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Summary

This monograph offers an introduction to Bayesian Reference Analysis, often regarded as
the more successful method to produce non-subjective, model-based, posterior distributions,
the key to objective Bayesian methods in scientific research.

It has been produced as an update, with corrections and additions, of the material included
in selected sections of Bayesian Theory, by J. M. Bernardo and A. F. M. Smith (Wiley, 1994),
to be used as a set of lecture notes for postgraduate courses on Objective Bayesian Inference.

Chapter 1 contains an introduction to the Bayesian paradigm and introduces the necessary
notation. Chapter 2 devel opsthe necessary resultsin Bayesian asymptotics. Chapter 3 describes
reference analysis; this is the heart of this monograph. Chapter 4 contains further discussion
on the issues involved. An appendix summarizes basic formulae. Signposts are provided
throughout to the huge related literature.

Keywords: AMOUNT OF INFORMATION; BAYESIAN ASYMPTOTICS; BAYESIAN INFERENCE; DEFAULT
PRIORS; FISHER MATRIX; NON-INFORMATIVE PRIORS; REFERENCE PRIORS.



J. M. Bernardo. Bayesian Reference Analysis

Contents
1. TheBayesian Paradigm. ....... ..o e
1.1. Theroleof Bayes theorem. ...... ... i,
1.2. Predictiveand parametricinference . ...
1.3. Sufficiency, ancillarity and stoppingrules. ... ...
1.4. Decisionsand inference SUMMarieS . ... ... ..ottt
15, Implementation iSSUES . ... ...ttt e
2. ASympPtotiC ANalYSIS. ..o
2.1, DisCrete asymplotiCS. . ...ttt
2.2, ContiNUOUS 8SYMPLOLICS. . ..« ottt et
2.3.  Asymptotics under transformations. . .............. i
3. Reference AnalysSiS. . ...
31 RefE@eNCeUeCiSIONS . .. ...t
3.2. One-dimensional referencedistributions.............. ... ... ... L
3.3. Restricted referencedistributions. . ............
34, NUISANCE PArAMELENS. . . ..ottt ettt e e e e
3.5, Multiparameter problems . ...
4. Discussion and Further References. ........ ... i,
4.1, Historic development . . ...ttt
4.2. Interpretation of non-subjectivepriors. ...
4.3, IMPrOPEr PriOIS . ..ottt e e e e e
44, Calibration . ... ..ot
45, FUrther SIgNPOSES. . ...
Appendix. BasicFormulae. ....... ...
A.1l.  Probability DIStribUtionS. . ...
A.2. Inferential ProCESSES. ... ..ottt

Bibliography

15

20

22

22

23

30

33

33

37

52

63

70

70

78

79

79

80

82



J. M. Bernardo. Bayesian Reference Analysis 4

1. The Bayesian Paradigm

1.1. THE ROLE OF BAYES THEOREM

The foundational issues which arise when we aspire to formal quantitative coherence in the
context of decison making in situations of uncertainty, in combination with an operational
approach to the basic concepts, leads to view the problem of statistical modelling as that of
identifying or selecting particular forms of representation of beliefs about observables.

For example, in the case of asequence 1, x2, . .., of 0— 1 random quantitiesfor which
beliefs correspond to ajudgement of infinite exchangeability, de Finetti’s theorem identifiesthe
representation of the joint mass function for x4, . . ., z,, ashaving the form

1 n
p(x1,...,x,) = /0 H 6%i(1 — 0)1_""@' dQ(0),
i=1

for some choice of distribution ¢ over theinterval [0, 1].

More generally, for sequences of random quantities, x1, xo, ..., it is known (see e.g.,
Bernardo and Smith, 1994, Chap. 4) that beliefs which combine judgements of exchangeability
with some form of further structure (either in terms of invariance or sufficient statistics), often
lead us to work with representations of the form

plasseesio) = [ [[ptai18)a()

where p(x | @) denotes a specified form of labelled family of probability distributionsand @ is
some choice of distribution over R*.

Such representations exhibit the various ways in which the element of primary signif-
icance from the subjectivist, operationalist standpoint, namely the predictive model of beliefs
about observables, can be thought of asif constructed from a parametric model together with a
prior distribution for the labelling parameter.

Our primary concern in this monograph will be with the way in which the updating of
beliefsin thelight of new information takes place within the framework of such representations,
when no prior subjective information exists, or —if it does— it is not desired to take such
information into account.

Initssimplest form, within theformal framework of predictive model belief distributions
derived from quantitative coherence considerations, the problem corresponds to identifying the
joint conditional density of

@ity T | 21 T0)

foranym > 1, given,foranyn > 1, theformof representation of thejointdensity p(x1, . . . , ).
In general, of course, this simply reduces to calculating

p(x1, . oy Tym)
p(x1,...,xp)

p(xn+la---7$n+m|xla---7xn) -
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and, in the absence of further structure, thereislittle more that can be said. However, when the
predictive model admits arepresentation in terms of parametric models and prior distributions,
thelearning process can be essentially identified, in conventional terminology, with the standard
parametric form of Bayes' theorem.

Thus, for example, if we consider the general parametric form of representation for an
exchangeabl e sequence, with dQ(0) having density representation, p(8)d0, we have

p(x1,...,x,) = /Hp(acl |0)p(0)de,
=1

from which it follows that

_ ST p(ai | 0)p(6) dO
JTIiZ: p(xi | 6)p(6) d6

n-+m

:/‘H p(z;|0)p(0| x1, ..., x0) O,

1=n+1

p<37n+1> co s Tn4m | T1yew- 733n)

where

[Tim, p(xi| 6)p(6)

PO i) = T 6)(6) d6

This latter relationship is just Bayes theorem, expressing the posterior density for 6, given
x1,...,Tn, iNn terms of the parametric model for x4, ..., x, given 8, and the prior density
for 8. The (conditional, or posterior) predictive model for 1, ..., Zpim, givenzy, ..., z, is
seen to have precisely the same general form of representation as the initial predictive model,
except that the corresponding parametric model component is now integrated with respect to
the posterior distribution of the parameter, rather than with respect to the prior distribution.
Considered as afunction of 9,

lik(@|z1,...,2,) = p(x1,...,2,]0)

isusually referred to asthelikelihood function. A formal definition of such aconcept is, however,
problematic; for details, see Bayarri et al. (1988) and Bayarri and DeGroot (1992b).

1.2. PREDICTIVE AND PARAMETRIC INFERENCE

Given our operationalist concern with modelling and reporting uncertainty in terms of observ-
ables, itisnot surprising that Bayes' theorem, initsrole asthekey to acoherent learning process
for parameters, smply appears as a step within the predictive process of passing from

P, 1) :/p(xl,...,xn|9)p(0)d0
to
P(Tpt1y s Togm | T1, -5 Tp) :/p(acm_l,...,xmrm]0)p(9|m1,...,xn)d0,
by means of

_ P12 |0)p(O)
[p(x1,...,2,|0)p(0) dO

p(@|z1,...,20)
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Writingy = {y1, - -, Ym} = {Tn+t1, - - ., Tn+m } todenotefuture (or, asyet unobserved)
quantitiesand « = {1, ..., x,} to denote the already observed quantities, these relations may
be re-expressed more simply as

p(x) = / p(z|6)p(6) db.
ply|z) = / p(y|0)p(8) ) 6

and
p(0|x) =p(z|0)p(0)/p(x).

However, if we proceed purely formally, from an operationalist standpoint it isnot at all
clear, at first sight, how we should interpret “beliefs about parameters’, as represented by p(0)
andp(0 | x), or even whether such “beliefs’ haveany intrinsicinterest. Itiswell known (seee.g.,
Bernardo and Smith, 1994, Ch. 4) that, in all the forms of predictive model representations we
considered, the parameters had interpretations as strong law limits of (appropriate functions of)
observables. Thus, for example, inthe case of theinfinitely exchangeable 0 —1 sequence beliefs
about 6 correspond to beliefs about what the long-run frequency of 1's would be in a future
sample; in the context of areal-valued exchangeable sequence with centred spherical symmetry,
beliefs about ;. and o2, respectively, correspond to beliefs about what the large sample mean,
and the large sample mean sum of squares about the sample mean would be, in afuture sample.

Inference about parameters is thus seen to be a limiting form of predictive inference
about observables. This means that, although the predictive form is primary, and the role of
parametric inference is typically that of an intermediate structural step, parametric inference
will oftenitself be the legitimate end-product of a statistical analysisin situationswhere interest
focuses on quantities which could be viewed as large-sample functions of observables. Either
way, parametric inferenceis of considerable importance for statistical anaysisin the context of
the models we are mainly concerned with in this volume.

When a parametric form is involved simply as an intermediate step in the predictive
process, we have seen that p(0 | x1, ..., x,), the full joint posterior density for the parameter
vector 0, isall that isrequired. However, if we are concerned with parametric inference per se,
we may be interested in only some subset, ¢, of the components of 8, or in some transformed
subvector of parameters, g(€). For example, in the case of a real-valued sequence we may
only be interested in the large-sample mean and not in the variance; or in the case of two 0 —1
sequences we may only be interested in the difference in the long-run frequencies.

In the case of interest in asubvector of 0, let us suppose that the full parameter vector can
be partitionedinto @ = {¢, A}, where ¢ isthe subvector of interest, and A isthe complementary
subvector of 8, often referred to, in this context, as the vector of nuisance parameters. Since

_ plz]0)p(6)

the (marginal) posterior density for ¢ is given by
p(@l2) = [p6]z)ax— [ p(6.A|e)dx

where

p(x) = / p(|8)p(8) d6 = / p( | . N)p(ep, N)deb d,
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with all integrals taken over the full range of possible values of the relevant quantities.

In some situations, the prior specification p(¢, A) may be most easily arrived at through
the specification of p(A|¢)p(¢). In such cases, we note that we could first calculate the
integrated likelihood for ¢,

p(e9) = [ (e] . XA ) dA
and subsequently proceed without any further need to consider the nuisance parameters, since

o — P@9)p(e)
p(¢|x) T @

Inthe casewhereinterest isfocused on atransformed parameter vector, g(6), we proceed
using standard change-of -variabl e probability techniques. Supposefirst that ¢» = g(0) isaone-
to-one differentiable transformation of 6. It then follows that

ps(¥| @) =po(g™ (%) @) | T -1 () |,

where

dg ' (¢)
J 1) = gaT

is the Jacobian of the inverse transformation & = g~ (). Alternatively, by substituting
0 =g~ (), wecouldwritep(z | 8) asp(z | 1), andreplacep(8) by po(g " () | T -1 (¥) |,
toobtain p(¢ | ) = p(x [¥)p(y)/p(x) directly.

If 1 = ¢g(@) hasdimension lessthan 6, we can typically define~y = (¢, w) = h(0), for
some w such that v = k() is aone-to-one differentiable transformation, and then proceed in
two steps. Wefirst obtain

p(p,w ) =po(h ™ (v)|2) | J,-1(7) |,

where
oh~!(v)

oy

Jh—l (7) =

and then marginalise to
p(w o) = [ p.w|2)do.

These techniques will be used extensively in later parts of this monograph.

In order to keep the presentation of these basic manipulative techniques as simple as
possible, we have avoided introducing additional notation for the ranges of possible values of
the various parameters. In particular, all integrals have been assumed to be over the full ranges
of the possible parameter values.

