5) (6 | B)

J

- / 16;1 M;y B) p(0; | M; B) b (19)

J

in which ©; is the parameter space for model j, of dimension k; (in all
of my examples ©; = R¥), and in which

(0;1 Myy B) = [ plyi | M; 6; B) (20)
i=1

is the likelihood function for model M;.
| suppose here that k; < ky, so that M is the simpler of the two models.

An interesting approximate special case of Bayes factors was developed
by Schwarz (1978), who — in the context of parametric models
belonging to the class of regular exponential families —

30 /46



Bayes Factors (continued)

LMy B) = by [M;5) = [ ply | M;6;5) (6 | B)

- /e 00;| My y B) p(6; | M; B do) (19)

in which ©; is the parameter space for model j, of dimension k; (in all
of my examples ©; = R¥), and in which

(0;1 Myy B) = [ plyi | M; 6; B) (20)

i=1
is the likelihood function for model M;.

| suppose here that k; < ky, so that M is the simpler of the two models.

An interesting approximate special case of Bayes factors was developed
by Schwarz (1978), who — in the context of parametric models
belonging to the class of regular exponential families — developed an
Op(1) Taylor series approximation to log [IL(M; | y B)], namely

30 /46



Bayes Factors (continued)

LMy B) = by [M;5) = [ ply | M;6;5) (6 | B)

- /e 00;| My y B) p(6; | M; B do) (19)

in which ©; is the parameter space for model j, of dimension k; (in all
of my examples ©; = R¥), and in which

(0;1 Myy B) = [ plyi | M; 6; B) (20)
i=1

is the likelihood function for model M;.
| suppose here that k; < ky, so that M is the simpler of the two models.

An interesting approximate special case of Bayes factors was developed
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here §; is the maximum-likelihood estimate (MLE) of 6; under model
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the approximations of Laplace and Schwarz coincide?

Suppose that all of the components of 6; have been transformed to live
on R, so that it becomes reasonable to try a multivariate normal prior;
the result that succeeds in making Laplace and Schwarz agree is

(0| M; B) ~ Ny, (éj,n@fl) ‘ (24)

This has been referred to as a unit-information prior (Kass and
Wasserman( 1995)), because it adds information to the posterior for 6;
equivalent to 1 observation that's consistent with a

maximum-likelihood analysis.
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In this manner Jaynes has decomposed the Bayes factor BF;; into the
product of two quantities that play completely different roles in its

calculation: the likelihood ratio LR, in favor of M, over My, and what

Jaynes referred to as the Ockham factor OF;; in favor of M, over Mj.

34 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham's Razor,

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling,

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new);

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

First, however, to faciliate comparison with BIC,

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

First, however, to faciliate comparison with BIC, let's transform BF,;
affinely to the log scale:

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

First, however, to faciliate comparison with BIC, let's transform BF,;
affinely to the log scale:

—2 log(BF21) = —2 log(LRz1) + [—2 log(OF21)]
—2IL(My | y B) _ —2 log £(02 | M2 y B) N —2 log(Ws)
~[~2/i(My |y B)] = — [~2 1og (61 | My B)] — [~2 log(W)]

(27

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

First, however, to faciliate comparison with BIC, let's transform BF,;
affinely to the log scale:

—2 log(BFa1) - 2 log(LRy) + [~2 log(OF2)]
—2IL(M, | y B) =2 log £(02 | M2 y B) N —2 log(Ws)
—[=21L(M; |y B)] - [—2 log £(01 | MlyB)] — [~2 log(W4)]
(27)

Therefore | define, in Jaynes's honor, the Jaynes Information Criterion

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

First, however, to faciliate comparison with BIC, let's transform BF,;
affinely to the log scale:

—2 log(BFa1) - 2 log(LRy) + [~2 log(OF2)]
—2IL(M, | y B) =2 log £(02 | M2 y B) N —2 log(Ws)
—[=21L(M; |y B)] - [—2 log £(01 | MlyB)] — [~2 log(W4)]
(27)

Therefore | define, in Jaynes's honor, the Jaynes Information Criterion

JIC(M; | DB) £ =2 log |¢(d;| My y B)] — 2 log(W});  (28)

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

First, however, to faciliate comparison with BIC, let's transform BF,;
affinely to the log scale:

—2 log(BFa1) - 2 log(LRy) + [~2 log(OF2)]
—2IL(M, | y B) =2 log £(02 | M2 y B) N —2 log(Ws)
—[=21L(M; |y B)] - [—2 log £(01 | MlyB)] — [~2 log(W4)]
(27)

Therefore | define, in Jaynes's honor, the Jaynes Information Criterion
JIC(M; | DB) £ =2 log |¢(d;| My y B)] — 2 log(W});  (28)

this implies that, in the data-driven part of equation (15),

35 /46



The Jaynes Information Criterion (JIC)

The name Ockham factor is an allusion to Ockham’'s Razor, and
suggests that this term in the product in (26) has
something to do with parsimony.

| don’t find Jaynes's motivation for OF,; compelling, and in fact at this
point | part company with him (everything below is new); | prefer to
motivate OFy; with a simple Gaussian example (below).