In general, this notational economy will cause no confusion and the parameter ranges
will be clear from the context. However, there are situations where specific constraints on
parameters are introduced and need to be made explicit in the analysis. In such cases, notation
for ranges of parameter values will typically also need to be made explicit.

Consider, for example, a parametric model, p(x | @), together with a prior specification
p(8), 8 € ©, for which the posterior density, suppressing explicit use of O, isgiven by

_ p@|0)p(0)
[ p(x]0)p(6) do

p(0 )
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Now suppose that it is required to specify the posterior subject to the constraint 8 € ©¢ C 0,
where feo p(0)do > 0.
Defining the constrained prior density by

p(6)
0)= ——F———, 0€0,
w0 =10 ’
we obtain, using Bayes' theorem,
p(82,0 € 6,) — —Px10)P(0) 0 < 0.

f@ (x| 0)po( )dH’

From this, substituting for py(8) intermsof p(@) and dividing both numerator and denominator
by

@) = [ ol 0)p(0)d.
we obtain

p(0|x)

foo p(0]xz)do’
expressing the constraint in termsof the unconstrained posterior (aresult which could, of course,
have been obtained by direct, straightforward conditioning).

Numerical methods are often necessary to analyze models with constrained parameters;
see Gelfand et al. (1992) for the use of Gibbs sampling in this context.

p(@|x,0 € O)) = 0 € O,

1.3. SUFFICIENCY, ANCILLARITY AND STOPPING RULES

It is known (see e.g., Bernardo and Smith, 1994, Ch.4 ) that a (minimal) sufficient statistic,
t(x), for 6, in the context of a parametric model p(x | @), can be characterised by either of the

conditions
p(@|xz) =p(0|t(x)),  foralp(d),

or
p(x|t(x),0) = p(x|t(z)).

The important implication of the concept is that ¢(x) serves as a sufficient summary of the
complete data x in forming any required revision of beliefs. The resulting data reduction often
implies considerable simplification in modelling and analysis. In many cases, the sufficient
statistic ¢(x) can itself be partitioned into two component statistics, t(x) = [a(x), s(x)] such

that, for all 6,
p(t(x)]8) = p(s(z) | a(z),0) p(a(z) | 6)
= p(s(z) | a(z),6) p(a(x)).
It then follows that, for any choice of p(8),

p(0|x) = p(0]t(x)) < p(t(x)|0)p(0)
x p(s(z) |a(z),0)p(0),
so that, in the prior to posterior inference process defined by Bayes' theorem, it suffices to use

p(s(x) | a(x), O), rather than p(t(x) | @) asthelikelihood function. This further simplification
motivates the following definition.
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Definition 1. Ancillary statistic.. A statistic, a(x), is said to be ancillary, with respect
to 6 in a parametric model p(x | 0), if p(a(x) | 0) = p(a(x)) for all values of 6.

Example 1. Bernoulli mode! . Itiswell known that for the Bernoulli parametric model
plar,... 2, |0) = [[ pi] 6) = 61— 0)"""
i=1

= p(n,ry | 0),

wherer, = z1 + - -- + x,, Sothat t,, = [n, r,| providesaminimal sufficient statistic.

If we now write

p(n,rn|[0) = p(ra|n,0)p(n|0),

and make the assumption that, for al n > 1, the mechanism by which the sample size, n, is
arrived at does not depend on ¢, so that p(n | 0) = p(n), n > 1, we see that n is ancillary for
0, in the sense of Definition 1. It follows that prior to posterior inference for ¢ can therefore
proceed on the basis of

p(e | CL‘) = p(e | n, rn) X p(rn | n, 9)]9(6),
for any choice of p(#),0 < 6 < 1. Since

plra )=

= Bi(r, | 0,n),
inferencesin this case can be made asif we had adopted abinomial parametric model. However,
if wewrite

n

)Gr"(l -6, 0<r,<n,

p(n,rn |0) = p(n|rn, 0)p(ra | 0)
and make the assumption that, for al r, > 1, termination of sampling is governed by a
mechanism for selecting r,,, which does not depend on 6, so that p(r,, |0) = p(r,),r, > 1,
we see that r, is ancillary for 6, in the sense of Definition 1. It follows that prior to posterior
inference for ¢ can therefore proceed on the basis of

p(0|x) = p(0|n,ry) o< p(n|ry, 0)p(0),
for any choice of p(6),0 < 6 < 1. Itiseasly verified that

p(n|ry,0) = (n B 11) g1 -y, n=>ry,
n —
= Nb(n|6,r,)

so that inferencesin this case can be made asif we had adopted a negative-binomial parametric
model.

We note, incidentally, that whereas in the binomial case it makes sense to consider p(0)
as specified over 0 < 0 < 1, in the negative-binomial case it may only make sense to think of
p(6) as specified over 0 < 6 < 1, sincep(r, |0 = 0) =0, for al r, > 1.

So far as prior to posterior inference for 6 is concerned, we note that, for any specified
p(0), and assuming that either p(n |0) = p(n) or p(ry, | 0) = p(ry,), we obtain

p(0|z1,...,xn) =p(@]|n,ry) occ 0™ (1 —0)""""p(0)
since, considered as functions of 9,
p(rn|n,0) < p(n|r,,0) < 0™(1—0)""n.
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The last part of the above example illustrates a general fact about the mechanism of
parametric Bayesian inference which is trivialy obvious;, namely, for any specified p(9), if
the likelihood functions p; (x1 | @), p2(x2 | @) are proportional as functions of €, the resulting
posterior densitiesfor 8 areidentical. It turnsout that many non-Bayesian inference procedures
do not lead to identical inferences when applied to such proportional likelihoods. The assertion
that they should, the so-called Likelihood Principle, is therefore a controversial issue among
statisticians . In contrast, in the Bayesian inference context described above, thisis a straight-
forward consequence of Bayes' theorem, rather than an imposed “principle’. Note, however,
that the above remarks are predicated on a specified p(0). It may be, of course, that knowledge
of the particular sampling mechanism employed has implications for the specification of p(0),
asillustrated, for example, by the comment above concerning negative-binomial sampling and
therestrictionto 0 < 6 < 1.

Although the likelihood principle is implicit in Bayesian statistics, it was developed as
a separate principle by Barnard (1949), and became afocus of interest when Birnbaum (1962)
showed that it followed from the widely accepted sufficiency and conditionality principles.
Berger and Wolpert (1984/1988) provide an extensive discussion of the likelihood principle and
related issues. Other relevant references are Barnard et al. (1962), Fraser (1963), Pratt (1965),
Barnard (1967), Hartigan (1967), Birnbaum (1968, 1978), Durbin (1970), Basu (1975), Dawid
(19834), Joshi (1983), Berger (1985b), Hill (1987) and Bayarri et al. (1988).

Example 1 illustrates the way in which ancillary statistics often arise naturaly as a
conseguence of the way in which data are collected. In general, it is very often the case that
the sample size, n, isfixed in advance and that inferences are automatically made conditional
on n, without further reflection. It is, however, perhaps not obvious that inferences can be
made conditional on n if the latter has arisen as a result of such familiar imperatives as “ stop
collecting datawhenyoufeedl tired”, or “when theresearch budget runsout”. Thekind of analysis
given above makes it intuitively clear that such conditioning is, in fact, valid, provided that the
mechanism which has led to n “does not depend on 8”. This latter condition may, however,
not aways be immediately transparent, and the following definition provides one version of a
more formal framework for considering sampling mechanisms and their dependence on model
parameters.

Definition 2. Stopping rule. A stopping rule, =, for (sequential) sampling from a
sequence of observables 1 € Xi,xo € Xo,..., IS a sequence of functions 7,, :
X1 x -+ x X, — [0,1], such that, ifxg,) = (x1,...,x,) is observed, then sampling
is terminated with probability 7, (z,,)); otherwise, the (n + 1)th observation is made.
A stopping rule is proper if the induced probability distribution p,(n),n = 1,2,...,
for final sample size guarantees that the latter is finite. The rule is deterministic if
(T (n)) € {0,1} for al (n, z(,)); otherwise, it is a randomised stopping rule.

In general, we must regard the data resulting from a sampling mechanism defined by a
stopping rule T as consisting of (n, z(,,)), the sample size, together with the observed quantities
xi,...,x,. A parametric model for these data thus involves a probability density of the form
p(n,z,) | T,0), conditioning both on the stopping rule (i.e., sampling mechanism) and on an
underlying labelling parameter 8. But, either through unawareness or misapprehension, thisis
typically ignored and, instead, we act asif the actual observed sample size n had been fixed in
advance, in effect assuming that

p(n @,y [ 7,0) = p(x(y) [0, 0) = p(x () | ),
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using the standard notation we have hitherto adopted for fixed n. The important question that
now arisesisthefollowing: under what circumstances, if any, can we proceed to makeinferences
about @ on the basis of this (generally erroneous!) assumption, without considering explicit
conditioning on the actual form of 72 Let usfirst consider a simple example.

Example 2. “Biased” stopping rule for a Bernoulli sequence. Suppose, given 6, that
x1,x9,... may be regarded as a sequence of independent Bernoulli random quantities with
p(x;|0) = Bi(x;]0,1), z; = 0,1, and that a sequential sample is to be obtained using the
deterministic stopping rule 7, defined by: 71(1) = 1, 71(0) = 0, 72(x1,22) = 1 for al x;, xo.
In other words, if thereis asuccess on thefirst trial, sampling isterminated (resultinginn = 1,
x1 = 1); otherwise, two observations are obtained (resulting in either n = 2, 21 =0, 20 =0
orn=2x; =022 =1).

At first sight, it might appear essential to take explicit account of 7 in making inferences
about 6, since the sampling procedure seems designed to bias us towards believing in large
values of . Consider, however, the following detailed analysis:

pn=121=1|7,0) =pz1=1[n=1,7,0)p(n=1[7,0)
=1-p(ry=1|0)=p(x; =1]0)

and, forx =0, 1,
p(n=2,21=0,22 =x|7,0) =p(r1=0,x0=2x|n=2,7,0)p(n=2]|7,0)

=plx1 =0n=2,7,0)p(xs =2 |z =0,n=2,7,0)p(n =2]|1,0)
=1-p(xe =2|r1 =0,0)p(x1 =0]0)
=p(zrg =z,21 =0]0).
Thus, for al (n, z(,)) having non-zero probability, we obtain in this case

p(nam(n) |7-79) = p(m(n) |0)a

the latter considered pointwise as functions of 6 (i.e., likelihoods). It then followstrivially from
Bayes' theorem that, for any specified p(6), inferences for 6 based on assuming n to have been
fixed at its observed value will be identical to those based on alikelihood derived from explicit
consideration of 7.

Consider now arandomised version of this stopping rule which isdefined by 7 (1) = a,
7'1(0) =0, 7'2(33‘1,1‘2) =1 for all X1, 2. In this case, we have

pn=1Lz1=1|7,0)=px1=1|n=1,7,0)p(n=1|1,0)
=1-a-p(z; =10,

with, for z = 0, 1,

p(n =221 =0,290 = x| 7,0)
=pn=2|x; =0,7,0)
xplxy =0|7,0)p(xa =2x|x1 =0,n=2,7,0)
=1-p(z1 =0[0)p(z2 =z |0)
and
pin=2,x1=1zo=x|71,0)=p(n=2|z1=1,7,0)p(x; =1|7,0)
Xplrg=x|xy=1,n=271,0)
— (1— a)p(ar = 11 0)p(a2 = 2 0).
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Thus, for dl (n, a:(n)) having non-zero probability, we again find that

p(n, L (n) | T, 0) X p(w(n) ’ 0)

as functions of ¢, so that the proportionality of the likelihoods once more implies identical
inferences from Bayes' theorem, for any given p(6).
H

The analysis of the preceding example showed, perhaps contrary to intuition, that, al-
though seemingly biasing the analysis towards beliefs in larger values of 6, the stopping rule
does not in fact lead to a different likelihood from that of the a priori fixed sample size. The
following, rather trivial, theorem makes clear that thisistrue for all stopping rulesasdefinedin
Definition 2, which we might therefore describe as“ likelihood non-informative stopping rules’.

Theorem 1. Stopping rules are likelihood non-informative.
For any stopping rule =, for (sequential) sampling from a sequence of observables z1,
T2, ..., having fixed sample size parametric model p(x,,) | n,0) = p(z(,) | 9),

p(n7w(n) |7-70) X p(m(n) | 0)7 0co,

for all (n, z(,)) suchthat p(n,z, | T,0) # 0.
Proof. Thisfollows straightforwardly on noting that

n—1

P @y | 7,0) = | (@) [T (0 = (@) | p(a) 1 0).

=1

and that the term in square brackets does not depend on 6.
q

Again, itisatrivia consequence of Bayes theorem that, for any specified prior density,
prior to posterior inferencefor 6 givendata(n, ;) ) obtained using alikelihood non-informative
stopping rule 7 can proceed by acting as if x(,,) were obtained using a fixed sample size n.
However, anotationally precise rendering of Bayes' theorem,

p(e | (), T) X p(na L (n) | T, 0)]9(9 | T)
x p(x () | 0)p(O]7),

reveal s that knowledge of = might well affect the specification of the prior density! Itisfor this
reason that we use the term “likelihood non-informative” rather than just “non-informative’
stopping rules. It cannot be emphasised too often that, although it is often convenient for
expository reasons to focus at a given juncture on one or other of the “likelihood” and “prior”
components of the model, they are basically inseparable in coherent modelling and analysis of
beliefs. Thisissueis highlighted in the following example.

Example 3. “Biased” stopping rule for a normal mean. Suppose, given 4, that data
xr1,x2,..., may be regarded as a sequence of independent normal random quantities with
p(x;|0) = N(z; |6,1), x; € R. Suppose further that an investigator has a particular concern
with the parameter value § = 0 and wants to stop sampling if z,, = >, x;/n ever takeson a
valuethat is“unlikely”, assuming 6 = 0 to be true.
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For any fixed sample size n, if “unlikely” isinterpreted as “an event having probability
less than or equal to «”, for small «, a possible stopping rule, using the fact that p(z,, | n, 6) =

N(z, | 0, n), might be
_[1, i @] > k(a)/Vn
) = {o, it |70 | < k(a)/v/n
for suitable k() (for example, & = 1.96 for o = 0.05, k = 2.57 for « = 0.01, or k = 3.31
for « = 0.001). It can be shown, using the law of the iterated logarithm, that thisis a proper
stopping rule, so that termination will certainly occur for somefiniten, yielding data (n, x,,) ).
Moreover, defining

k(o
Sh {w(n), |i‘1| < k:(a), |i‘2| < \(/5) v
_ k() B k(o)
|Zp—1| < — | T | > %} ,

we have
p(n, x| T,0) = p(x@ | n,7,0)p(n|T,0)

p(w ‘ Sn, Q)p(Sn ’ 6)
= p(x(n | 0),

asafunction of ¢, for al (n, x(,)) for which the left-hand side is non-zero. It followsthat T is
alikelihood non-informative stopping rule.

Now consider prior to posterior inference for 6, where, for illustration, we assume the
prior specification p(6) = N(é | u, A), with precision A ~ 0, to be interpreted as indicating
extremely vague prior beliefs about 8, which take no explicit account of the stopping rule .
Since the latter islikelihood non-informative, we have

p(0 |y, n) o< p(x(m) [n,0)p(0)
x p(Ty | n, 0)p(0)
o< N(Zy, [0, n)N(O | 1, A)

by virtue of the sufficiency of (n,z,) for the normal parametric model. The right-hand side is
easily seen to be proportional to exp{—3Q(6)}, where

nT, + )\,u} 2

Q) = (n+ 7)o - "2

which implies that
B Nnxy + A\
9020y =N (]2 (04 0)
~ N(O|Zp,n)
for A ~ 0.
One consequence of this vague prior specification isthat, having observed (n, z(,,)), we
are led to the posterior probability statement

P[&e (fni%>‘nfn} —1-a

But the stopping rule = ensures that |z, | > k(a)/+/n. This means that the value § = 0
certainly doesnot liein the posterior interval to which someonewith initially very vague beliefs
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would attach a high probability. An investigator knowing ¢ = 0 to be the true value can
therefore, by using this stopping rule, mislead someone who, unaware of the stopping rule, acts
asif initialy very vague.

However, let us now consider an analysis which takes into account the stopping rule.
The nature of = might suggest a prior specification p(¢ | T) that recognises ¢ = 0 asapossibly
“gpecial” parameter value, which should be assigned non-zero prior probability (rather than the
zero probability resulting from any continuous prior density specification). As an illustration,
suppose that we specify

p(0|7T) = alg_p(0) + (1 — )l (@)N(O |0, Ao),
which assigns a“ spike” of probability, «, to the special value, = 0, and assigns 1 — « times
aN(#]0, \o) density to the range 6 # 0.
Since T isalikelihood non-informative stopping rule and (n, z,,) are sufficient statistics
for the normal parametric model, we have

The complete posterior p(6 | n, z(,, T) isthus given by
a 1ig—g)(OIN(Ty | 0,m) + (1 — )1 (g20) (O)N(Zy, | 0,m)N(8 ] 0, Ao)
aN(@y, |0,n) + (1 —a) [ N(Tn|0,7)N(@]0, X)db

* * Ny
= X 1(0:0)(0) + (1 — )1(9#0)N (e‘m,n‘f‘)\o) y

where, since

/ N(En|0,n)N(0|0,>\g)d9:N<fn\0,n Ao )

e n+ Ao
itiseasly verified that

v i e N@a|0nho(n+ Ao)HY 7!
84 N(xn|0,n)

_ {1 e ;Oz (1 + )\%)UQGXP [%(\/ﬁfn)Q (1 + %)1] }1.

The posterior distribution thus assigns a “spike” a* to § = 0 and assigns 1 — o times a
N(@| (n + Xo) " tnZy,, n + \g) density to therange 6 # 0.

The behaviour of this posterior density, derived from a prior taking account of 7, is
clearly very different from that of the posterior density based on avague prior taking no account
of the stopping rule. For qualitative insight, consider the case where actually # = 0 and « has
been chosen to be very small, so that k() is quite large. In such acase, n islikely to be very
large and at the stopping point we shall have z,, ~ k(«)/+/n. This means that

11—« n\ "2 !
1.2

1+ - (1 + )\—0) exp (5k°(c))
for large n, so that knowing the stopping rule and then observing that it resultsin alarge sample
sizeleadsto an increasing convictionthat & = 0. Onthe other hand, if 6 isappreciably different
from 0, the resulting »n, and hence o*, will tend to be small and the posterior will be dominated
by the N(0 | (n + Xo) " 'nZ,, n + Ag) component.

[l

~1

*
~Y
o~ ,
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1.4. DECISIONS AND INFERENCE SUMMARIES

Our central concernistherepresentation and revision of beliefsasthebasisfor decisions. Either
beliefs are to be used directly in the choice of an action, or are to be recorded or reported in
some selected form, with the possibility or intention of subsequently guiding the choice of a
future action. The elements of a decision problem in the inference context are:

(i) a € A, available “answers’ to the inference problem;
(i) w € Q, unknown states of the world;
(iii) u: AxQ — R, afunction attaching utilitiesto each consequence (a, w) of adecisionto
summariseinferencein theform of an “answer”, a, and an ensuing state of theworld, w;
(iv) p(w), aspecification, in the form of a probability distribution, of current beliefs about
the possible states of the world.

Theoptimal choiceof answer to aninferenceproblemisana € A which maximisesthe expected
utility,

| wla.w)pte) do.

Alternatively, if instead of working with u(a, w) we work with a so-called loss function,

l(avw) = f(w> - u(a’>w)7

where f isan arbitrary, fixed function, the optimal choiceof answerisana € A whichminimises
the expected loss,

/Ql(a, w)p(w) dw.

It is clear from the forms of the expected utilities or losses which have to be calculated
in order to choose an optimal answer, that, if beliefs about unknown states of the world are to
provide an appropriate basis for future decision making, where, as yet, A and u (or [) may be
unspecified, we need to report the complete belief distribution p(w).

However, if an immediate application to a particular decision problem, with specified A
and u (or 1), is dl that is required, the optimal answer—maximising the expected utility or
minimising the expected loss—may turn out to involve only limited, specific features of the
belief distribution, so that these “ summaries’ of thefull distribution suffice for decision-making
purposes.

In the following subsections, we shall illustrate and discuss some of these commonly
used forms of summary. Throughout, we shall have in mind the context of parametric and
predictive inference, where the unknown states of the world are parameters or future data values
(observables), and current beliefs, p(w), typically reduce to one or other of the familiar forms:

p(0) initial beliefs about a parameter vector, 6,
p(0|x) beliefs about 6, given data x;
p(¥|x) beliefs about ¢ = g(8), given data x;
p(y|x) beliefs about future data y, given data «.
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1.4.1. Point Estimates

In cases where w € ) corresponds to an unknown quantity, so that 2 is iR, or ®”, or R*, or
R x N, etc., and the required answer, a € A, is an estimate of the true value of w (so that
A = Q), the corresponding decision problemistypically referred to as one of point estimation.

If w = 0 or w = 1, we refer to parametric point estimation; if w = y, we refer to
predictive point estimation. Moreover, since one isamost certain not to get the answer exactly
right in an estimation problem, statisticians typically work directly with the loss function con-
cept, rather than with the utility function. A point estimation problem isthus compl etely defined
once A = Q and [(a, w) are specified. Direct intuition suggests that in the one-dimensional
case, distributional summaries such as the mean, median or mode of p(w) could be reasonable
point estimates of arandom quantity w. Clearly, however, these could differ considerably, and
more formal guidance may be required as to when and why particular functionals of the belief
distribution are justified as point estimates. Thisis provided by the following definition and
result.

Definition 3. Bayes estimate. A Bayes estimate of w with respect to the loss func-
tion /(a,w) and the belief distribution p(w) isan a € A = Q which minimises
Jola,w)p(w) dw.
Theorem 2. Forms of Bayes estimates.
(i) IfA=0Q=%Randl(a,w) = (a — w)'H(a — w), where H is symmetric and
definite positive, the Bayes estimate satisfies
Ha = HE(w).

If H ! exists, a = F(w), and so the Bayes estimate with respect to quadratic
form lossis the mean of p(w), assuming the mean to exist.

(i) fA=0Q=Randl(a,w) = c1(a — w)l(<q(a) + c2(w — a)l(,>q)(a), the
Bayes estimate with respect to linear lossis the quantile such that

P(w <a)=cy/(c1 + c2).