First, however, to faciliate comparison with BIC, let's transform BF,;
affinely to the log scale:

—2 log(BFa1) - 2 log(LRy) + [~2 log(OF2)]
—2IL(M, | y B) =2 log £(02 | M2 y B) N —2 log(Ws)
—[=21L(M; |y B)] - [_2 log £(01 | MlyB)] — [~2 log(W4)]
(27)

Therefore | define, in Jaynes's honor, the Jaynes Information Criterion
JIC(M; | DB) £ =2 log |¢(d;| My y B)] — 2 log(W});  (28)

this implies that, in the data-driven part of equation (15), models with
lower JIC values are to be preferred.
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following model comparison, which is identical to the large-sample
approximate Higgs boson setup: M is defined by
11D
()/I|MIB) ~ N(91702) ) (29)
in which the standard deviation (SD) o > 0 is assumed known and where
f; is a known structural singleton arising from a scientific theory.

M, has the same form but with unknown mean 6 (here, and
throughout, | use conjugate priors when they exist):
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(vilM0B) YO N(0,0%) (30)
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approximate Higgs boson setup: M is defined by

(vi | My B) "© N (61,07) (29)

in which the standard deviation (SD) o > 0 is assumed known and where
f; is a known structural singleton arising from a scientific theory.

M, has the same form but with unknown mean 6 (here, and
throughout, | use conjugate priors when they exist):

(0| M2B) ~  N(bo,03)
il M0B) % N (0,07, (30)
with known (g, o9, 0); note that the dimensions of ©; and ©; in this
setup are 0 and 1, respectively.

The joint sampling distribution for y under M is

Cny y-2 1 ¢
p(y|MiB)=0""(2m) 2 exp [202 2

(yi — 91)21 ; (31)
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(33) and M; has no prior distribution;
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term in JIC(My | D B) is to be interpreted as simply

n [52 +(y - 91)2]
202

log [p(y | My B)] = —n log(e) —  log(2 ) —

in which s2 £ 1357 (y; — 7)2.

Similarly, there's nothing to maximize as a function of unknowns in
(33) and M; has no prior distribution; in situations like this (i.e.,
whenever k; = 0) | adopt the convention W; £ 1. Thus

JIC(M [ DB) = —2log[p(y| M. B)]

» (33)

= 2nlog(c) +2nlog(27) + nls+ S—; — 0] ; (34)
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) n ns
log [5(9| szB)] = —nlog(c) — > log(27) — 73

which is also O,(n) as n increases.

(36)

This leads to a difference between the log likelihood components of
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log [£(9| szB)] = —nlog(s) - 5 log(2m) ~ 7> (30)

which is also O,(n) as n increases.

This leads to a difference between the log likelihood components of
JIC(My | DB) and JIC(M, | D BB) of the form

~2log [((B| My B)| ~ {~2 log[p(y | M B)]} = —n (7 - 91)2

g

Both the minus sign and the structure of this expression

make good sense:
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so that
2
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2 S p)2
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and finally
g

o2 1 ¥ — 60)?
Iog(n)+|0g<o_g+n +(2+21 .
o2 4 22
0

n

JIC(My | DB) — JIC(My |[DB) = |:_H(M)2]

+

Thus in this problem

JIC(My | DB) = BIC(M; | DB) (40)
and
a5 1\, (7 —60)
JIC(My | DB) = BIC(My | DB) + |log St )+ |- (41)
oc . n o+ %
Now the nature of the Ockham factor becomes clear: on the
—2 log (Wf> scale the Ockham factor reproduces B/C's

Op[(k2 — k1) log(n)] approximate parsimony penalty, but JIC is based
on an exact Bayes factor that in addition includes O,(1) correction

terms that arise from the priors in the two models.
40 / 46



Interpreting the Prior Correction Terms

As a result,

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information,

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.

Neglecting O (%) terms,

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.

Neglecting O (%) terms, the JIC prior correction in this problem is of
the approximate form

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.