If ¢; = 2, theright-hand side equals 1 /2 and so the Bayes estimate with respect
to absolute value lossis a median of p(w).

(iii) TA=QC R andi(a,w) =1 — 1(B.(a))(w), where B:(a) isaball of radius
e in €} centred at a, the Bayes estimate maximises

/ p(w) dw.
Be(a)

Ase — 0, the function to be maximised tends to p(a) and so the Bayes estimate
with respect to zero-onelossis a mode of p(w), assuming a mode to exist.

Proof. Differentiating [(a — w)'H (a — w)p(w) dw with respect to a and equating to zero
yields

2H/(a —w)p(w) dw = 0.
This establishes (i). Since

l(a,w)p(w) dw = ¢ (a — w)p(w) dw + ¢ (w—a)p(w) dw,
{w<a} {w>a}
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differentiating with respect to a and equating to zero yields

cl/ p(w)dw = 02/ p(w) dw,
{w<a} {w>a}

whence, adding ¢ fwgap(w) dw to each side, we obtain (ii). Finally, since

/ l(a, w)p(w) dw = 1 - / 1. (o) (@)pl) dow,

and thisis minimised when fBe(a) p(w) dw is maximised, we have (iii).
4

Further insight into the nature of case (iii) can be obtained by thinking of a unimodal,
continuous p(w) in one dimension. It isthen immediate by a continuity argument that a should
be chosen such that

pla—¢) =pla+e).

In the case of a unimodal, symmetric belief distribution, p(w), for a single random
guantity w, the mean, median and mode coincide. In general, for unimodal, positively skewed,
densities we have the relation

mean > median > mode

and the difference can be substantial if p(w) ismarkedly skew. Unless, therefore, thereisavery
clear need for a point estimate, and a strong rationale for a specific one of the loss functions
considered in Theorem 2, the provision of asingle number to summarise p(w) may be extremely
misleading as a summary of the information available about w. Of course, such a comment
acquires even greater force if p(w) is multimodal or otherwise “irregular”.

For further discussion of Bayes estimators, see, for example, DeGroot and Rao (1963,
1966), Sacks (1963), Farrell (1964), Brown (1973), Tiao and Box (1974), Berger and Srinivasan
(1978), Berger (1979, 1986), Hwang (1985, 1988), de la Horra (1987, 1988, 1992), Ghosh
(19923, 1992b), Irony (1992) and Spall and Maryak (1992).

1.4.2. Credible regions

We have emphasi sed that, from atheoretical perspective, uncertainty about an unknown quantity
of interest, w, needs to be communicated in the form of the full (prior, posterior or predictive)
density, p(w), if formal calculation of expected loss or utility isto be possible for any arbitrary
future decision problem. In practice, however, p(w) may be a somewhat complicated entity
and it may be both more convenient, and also sufficient for general orientation regarding the
uncertainty about w, simply to describe regions C' C € of given probability under p(w). Thus,
for example, inthe casewhere 2 C R, theidentification of intervals containing 50%, 90%, 95%
or 99% of the probability under p(w) might sufficeto giveagood ideaof the general quantitative
messages implicit in p(w). Thisis the intuitive basis of popular graphical representations of
univariate distributions such as box plots.

Definition 4. Credible Region. Aregion C' C 2 such that

&Aﬂwﬂw:l—a
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is said to be a 100(1 — «)% credible region for w, with respect to p(w). If Q@ C R,
connected credible regions will be referred to as credible intervals. If p(w) isa (prior-
posterior-predictive) density, we refer to (prior-posterior-predictive) credible regions.

Clearly, for any given o thereisnot aunique credible region—evenif werestrict attention
to connected regions, as we should normally wish to do for obvious ease of interpretation (at
least in caseswhere p(w) isunimodal). For given 2, p(w) and fixed «, the problem of choosing
among the subsets C' C Q such that [, p(w)dw = 1 — a could be viewed as a decision
problem, provided that we are willing to specify alossfunction, [(C, w), reflecting the possible
consequences of quoting the 100(1 — «)% credible region C'. We now describe the resulting
form of credible region when aloss function is used which encapsulates the intuitive idea that,
for given a, we would prefer to report a credible region C' whose size ||C|| (volume, area,
length) is minimised.

Theorem 3. Minimal size credible regions.
Let p(w) be a probability density for w € 2 almost everywhere continuous; given «,
0<a<l,if A={C; Plwe(C)=1-a}+#0and

(Cow) = K||C]| —1c(w), CEA weQ, k>0,

then C' isoptimal if and only if it has the property that p(w;) > p(w2) for all w; € C,
wo & C (except possibly for a subset of €2 of zero probability).

Proof. It follows straightforwardly that, for any C' € A,

/ I(C, w)p(w) dw = KI|C| + 1 — o,
Q

so that an optimal C' must have minimal size.
If C' has the stated property and D is any other region belonging to A, then since
C=(CnD)u(CnD%),D=(CnD)u(C°NnD)and P(w € C) = P(w € D), wehave

inf CnNnDE < d
inf p@)l|cn DY < /C  p@)de

[ pwdw< sp pw)iconD]
cenD weCnD
with
< inf
s Dp(w) < inf  p(w)
sothat ||C N D¢|| < ||C°N DJ|, and hence ||C|| < || D]|.

If C does not have the stated property, thereexists A C C' suchthat for all w; € A, there
existsws ¢ C such that p(w2) > p(w;). Let B C C° besuchthat P(w € A) = P(w € B)
and p(wz) > p(wy) foral we € Bandw; € A. DefineD = (CNA°)UB. ThenD € Aand
by asimilar argument to that given above the result follows by showing that || D|| < ||C||. The
property of Theorem 3 isworth emphasising in the form of a definition (Box and Tiao, 1965).

Definition 5. Highest probability density (HPD) regions.
Aregion C' C Q issaid to bea 100(1 — «))% highest probability density region for w
with respect to p(w) if

() Pwel)=1—-a
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(i) p(w1) > p(we) forall w; € Candwsy ¢ C, except possibly for a subset of
having probability zero.
If p(w) is a (prior-posterior-predictive) density, we refer to highest (prior-posterior-
predictive) density regions.

Clearly, the credible region approach to summarising p(w) is not particularly useful in
the case of discrete €2, since such regions will only exist for limited choices of «. The above
development should therefore be understood as intended for the case of continuous (2.

For anumber of commonly occurring univariate forms of p(w), there exist tables which
facilitate the identification of HPD intervalsfor arange of values of « (see, for example, |saacs
et al., 1974, Ferrandiz and Sendra, 1982, and Lindley and Scott, 1985).

o) C
Figurela wgamost as”plausible” asall w € C

W C
Figurelb wy muchless*” plausible” thanmostw € C

Although an appropriately chosen selection of HDP regions can serve to give a useful
summary of p(w) when wefocusjust on the quantity w, thereisafundamental difficulty which
prevents such regions serving, in general, as a proxy for the actual density p(w). The problem
isthat of lack of invariance under parameter transformation. Even if v = g(w) isaone-to-one
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transformation, it is easy to seethat thereis no general relation between HPD regionsfor w and
v. Inaddition, thereisno way of identifying amarginal HPD region for a(possibly transformed)
subset of components of w from knowledge of the joint HPD region.

Ingeneral thederivation of an HPD region requiresnumerical calculationand, particularly
if p(w) does not exhibit markedly skewed behaviour, it may be satisfactory in practice to quote
some more simply calculated credible region. For example, in the univariate case, conventional
statistical tables facilitate the identification of intervals which exclude equi-probable tails of
p(w) for many standard distributions. This form has the added advantage of being consistent
under one-to-one reparametrisations of w.

In caseswherean HPD credibleregion C ispragmatically acceptable asacrude summary
of the density p(w), then, particularly for small values of « (for example, 0.05, 0.01), a specific
vaue wy €  will tend to be regarded as somewhat “implausible” if wg ¢ C. This, of
course, provides no justification for actions such as “rejecting the hypothesis that w = wy”.
If we wish to consider such actions, we must formulate a proper decision problem, specifying
alternative actions and thel osses consequent on correct and incorrect actions. Inferencesabout a
specific hypothesised value w of arandom quantity w inthe absence of alternative hypothesised
valuesare often considered inthe general statistical literature under the heading of “significance
testing”. For thepresent, it will sufficeto note—asillustrated in Figure 1—that even theintuitive
notion of “implausibility if wy ¢ C” depends much more on the complete characterisation of
p(w) than on an either-or assessment based on an HPD region.

For further discussion of credibleregionssee, for example, Pratt (1961), Aitchison (1964,
1966), Wright (1986) and DasGupta (1991).

1.4.3. Hypothesis Testing

The basic hypothesis testing problem usually considered by statisticians may be described as a
decision problem with elements

Q:{WOZ[HOZQEG()], wlz[HlteE@l]},

together with p(w), where @ € © = 0 U 01, is the parameter |abelling a parametric model,
p(x|0), A = {ap, a1}, with a;(ag) corresponding to rejecting hypothesis Hy(H;), and loss
function l(a;, w;) = l;;, 1,5 € {0, 1}, with the l;; reflecting the relative seriousness of the four
possible consequences and, typically, loo = I11 = 0.

General discussions of Bayesian hypothesistesting areincluded in Jeffreys (1939/1961),
Good (1950, 1965, 1983), Lindley (1957, 1961b, 1965, 1977), Edwards et al. (1963), Pratt
(1965), C. A. B. Smith (1965), Farrell (1968), Dickey (1971, 1974, 1977), Lempers (1971), H.
Rubin (1971), Zellner (1971), DeGroot (1973), Leamer (1978), Box (1980), Shafer (1982b),
Gilio and Scozzafava (1985), A. F. M. Smith, (1986), Berger and Delampady (1987), Berger
and Sellke (1987), Hodges (1990, 1992) and Berger and Mortera (1991a, 1994).

1.5. IMPLEMENTATION ISSUES

Given alikelihood p(x | €) and prior density p(80), the starting point for any form of parametric
inference summary or decision about @ isthe joint posterior density

(] 0)p(0)
o1 = e o)p0)d0
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and the starting point for any predictive inference summary or decision about future observables
y isthe predictive density

ply|z) = / o(y|0)p(6 | ) db.

Itisclear that to form these posterior and predictive densities there is atechnical requirement to
perform integrations over the range of 8. Moreover, further summarisation, in order to obtain
marginal densities, or marginal moments, or expected utilities or losses in explicitly defined
decision problems, will necessitate further integrations with respect to components of 6 or y,
or transformations thereof.

The key problem in implementing the formal Bayes solution to inference reporting or
decision problems is therefore seen to be that of evaluating the required integrals. In cases
where the likelihood just involves a single parameter, implementation just involves integration
in one dimension and is essentially trivial. However, in problems involving a multiparameter
likelihood the task of implementation is anything but trivial, since, if 8 has k components, two
k-dimensional integralsarerequired just toform p(@ | ) and p(y | ). Moreover, in the case of
p(0 | x), for example, k (k —1)-dimensional integralsare required to obtain univariate marginal
density values or moments, (’2“) (k — 2)-dimensional integrals are required to obtain bivariate
marginal densities, and so on. Clearly, if k isat al large, the problem of implementation will, in
genera, lead to challenging technical problems, requiring simultaneous analytic or numerical
approximation of a number of multidimensional integrals.

The above discussion has assumed a given specification of alikelihood and prior density
function. However, asalthough aspecific mathematical formfor thelikelihood in agiven context
is very often implied or suggested by consideration of symmetry, sufficiency or experience,
the mathematical specification of prior densities is typically more problematic. Some of the
problems invol ved—such as the pragmatic strategies to be adopted in tranglating actual beliefs
into mathematical form—relate moreto practi cal methodol ogy than to conceptual and theoretical
issues and will be not be discussed in this monograph. However, many of the other problems
of specifying prior densities are closely related to the general problems of implementation
described above, as exemplified by the following questions:

(i) if theinformation to be provided by the datais known to be far greater than that implicit
in an individua’s prior beliefs, is there any necessity for a precise mathematical repre-
sentation of the latter, or can a Bayesian implementation proceed purely on the basis of
this qualitative understanding?

(ii) either in the context of interpersonal analysis, or as a special form of actual individual
analysis, is there aformal way of representing the beliefs of an individual whose prior
information is to be regarded as minimal, relative to the information provided by the
data?

Question (i) will be answered in Chapter 2, where an approximate “large sample”
Bayesian theory involving asymptotic posterior normality will be presented.

Question (ii) will be answered in in Chapter 3, where the information-based concept of a
reference prior density will be introduced. An extended historical discussion of this celebrated
philosophical problem of how to represent “ignorance” will be given in Chapter 4.
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2. Asymptotic Analysis

We know that in representations of belief models for observables involving a parametric
model p(x | @) and aprior specification p(8), the parameter 6 acquired an operational meaning
as some form of strong law limit of observables. Given observations ¢ = (z1,...,z,), the
posterior distribution, p(8 | ), then describes beliefs about that strong law limit in the light of
theinformation provided by z1, . . ., z,,. Wenow wish to examine various properties of p(0 | )
asthe number of observationsincreases; i.e., asn — oo. Intuitively, wewould hopethat beliefs
about 8 would become more and more concentrated around the “true” parameter value; i.e., the
corresponding strong law limit. Under appropriate conditions, we shall see that thisis, indeed,
the case.

2.1. DISCRETE ASYMPTOTICS

We begin by considering the situation where © = {6, 0-, . . ., } consists of a countable (pos-
sibly finite) set of values, such that the parametric model corresponding to the true param-
eter, 6, is “distinguishable” from the others, in the sense that the logarithmic divergences,
[ p(z]6;)logp(x|6:)/p(x|0;)] dx are strictly larger than zero, for all i # .

Theorem 4. Discrete asymptotics.

Letx = (z1,...,z,) beobservationsfor which the parametric model p(z | 8) isdefined,
where @ € © = {61, 0,, ...}, and the prior p(0) = {p1,p2,...}, i > 0, >, pi = L.
Supposethat 8; € O isthetrue value of 8 and that, for all i # ¢,

/P(-f | 6) log [igi I Z:;] dz > 0;

then
lim p(@;|x) =1, lim p(@;|x) =0, i #1.
n—oo n—oo

Proof. By Bayes' theorem, and assuming that p(x|6) =[]}, p(xi|6),

p(x|6:)
p(x)

_ pif{p(=|6i)/p(x]6:)}
>oipi{p(x]6;)/p(x|6;)}

__exp{logp; + Si}
>_iexp {logp; + S}’

p(0i|x) =

where

p(x;]|6;)
S;i =) log=—L "
Zog .CE]‘et
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Conditional on 8, thelatter isthe sumof n independent identically distributed random quantities
and hence, by the strong law of large numbers,

.1 p(z | 97:)1
lim —5; = x]0¢)lo dx

The right-hand side is negative for all 7 # t, and equals zero for ¢ = t, so that, asn — oo,

Sy — 0and S; — —oo for i # t, which establishes the result.
N

An aternative way of expressing the result of Theorem 3, established for countable ©, is
to say that the posterior distribution function for 8 ultimately degeneratesto astep function with
asingle (unit) step at 8 = 6;. Infact, thisresult can be shown to hold, under suitable regularity
conditions, for much more general forms of ©. However, the proofs require considerable
measure-theoretic machinery and the reader isreferred to Berk (1966, 1970) for details.

A particularly interesting result isthat if the true @ isnot in ©, the posterior degenerates
onto the value in © which gives the parametric model closest in logarithmic divergence to the
true model.

2.2. CONTINUOUS ASYMPTOQOTICS

Let us now consider what can be said in the case of general © about the forms of probability
statements implied by p(@ | ) for large n. Proceeding heuristically for the moment, without
concern for preciseregularity conditions, we notethat, in the case of aparametric representation
for an exchangeable sequence of observables,

p(@|x) x p(@ Hp (z;0)
X exp {10gp( ) +logp(z | 0)} .

If we now expand the two logarithmic terms about their respective maxima, m and 6,,,
assumed to be determined by setting Vlogp(0) = 0, Vlogp(x|0) = 0, respectively, we
obtain

1
log p(8) = log p(my) — 5(9 —mg)'Ho(6 —mg) + Ry
R 1 R R R
lng(iD | 9) = 1ng(CC ’ en) - 5(0 - en)tH<9n)(9 - On) + R’n,;

where R, RR,, denote remainder terms and

([ 9*logp(6) o [ 9%logp(z|6)
HO_(_ 96;00, )‘O_mo H(O”)_<_ 6;00, )’9_97,,'

Assuming regularity conditions which ensure that R, R,, are small for large n, and ignoring
constants of proportionality, we see that

p(6]) o cxp { 56— ma) Ho(6 — ma) — 5(6 - 0,)H(6,)(6 -6,

xexp {50 ma) H,(0 )}
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with

A

Hn = HO + H(en)
my = H (Homo + H(@n)@n) ,

where my (the prior mode) maximises p(6) and 6., (the maximum likelihood estimate) max-
imisesp(x | 0). The Hessian matrix, H (6,,), measuresthelocal curvature of the log-likelihood
function at its maximum, én, and is often called the observed information matrix.

Thisheuristic development thus suggeststhat p(€ | =) will, for largen, tend to resemblea
multivariate normal distribution, Ny (6 | m,,, H,,) whose mean isamatrix weighted average of
aprior (modal) estimate and an observation-based (maximum likelihood) estimate, and whose
precision matrix isthe sum of the prior precision matrix and the observed information matrix.

Other approximations suggest themselves: for example, for large n the prior precision
will tend to be small compared with the precision provided by the data and could be ignored.
Also, since, by the strong law of large numbers, for all i, 7,

_ 1 0?logp(x | 6) , 1< 0?logp(x; | 0)
i {E (_ 860,00, )} = moay l; (‘ 96,00 )

:/p($|0> (—%W) dm

weseethat H(6,,) — nI(8,), where I(6), defined by

(1), = [ n(z10) (—%ﬁ]"’)) .

is the so-called Fisher (or expected) information matrix. We might approximate p(0 | x),
therefore, by either N;.(0 | 0,,, H(6,,)) or N.(0 | 0,,,n1(6,,)), where k isthe dimension of 6.
Inthecaseof # € © C R,

X o2
H(0) = —wlogp(zclﬁ),

so that the approximate posterior variance is the negative reciprocal of the rate of change of
the first derivative of log p( | 8) in the neighbourhood of its maximum. Sharply peaked log-
likelihoods imply small posterior uncertainty and vice-versa.

Thereisalarge literature on the regularity conditions required to justify mathematically
the heuristics presented above. Those who have contributed to the field include: Laplace
(1812), Jeffreys(1939/1961, Chapter 4), LeCam (1953, 1956, 1958, 1966, 1970, 1986), Lindley
(1961b), Freedman (1963b, 1965), Walker (1969), Chao (1970), Dawid (1970), DeGroot (1970,
Chapter 10), Ibragimov and Hasminski (1973), Heyde and Johnstone (1979), Hartigan (1983,
Chapter 4), Bermudez (1985), Chen (1985), Sweeting and Adekola (1987), Fu and Kass (1988),
Fraser and McDunnough (1989), Sweeting (1992) and J. K. Ghosh et al. (1994). Related
work on higher-order expansion approximations in which the normal appears as aleading term
includes that of Hartigan (1965), R. A. Johnson (1967, 1970), Johnson and Ladalla (1979) and
Crowder (1988). The account given below is based on Chen (1985).

In what follows, we assume that & € © C R* and that {p,(0),n = 1,2,...} isa
sequence of posterior densities for 0, typically of the form p,,(0) = p(0 | x1, ..., ), derived
from an exchangeable sequence with parametric model p(x | @) and prior p(@), athough the
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mathematical development to be given does not reguire this. We define L,,(0) = log p,,(0),
and assume throughout that, for every n, there is a strict local maximum, m,,, of p, (or,
equivaently, L,) satisfying:

L%("’nn) = VLn<0) 0

and implying the existence and positive-definiteness of
Yy = (_L;;(mn))_l s

where [Lg(mn)]w = (82Ln(0>/89i69]’) yezmn.

Defining |0 | = (0'0)'/% and B5(6*) = {0 € ©; |0 — 8" | < &}, we shall show that
the following three basic conditions are sufficient to ensure a valid normal approximation for
pr (@) inasmall neighbourhood of m,, asn becomes large.

(cl) “Steepness’. 72 — 0 asn — oo, where 72 isthe largest eigenvalue of %,,.
(c2) *“Smoothness’. For any € > 0, thereexists N and 6 > 0 such that, for any n > N and
0 € Bs(m,,), L!(0) exists and satisfies
I—A(e) < Ly(0){L"(m,)} " < I+ Afe),
where I isthe k x k identity matrix and A(e) isak x k symmetric positive-semidefinite
matrix whose largest eigenvalue tendsto zero ase — 0.

(c3) “Concentration”. For any § > 0, fBé(mn)pn(é})dO — lasn — co.

Essentially, we shall see that (c1), (c2) together ensure that, for large n, inside a small
neighbourhood of m,, the function p,, becomes highly peaked and behaveslike the multivariate
normal density kernel exp{—1% (8 — m,,)' £,! (8 — m,,)}. Thefina condition (c3) ensures
that the probability outside any neighbourhood of m,, becomes negligible. We do not require
any assumption that the m,,, themselves converge, nor do we need to insist that m,,, be aglobal
maximum of p,. We implicitly assume, however, that the limit of p,(m,,) |2, | '/? exists as
n — oo, and we shall now establish abound for that limit.

Theorem 5. Bounded concentration.
The conditions (c1), (c2) imply that

Hm pp(my) |Zn]'? < (20) 7572,
n—od

with equality if and only if (c3) holds.