Neglecting O (%) terms, the JIC prior correction in this problem is of
the approximate form

llog (02) — log (02)] + (V - 9")2 , (42)

0o

which makes good intuitive sense:

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.

Neglecting O (%) terms, the JIC prior correction in this problem is of
the approximate form

llog (02) — log (02)] + (V - 9")2 , (42)

0o

which makes good intuitive sense:

@ as og increases,

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.

Neglecting O (%) terms, the JIC prior correction in this problem is of
the approximate form

llog (02) — log (02)] + (V - 9")2 , (42)

0o

which makes good intuitive sense:

@ as oy increases, the evidence for M, weakens,

41 /46



Interpreting the Prior Correction Terms

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.

Neglecting O (%) terms, the JIC prior correction in this problem is of
the approximate form

llog (02) — log (02)] + (V - 9")2 , (42)

0o

which makes good intuitive sense:
@ as oy increases, the evidence for M, weakens, because You then

have more uncertainty about the underlying data-generating 6p¢
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0o

which makes good intuitive sense:

@ as oy increases, the evidence for M, weakens, because You then
have more uncertainty about the underlying data-generating 6p¢
in M;

@ as o increases, the evidence for M, strengthens, because it
becomes harder to demonstrate that pg = 6;; and

@ as ¥y moves away from its prior expectation 6y under M, this
undermines the evidence in favor of M, because of conflict
between the prior and the data.
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pods, say — and letting y; = 1 if second-generation pea plant i is green
and 0 if yellow, Mendel's experimental setup leads without ambiguity to

the comparison of two models: for (i =1, ..., n),
' (0|B) ~ point mass at 6§ = 6
M { ileB) = Bernoulli(f) and (43)
(01B) ~ Beta(a, )
M: . 44
2 { (vil0B) " Bernoulli(6) (44)
Calculation reveals that Oy e =y = 15 yiand
~21og [((0| My B)] = —2n[7log(th) + (1 - 7)log(1 — )]
— —0,(n); (45)
—2 log(W;) =0; (46)
~2log [(f| M2y B)] = —2n[71og(7) + (1 - 7)log(1 ~ 7)]
= —0,(n); (#7)
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Mendel (continued)

—2log(Wo) = —2logl(a+p)—2logl(a+ny)
—2log[B+ n(1—y)]+2nylog(y)
+2n(1 —y)log(l —y) + 2 log ()
+2logM'(B) +2logMNa+ B+ n)
= +0p[log(n)] - (48)
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Mendel (continued)

—2log(Wo) = —2logl(a+p)—2logl(a+ny)
2 tog [+ (1 — 7)] + 217 log()
+2n(1 —y)log(l —y) + 2 log ()
+2logM'(B) +2logMNa+ B+ n)

= +0p[log(n)] - (48)
With a = g =1 in JIC for illustration,
--- model 1 --- ---- model 2 -----
jic-m2
-2 minus
dataset s n y.bar -2 LL 10F jic -2 LL -2 10F jic jic-ml
round x
wrinkled
seeds 5474 7324 0.7474 8278.8 0 8278.8 8278.6 8.728 8287.3 8.466
bic 8278.8 0 8278.8 8278.6 8.899 8287.5 8.637
yellow x
green
seeds 6022 8023 0.7506 9012.8 0 9012.8 9012.8 8.828 9021.6 8.813
bic 9012.8 0 9012.8 9012.8 8.990 9021.8 8.975
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‘ Home Truth #1(a): ‘ Hypothesis and significance testing may look
purely inferential, but there's almost always a decision-theoretic
component as well, and it's worthwhile to be as explicit as possible about
the real-world consequences of false-positive and
false-negative mistakes.

‘ Home Truth #1(b): ‘ It's good to get out of the habit of using

inferential methods to make decisions: their implicit utility
structure is often far from optimal.

‘ Home Truth #2(a): ‘ It's both silly and inappropriate to test a sharp

hypothesis of the form 6 = 6; in problems in which (a) Your
uncertainty about 6 is continuous and (b) other values near 6; would
have the same real-world consequences.

‘ Home Truth #2(b): ‘ Sharp-null (6 = 6;1) hypothesis testing is only
appropriate when 6 is a structural singleton. This rules out a great
deal of testing performed in routine practice; in the absence of a
structural subspace, the most useful approach to inference is estimation
via summarization of the posterior distribution p(6|D B).
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p(6; | M; B) db; . (50)

As a result, if You have non-trivial and well-calibrated prior
information, JIC will do a better job of model comparison than BIC,
while retaining BIC's appealing fit-parsimony decomposition.
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