Proof. Givene > 0, consider n > N and § > 0 asgivenin (c2). Then, for any 8 € Bs(m,,),
asimple Taylor expansion establishes that

Pn(0) = pp(my) exp {Ly(0) — Ly(my)}

= pp(m,) exp {—%(0 —my,) (I + Rn)Egl(O — mn)} ,

where
R, = L (06"){L;(m,)} '(m,) - I,
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for some 87 lying between 6 and m,,,. 1t follows that

Pn(5> - / pn(H)dO
Bs (1)

is bounded above by
PH(8) = pu(mn) | Su | V2| I — A(e) |12 /z exp {~12'z) dz
<sn
and below by
P (6) = pa(my) | 3, | 1/2 | I+ A(e) | —1/2 /lz t exp {—%ztz} dz,
<tn

where s, = 6(1 — a(e))'/? /g, and t, = 6(1 + a(€))/?/7,, witha2 (¢2) and a(e)(a(e)) the
largest (smallest) eigenvalues of 3, and A(e), respectively, since, for any k£ x k matrix V/,

By :(0) € {2 (2'V2)'/? < 8} € By (0),

where V7~ (V2) are the largest (smallest) eigenvalues of V.
Since (c1) impliesthat both s,, and ¢,, tend to infinity asn — oo, we have

1T — A(=)[V? lim P,(8) < lim pp(my)|S,|"?(2m)"/?
< I+ A(e)|'/? lim P, (9),

and the required inequality followsfromthefact that |[I + A(e)| — 1ase — 0and P,(6) < 1
for al n. Clearly, we have equality if and only if lim,,_., P,(d) = 1, whichis condition (c3).
q

We can now establish the main result, which may colloquialy be stated as “6 has an
asymptotic posterior N, (8|m,,, ¥ 1) distribution, where L/ (m,,) = 0and 2} = —L" (m,,).”

Theorem 6. Asymptotic posterior normality.

For each n, consider p,,(-) as the density function of a random quantity 6,,, and define,

¢, = X 1/ 2‘(1971 — my,,). Then, given (cl) and (c2), (c3) is a necessary and sufficient

conditionfor ¢, toconvergeindistributionto ¢, wherep(¢p) = (27) %2 exp { — o' }.
Proof. Given (c1) and (c2), and writing b > a, for a, b € R¥, to denote that all components of
b— a arenon-negative, it sufficesto show that, asn — oo, P,(a < ¢,, < b) — P(a < ¢ < b)
if and only if (c3) holds.

We first note that

Pia<é,<b)= [ plo)ib,

On

where, by (cl1), for any § > 0 and sufficiently large n,

0, — {0; sV2a < (6 —my) < 2}/%} C Bs(mn).
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It then follows, by a similar argument to that used in Theorem 5, that, for any € > 0,
P,(a < ¢,, < b) isbounded above by

P(ma) |1~ A E M [ exp {~datz}dz,
Z(e)

3

where
Z(e) = {z; I— A@E)?a<z<[I- A@)? b} ,

and is bounded below by a similar quantity with +A(e) in place of —A(e).
Given (cl), (c2), ase — 0 we have

lim P,(a < ¢, <b) = lim p,(my,) |3, | 1/2/ exp {—%ztz} dz,

n—oo

where Z(0) = {z;a < z < b}. Theresult follows from Theorem 5.
q

Conditions(cl) and (c2) areoftenrelatively easy to check in specific applications, but (c3)
may not be so directly accessible. It is useful therefore to have available alternative conditions
which, given (cl), (c2), imply (c3). Two such are provided by the following:

(c4) For any 6 > 0, there existsaninteger N and ¢, d € " such that, for any n > N and
0 ¢ Bs(my),

Lo(0) = Ly(my) < —c{(0 — m,)'s, (0 — m,) ).

(c5) As(c4), but, with G(0) = log ¢g(0) for some density (or normalisable positive function)
g(0) over ©,

Lp(0) — Ly(my) < —c|Sa| "%+ G(6).

Theorem 7. Alternative conditions.
Given (cl), (c2), either (c4) or (c5) implies (c3).

Proof. It isstraightforward to verify that
/ po(6)40 < pulm) [, [ exp {etatz) )z,
given (c4), and similarly, that

/ po(6)d6 < py(m) 8,77 |97 exp { e 3,7}
©—Bg(MMn)

given (c4). Since p,(m.,) | %, | /2 is bounded and the remaining terms or the right-hand side
clearly tend to zero, it follows that the left-hand side tendsto zero asn — oc.
<
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To understand better the relative ease of checking (c4) or (c5) in applications, we note
that, if p,,(0) is based on data x,

L, (0) =logp(0) +logp(x | 6) — log p(z),

so that L,,(0) — L,(m,,) does not involve the, often intractable, normalising constant p(x).
Moreover, (c4) does not even require the use of a proper prior for the vector 6.

We shall illustrate the use of (c4) for the general case of canonical conjugate analysisfor
exponential families.

Theorem 8. Asymptotic normality under conjugate analysis.
Suppose that y4, .. .,y, are data resulting from a random sample of size n from the
canonical exponential family form

p(y|¥) = aly) exp {y'p —b(¢) }
with a prior density of the form
p(t |10, y0) = c(no, yo) exp {noyoy — nob(e)},
i.e., itscanonical conjugate. For each n, consider the corresponding posterior density
() = p(¥ | no + n, noyy + ny,,),

withy,, = > | y,;/n, to be the density function for a random quantity +,,, and define
¢, = Zn 2 (1, — b/ (m,,)), where

‘ _ oY + 1Y,
P=my, no+n

b (m,) = Vb

(b"(mn,))ij (g;a%) ‘77/) - = (no +n) (2;1)”.

Then ¢,, convergesin distribution to ¢, where

p(¢) = (2m) " exp {—Lo'0} .

Proof. Colloguially, we haveto prove that 1) has an asymptotic posterior Ny, (v | b'(m,,), S, 1)
distribution, where b’ (m,,) = (ng +n) ' (noyo +ny,) and =t = (ng +n)~'b"(m,,). From
amathematical perspective,

Pa(t) o< exp {(no +n)h(4)},

where h(1)) = [b'(m,,)]'p — b(p), with b(1p) acontinuously differentiable and strictly convex
function. It followsthat, for each n, p,, (1) isunimodal with amaximum at ¢» = m,, satisfying
Vh(m,) = 0. By the strict concavity of h(-), forany 6 > 0 and § ¢ Bs(m,,), we have, for
some v between 1 and m,,,, with angle 6 between ) — m,, and Vh( "),

h(¥) — h(my) = (Y — my,) ' Vh(p)
= |¢ —my | ‘Vh(d)Jr) | cos 0
< —c | "/) —my ‘ ,
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for ¢ = inf { | Vh(y") |;9 & Bs(my,)} > 0. It follows that

Lp(¢) = Lp(my) < —(ng +n) | ¢ —m, |

< —e {(® —m)'s, (- m)}
where c; = cA~!, with \? the largest eigenvalue of b”(m.,), and hence that (c4) is satisfied.
Conditions (cl), (c2) follows straightforwardly from the fact that
(no +n)%, ! = b"(my),
Ly () {Ly(m)} " = b" () {b"(mn)}
the latter not depending on ng + n, and so the result follows by Theorems 6 and 7.
q

Example 4. (Continued). Suppose that Be(f | o, 3,,), Where o, = o + 1, @nd 3, =
B+ n — ry, isthe posterior derived from n Bernoulli trialswith r,, successesand aBe(f | «, 3)
prior. Proceeding directly,

Ly (0) = logpn(0) = log p(x | 0) + log p(6) — log p(x)
= (an - 1) log 6 + (571 - 1) log(l - 0) - logp(a:)

so that
L;L(Q) _ (Oéne— 1) . (ﬁln_—gl)
and
e =2
It follows that
T R e

Condition (c1) is clearly satisfied since (—L! (m,,))~! — 0 asn — oo; condition (c2) follows
from the fact that L!/(6) is a continuous function of #. Finaly, (c4) may be verified with an
argument similar to the one used in the proof of Theorem 6.
Taking a = (8 = 1 for illustration (i.e., auniform prior density), we see that
Tn / 4 1 7 Tn
Mn = (=La(ma)) n n(l n>'
and hence that the asymptotic posterior for 6 is

sl fze-m))

(Asan aside, we note the interesting “duality” between this asymptotic form for 6 given n, r,,,
and the asymptotic distribution for r,,/n given 6, which, by the central limit theorem, has the

form
N (%” 0, {%0(1 - 9)}_1> |
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2.3. ASYMPTOTICS UNDER TRANSFORMATIONS

The result of Theorem 8 is given in terms of the canonical parametrisation of the exponential
family underlying the conjugate analysis. This prompts the obvious question as to whether the
asymptotic posterior normality “carries over”, with appropriate transformations of the mean
and covariance, to an arbitrary (one-to-one) reparametrisation of the model. More generally,
we could ask the same question in relation to Theorem 6. A partial answer is provided by the
following.

Theorem 9. Asymptotic normality under transformation.

With the notation and background of Theorem 6, suppose that & has an asymptotic
N (8|m,, 2 1) distribution, with the additional assumptions that, with respect to a
parametric model p(x|6), 72 — 0 and m,, — 6 in probability, and 52 = O,(c?),
where 52 (o2) is the largest (smallest) eigenvalue of 2. Then, if v = g(0) isa
transformation such that, at @ = 6,

_ 0g(6)
isnon-singular with continuous entries, v has an asymptotic distribution
Ne (v | g(ma). [Tg(m) ST (ma)] ™)

Proof. Thisisageneralization and Bayesian reformulation of classical results presented
in Serfling (1980, Section 3.3). For details, see Mendoza (1994).
<

For any finite n, the adequacy of the normal approximation provided by Theorem 9 may
be highly dependent on the particular transformation used. Anscombe (1964a, 1964b) analyses
the choice of transformations which improve asymptotic normality. A related issue is that of
sel ecting appropriate parametrisations for various numerical approximation methods (Hillsand
Smith, 1992, 1993).

The expression for the asymptotic posterior precision matrix (inverse covariance matrix)
given in Theorem 9 is often rather cumbersome to work with. A simpler, alternative formis
given by the following.

Corollary 1. Asymptotic precision after transformation.
In Theorem 9, if H,, = X! denotes the asymptotic precision matrix for 6, then the
asymptotic precision matrix for v = g(0) hasthe form

T 1 (g(mn)) Hnd g-1(g(mn)),

where

is the Jacobian of the inverse transfor mation.
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Proof. Thisfollowsimmediately by reversing of therolesof 8 and v.
<

In many applications, we simply wish to consider one-to-one transformations of asingle
parameter. The next result providesaconvenient summary of the required transformation result.

Corollary 2. Asymptotic normality after scalar transformation.

Suppose that given the conditions of Theorems 6, and 9 with scalar ¢, the sequence m,,
tendsin probability to 6, under p(x|6y), andthat L! (m,,) — 0inprobabilityasn — oo.
Then, if v = ¢(#) issuch that ¢'(8) = dg(6)/ df is continuous and non-zero at 6 = 6,
the asymptotic posterior distribution for v is

N(lg(man), =Ly (ma)[g' (m)] ).

Proof. The conditions ensure, by Theorem 6, that 6 has an asymptotic posterior distri-
bution of the form N(8|m,,, —L!"(m,,)), so that the result follows from Theorem 9.
q

Example 4. (Continued). Suppose, again, that Be(d | v, 5,,), where a, = a + 1,, and
Bn = B+ n — ry, isthe posterior distribution of the parameter of a Bernoulli distribution after
n trials, and suppose now that we are interested in the asymptotic posterior distribution of the
variance stabilising transformation

v=g(0) =2sin"' V0.

Straightforward application of Corollary 2 to Theorem 9, leads to the asymptotic distribution

N(v|2sin~(\/rn/n),n).

[]

Itisclear fromthepresenceof theterm [¢'(1m,,)] 2 intheform of theasymptotic precision
given in Corollary 2 to Theorem 9 that things will go wrong if ¢'(m,,) — 0 asn — oo. This
is dealt with in the result presented by the requirement that ¢'(6y) # 0, where m,, — 6, in
probability. A concreteillustration of the problems that arise when such a condition is not met
is given by the following.

Example 5. Non-normal asymptotic posterior. Suppose that the asymptotic posterior
for a parameter € R is given by N(0|z,,,n), nz, = x1 + - - - + x,,, perhaps derived from
N(z;|60,1), ¢ = 1,...,n, with N(0|0, \), having A ~ 0. Now consider the transformation
v = g(0) = 62, and suppose that the actual value of § generating the x; through N(z;|0, 1) is
0 =0.

Intuitively, it is clear that v cannot have an asymptotic normal distribution since the
sequence z2 is converging in probability to 0 through strictly positive values. Technically,
¢'(0) = 0 and the condition of the corollary is not satisfied. In fact, it can be shown that the
asymptotic posterior distribution of nv isy? in this case.

[l
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One attraction of the availability of the results given in Theorem 9 and its corollary
is that verification of the conditions for asymptotic posterior normality (as in, for example,
Theorem 6) may be much more straightforward under one choice of parametrisation of the
likelihood than under another. The result given enables usto identify the posterior normal form
for any convenient choice of parameters, subsequently deriving the form for the parameters of
interest by straightforward transformation. Anindication of the usefulness of thisresult isgiven
in the following example (and further applications can be found in Chapter 3).

Example 6. Asymptotic posterior normality for aratio. Supposethat we have arandom
sample zy, . .., z, from the model,

p(x|61) = ][ N(il61, 1),
i=1

with prior p(6;) = N(61|0, A1), and, independently, another random sample y1, - - -, y,, from
the model

p(y|62) = [ N(y;161,1)
j=1
with prior p(62) = N(62/|0, A2), and let us further supposethat A; ~ 0, A2 ~ 0 and 62 # 0. We
are interested in the posterior distribution of ¢; = 0, /62 asn — .
First, wenotethat, for largen, itisvery easily verified that thejoint posterior distribution
for @ = (0, 02) isgiven by

(0] (o) (6 )y

wherenz, = x1+- - -+, Ny, = y1+- - - +yn. Secondly, wenotethat the marginal asymptotic
posterior for ¢; can be obtained by defining an appropriate ¢2 such that (61, 602) — (¢1, ¢2) is
a one-to-one transformation, obtaining the distribution of ¢ = (¢, ¢2) using Theorem 9, and
subsequently marginalising to ¢ .

An obvious choice for ¢z is ¢2 = 69, so that, in the notation of Theorem 9, g (61, 62) =

(¢1, ¢2) and
L AR
Z 2
Jg@) =105 o0y |=| > "]
0, 00y 0 1
The determinant of this, 6, 1 isnon-zerofor 6, # 0, and the conditions of Theorem 9 are clearly
satisfied. It follows that the asymptotic posterior of ¢ is

() () v (1 S)).

so that the required asymptotic posterior for ¢; = 61 /6, is

= ~2
:UTL 92 yn

N (¢1 Un ny <_ Y )) ‘
Yn " w% + y%

Any reader remai ning unappreciative of the simplicity of the above analysismay careto examine
the form of the likelihood function, etc., corresponding to an initial parametrisation directly in
terms of ¢1, ¢, and to contemplate verifying directly the conditions of Theorem 6 using the
o1, P2 parametrisation.

[]
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3. Reference Analysis

In Chapter 2, we have examined situationswhere datacorresponding to large samplesizes
cometo dominate prior information, leading to inferenceswhich are negligibly dependent onthe
initial state of information. We now turn to consider specifying prior distributionsin situations
whereitisfelt that, even for moderate samplesizes, the data shoul d be expected to dominate prior
information because of the “vague’ nature of the latter. However, the problem of characterising
a “non-informative” or “objective’ prior distribution, representing “prior ignorance”, “vague
prior knowledge” and “letting the data speak for themselves’ is far more complex than the
apparent intuitive immediacy of these words and phrases would suggest.

In Chapter 4, we shall provide a brief review of the fascinating history of the quest for
this“baseline”, limiting prior form. Itisimportant however to begin by making clear that “ mere
words’ are an inadequate basis for clarifying such a slippery concept. Put bluntly: data cannot
ever speak entirely for themselves; every prior specification has some informative posterior or
predictive implications; and “vague” isitself much too vague an ideato be useful. Thereisno
“objective’ prior that represents ignorance. On the other hand, we all recognise that thereisa
pragmatically important need for aform of prior to posterior analysis capturing, in some well-
defined sense, the notion of the prior having a minimal effect, relative to the data, on the final
inference. Such areference analysis might be required as an approximation to actual individual
beliefs; more typicaly, it might be required as alimiting “what if?" baseline in considering a
range of prior to posterior analyses, or as a default option when there are insufficient resources
for detailed elicitation of actual prior knowledge.

The setting for our development of such areference analysiswill be the general decision-
theoretic framework, together with the specific information-theoretic tool s that have emerged as
key measures of the discrepancies (or “ distances’) between probability distributions. From the
approach we adopt, it will be clear that the reference prior component of the analysisis simply
a mathematical tool. It has considerable pragmatic importance in implementing a reference
analysis, whose role and character will be precisely defined, but it isnot aprivileged, “ uniquely
non-informative’ or “objective” prior. Its main use will be to provide a*conventional” prior,
to be used when a default specification having a claim to being non-influential in the sense
described above is required. We seek to move away, therefore, from the rather philosophically
muddled debates about “prior ignorance” that have all too often confused these issues, and
towards well-defined decision-theoretic and information-theoretic procedures.

3.1. REFERENCE DECISIONS

Consider a specific form of decision problem with possible decisionsd € D providing possible
answers, a € A, to an inference problem, with unknown state of the world w = (w1, w2),
utilities for conseguences (a,w) given by u(d(w;1)) = u(a,w;) and the availability of an
experiment e which consists of obtaining an observation « having parametric model p(x | w2)
and aprior probability density p(w) = p(w; |w2)p(w2) for the unknown state of the world, w.
This general structure describes a situation where practical consequences depend directly on
the w; component of w, whereas inference from data x € X provided by experiment e takes
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place indirectly, through the wy component of w asdescribed by p(w; | ws). If w; isafunction
of wy, the prior density is, of course, simply p(w2).

To avoid subscript proliferation, let us now, without any risk of confusion, indulgein a
harmless abuse of notation by writing w; = w, w2 = 6. This both simplifies the exposition
and has the mnemonic value of suggesting that w is the state of the world of ultimate interest
(since it occurs in the utility function), whereas 6 is a parameter in the usual sense (since it
occurs in the probability model). Often w is just some function w = ¢(0) of 6; if w is not
a function of 8, the relationship between w and 6 is that described in their joint distribution
p(w,0) = p(w|0)p(0).

Now, for given conditional prior p(w | @) and utility function u(a, w), let us examine, in
utility terms, the influence of the prior p(0), relative to the observational information provided
by e. We note that if a; denotes the optimal answer under p(w) and a), denotes the optimal
answer under p(w | x), then the expected (utility) value of the experiment e, given the prior

p(0),is

vale, p(8)} = / p(@) / p(w | @) u(a’, w) dw das — / p(w) ulal, w) dw,
since
/p(m)/u(ag,w)p(wlm)dwdm = /p(w)u(a(’g,w) dw,
where, assuming w isindependent of «, given @,

p(x|0)p(w|6)
p(x)

pw) = [ Op(6) 8. pw|e)= [ p(6) do

and
p(z) = / p(z| 0)p(6) 6.

If e(k) denotes the experiment consisting of & independent replications of e, that is yielding
observations{xi, . .., x; } withjoint parametric model Hle p(x; | 0),thenv,{e(k),p(0)}, the
expected utility value of the experiment e(k), has the same mathematical form as v, {e, p(0)},
butwithe = (x1,...,x;)andp(x | 0) = Hf’zlp(mi | @). Intuitively, at leastinsuitably regular
cases, as k — oo we obtain, from e(c0), perfect (i.e., complete) information about 8, so that,
assuming the limit to exist,

vule(00), p(O)} = Tim vide(k), p(6)}

is the expected (utility) value of perfect information, about 8, given p(9).

Clearly, themorevaluabletheinformation containedin p(8), thelesswill bethe expected
value of perfect information about 6; conversely, the less valuable the information contained
in the prior, the more we would expect to gain from exhaustive experimentation. This, then,
suggests a well-defined “thought experiment” procedure for characterising a*“minimally valu-
ableprior”: choose, from the class of priors which has been identified as compatible with other
assumptions about (w, 0), that prior, 7(8), say, which maximises the expected value of perfect
information about 8. Such aprior will be called au-reference prior; the posterior distributions,

T(w|x) = /p(w |0)7 (6| x)dO
m(8|x) o p(a | 0)m(6)
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derived from combining 7(0) with actual data x, will be called u-reference posteriors; and the
optimal decision derived from 7(w | ) and u(a, w) will be called a u-reference decision.

It is important to note that the limit above is not taken in order to obtain some form of
asymptotic “approximation” to reference distributions; the “exact” reference prior isdefined as
that which maximises the value of perfect information about 8, not as that which maximisesthe
expected value of the experiment.

Example 7. Prediction with quadratic loss. Suppose that a sequence of n observables,
x = (1,...,Ty), iISassumed to be arandom sample of sizen from an N (z | i, ) parametric
model, with known precision A, and that a prior for y is selected from the class

{N (k| pos Xo)s  po € R, Ao > 0}

Assuming a quadratic loss function, the decision problem is to provide a point estimate for
Tn+l, givenzy, ..., x,. Weshall derive areference analysisof this problem, for which A = R,
W = xpt1, and 6 = pu. Moreover,

n

u(a,w) = —(a—zp11)%, pla]8) =[] NwiluN)
i=1

and, for given pg, Ao, we have

p(w,0) = p(zni1, p) = p(@ps1 | )p(p) = N(zni1 [ 1, AN (1] o, Ao)-

For the purposes of the “thought experiment”, let z;, = (x1,...,x;) denote the (imagined)
outcomes of k replications of the experiment yielding the observables (x1, ..., zy,), sy, and
let us denote the future observation to be predicted (xy,,. 1) sSimply by z. Then

oule), Nl o, )} = = [ () int [ ple]20)(a — o)*dudz,
+ il;lf/p(x)(a — z)%d.

However, we know from Theorem 2 that optimal estimates with respect to quadratic loss func-
tions are given by the appropriate means, so that

ou{e(k), N (| o, ho)} = / p(z)Ve | zildzy + Va]
= Viz| 2]+ Vial,

since, by virtue of the normal distributional assumptions, the predictive variance of x given zj,
does not depend explicitly on z;. In fact, straightforward manipulations reveal that

vy{e(00), N (] pos Ao)} = kh_{glo vufe(k), N(p| po, Ao)}
= Tim {— A7V Qo+ EaN) T+ T A0 D ) = 40

k—o0
so that the u-reference prior corresponds to the choice Ao = 0, with y arbitrary.
Thus, given actual datax = {x1,...,x,}, the u-reference decision, i.e, the reference
prediction of the next observation under squared error loss, is simply the sample mean 7.
[l
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Example 8. Variance estimation. Suppose that x = {z1,...,z,} isassumed to be a
random sample from N (z | 0, \), and that the prior for X is selected form the class of gamma
distributions centred on Ao, so that p(\) = Ga(\ | a, Xy '), @ > 0. Thedecision problemisto
provide apoint estimate for 2 = \~!, assuming a standardised quadratic |oss function, so that

2
(e _202)] = —(aX — 1)

g

u(a,0?) = — {

Thus, wehave A = R+, 0 = \, w = 02, and

n
p(x, ) = HN('% 10, \) Ga(\ | a, g ).
i=1

Let z; = {x1,...,x;} denote the outcome of k replications of the experiment. Then

0ufel) 0} == [ Bz int [ b\ 20) (ar ~ P drday

- i]gf/p()\) (aX —1)%d),

where
k kns?
p(N) = GalA | a, a1, p(Ayzk)zea(Aya+7",aAgl+ e )
2 _ 2 ;
and kns” =3, > x7;. Since
1
. 2 _ ’
1ralf/Ga()\\oz,ﬁ)(a)\ 2ar = —

and thisis attained when a = 3/(« + 1), one has

vu{e(o0), p(A)} = klggo vu{e(k), p(A)}

1 1 1
— lim 4 — - :
kggo{ 1+oz—|—(k:n)/2+1+a} 1+«

This is maximised when o = 0 and, hence, the u-reference prior corresponds to the choice
a = 0, with \g arbitrary. Given actual data, x = (z1,. .., z,), the u-reference posterior for
AisGa(A|n/2,ns%/2), wherens? = Y, 22 and, thus, the u-reference decision is to give the
estimate
% ns®/2  Ya?

(n/2)+1 n+2

Hence, the reference estimator of o with respect to standardised quadratic lossis not the usual
s2, but adightly smaller multiple of s2.

It is of interest to note that, from a frequentist perspective, 52 is the best invariant
estimator of o2 and is admissible. Indeed, 62 dominates s> or any smaller multiple of s2 in
terms of frequentist risk (cf. Example 45 in Berger, 1985a, Chapter 4). Thus, the u-reference
approach has led to the “correct” multiple of s as seen from afrequentist perspective.

H
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Explicit reference decision analysisis possible when the parameter space isfine, so that
© ={6,,...,60)}. Inthis case, the expected value of perfect information may be written as

vu{e(oo }—Zp sup u(d —supr

andtheu-referenceprior, whichisthat 7 (6) which maximisesv, {e(c0), p(#) }, may beexplicitly
obtained by standard algebraic manipulations. For further information, see Bernardo (1981a)
and Rabena (1998).

3.2. ONE-DIMENSIONAL REFERENCE DISTRIBUTIONS

It is known (Bernardo, 1979a) that reporting beliefs is itself a decision problem, where the
“inference answer” space consists of the class of possible belief distributions that could be
reported about the quantity of interest, and the utility function is a proper scoring rule which—
in pure inference problems—may be identified with the logarithmic scoring rule.

Our development of reference analysis from now on will concentrate on this case, for
which we simply denote v, {-} by v{-}, and replace the term “u-reference” by “reference’.

In discussing reference decisions, we have considered a rather general utility structure
where practical interest centred on aquantity w related to the 8 of an experiment by aconditional
probability specification, p(w | @). Here, weshall consider the casewherethequantity of interest
isf itself, with# € © C R. More general caseswill be considered later.

If an experiment e consists of an observation = € X having parametric model p(x | 6),
withw =60, A = {q(-);¢(#) > 0, 5 q(8)de = 1} and the utility function is the logarithmic
scoring rule

u{q(-),0} = Alogq(0) + B(0),

the expected utility value of the experiment e, given the prior density p(0), is

v{e,p(B)} = / / ulas(-), 0}p(6 | z) dbda — / ulao (). 0} p(6) db

where go(+), ¢.(-) denote the optimal choices of ¢(-) with respect to p(#) and p(0 | x), respec-
tively. Noting that the logarithmic scoring rule u{q(-),0} = Alogq(f) + B(0), is a proper
scoring rule, so that, for any p(6),

sup / w{q(), 0}p(0) db = / ulp().0)p(0) db

q

itiseasily seen that

0|x
olep®) x [ pla) [ p0)12)106 ™) b dw = (e, p0)
so that, with this utility function, the value to be expected from the experiment e becomes
proportional to the amount information about & which e may be expected to provide.
The corresponding expected information from the (hypothetical) experiment e(k) yield-
ing the (imagined) observation z;, = (1, . .., x;) with parametric model

p(zr|0) = prl|9
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isgiven by

(0] =

I{e(k), p(6)} = / p(1) / p(6]21) 1ong9)k> dbdz).

and so the expected (utility) value of perfect information about 6 is
I{e(o0). p(6)} = lim I{e(k),p(0)},

provided that this limit exists. This quantity measures the missing information about 6 as a
function of the prior p(9).

The reference prior for 6, denoted by = (6), is thus defined to be that prior which max-
imises the missing information functional. Given actual data x, the reference posterior 7 (6 | x)
to be reported is simply derived from Bayes' theorem, as (0 | ) o p(x | 6)7(0).

Unfortunately, lim;, ., I{e(k), p(0)} istypically infinite (unless # can only take afinite
range of values) and adirect approach to deriving 7r(#) along these lines cannot beimplemented.
However, a natural way of overcoming this technical difficulty is available: we derive the
sequence of priors m;(0) which maximise I{e(k),p(0)},k = 1,2, ..., and subsequently take
m(0) to be asuitable limit. This approach will now be developed in detail.

Let e be the experiment which consists of one observation « from p(x | 6),0 € © C R.
Supposethat weareinterested in reporting inferencesabout 6 and that no restrictionsareimposed
on the form of the prior distribution p(0). It is easily verified that the amount of information
about 6 which & independent replications of e may be expected to provide may be rewritten as

{e(k),p(6)} = / de
where
7i(6) = exp { [ piac10y 10800 zk>dzk}
and zj, = {x1, ..., x;} isapossible outcome from e(k), so that

k
p(0] z) o< [ [ p(=i | 0)p(6)

=1

is the posterior distribution for 0 after z; has been observed. Moreover, for any prior p(0)
one must have the constraint [ p(0) df = 1 and, therefore, the prior 7;,(0) which maximises
I%{e(k), p(6)} must be an extremal of the functional

Fip()} = / )log 9)>d9+/\{/p(9)d9—1}.

Since thisis of the form F{p(-)} = [ g{p(:)} df, where, as a functional of p(-), g is twice
continuoudly differentiable, any function p(-) which maximises F' must satisfy the condition

=0, fordlr

e=0

L P(p() +er())

It follows that, for any function 7,

[ {r@ 108 16) + £ 110) = 7(6) 1+ 0wp(6) + 70)2 a0 =
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where, after some algebra,

e=0

yon O p(z|0){p(0) +e7(0)}
10 = g | [ pies 0110 To(zc [6)(p(6) + =7 (6)} 7' }

= fk(@%'

Thus, the required condition becomes

/7’(0) {log f1(0) — logp(0) + A} d0 =0, foral 7(0),
which implies that the desired extremal should satisfy, for al 6 € ©,

log fx(0) —logp(8) + A =0
and hence that p(0) x f5(0).

Notethat, for each k, thisonly providesanimplicit solution for the prior which maximises
I%{e(k),p(0)}, since f,(0) depends on the prior through the posterior distribution p(f | z;,) =
p(@|xy,...,x;). However, for large values of k, an asymptotic approximation, p*(0 | zx), say,
may befound to the posterior distribution of ¢, whichisindependent of theprior p(6). It follows
that, under suitable regularity conditions, the sequence of positive functions

pr(0) = exp {/p(zk | 6) log p* (6 | zk)dzk}
will induce, by formal use of Bayes' theorem, a sequence of posterior distributions

(0| ) oc p(a | 0)p;.(0)

with the same limiting distributions that woul d have been obtained from the sequence of posteri-
ors derived from the sequence of priors 7, (#) which maximise I? {e(k), p(6)}. This completes
our motivation for Definition 6. For further information see Bernardo (1979b) and ensuing
discussion. For a concise introduction to these ideas, see Bernardo (1997a) and Bernardo and
Ramon (1998).

Definition 6. One-dimensional reference distributions.
Let = be the result of an experiment e which consists of one observation from

plx|d),r e X, 0O CR,
let z;, = {x; ..., x;} betheresult of k£ independent replications of e, and define
fr(0) =exp {/p(zk | 6)log p* (0] zk)dzk} ,

where

k
* = T 0
J I p(zi [ 0) do
The reference posterior density of 0 after  has been observed, 7 (6 | ), is defined to be
the limit in the convergence of information sense of

me(0 | x) = cr(x)p(x | 0) f1:(0),
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where ci.(x)’s are the required normalising constants, assuming the limit to exist, i.e,
such that, for all € X,

lim [ m,(0]x)log (0] )

e 0]z PO

Any positive function () such that, for somec(x) > 0andall € ©,
m(0 @) = c(z) p(z | ) 7(6)

will be called areference prior for # relative to the experiment e.

It should be clear from the argument which motivates the definition that any asymptotic
approximation to the posterior distribution may be usedin place of the asymptotic approximation
p*(0 | z;,) defined above. The use of convergence in the information sense, the natural conver-
gence in this context, rather than just pointwise convergence, is necessary to avoid possibly
pathologica behaviour; for details, see Berger and Bernardo (1992c).

Although most of the following discussion refers to reference priors, it must be stressed
that only reference posterior distributions are directly interpretable in probabilistic terms. The
positive functions(#) are merely pragmatically convenient toolsfor the derivation of reference
posterior distributions via Bayes' theorem. An explicit form for the reference prior isimmedi-
ately available from Definition 7, and it will be clear from later illustrative examples that the
forms which arise may have no direct probabilistic interpretation.

We should stress that the definitions and “ Theorems’ in this section are by and large
heuristic in the sense that they are lacking statements of the technical conditions which would
make the theory rigorous. Making the statements and proofs precise, however, would require
adifferent level of mathematics from that used in this monograph, and is still an active area of
research. Thereader interested in the technicalitiesinvolved isreferred to Berger and Bernardo
(1989, 19923, 1992b, 1992¢) and Berger et al. (1989); see, also, Bernardo (1997a) and Bernardo
and Ramon (1998).

Theorem 10. Explicit form of the reference prior.

Areference prior for 6 relative to the experiment which consists of one observation from
p(x|0),z € X,0 € © CR,isgiven, provided the limit exists, and convergence in the
information senseis verified, by

w(0) = ¢ lim Je(6)

, feO

wherec > 0, 6y € O,
50 =exp { [ ptes10) 1080 (0 1)z}
with z, = {x1,...,x;} arandomsamplefromp(x | 0), and p*(0 | z}.) isan asymptotic

approximation to the posterior distribution of 6.
Proof. Using 7(6) asaformal prior,

x) x plx|d)m(f) x p(x im f]:(e)oc im p(m|9)f,j(0) ,
(0 |2) o ple | )m(0) o pler | 0) Jim 205 o Jim R
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and hence
m(0]x) = lim my(0]x), m(60]2) o p(z|6)/;(6)

asrequired. Note that, under suitable regularity conditions, the limits above will not depend on
the particular asymptotic approximation, as k — oo to the posterior distribution used to derive

fi(0).

N

If the parameter space isfinite, it turns out that the reference prior is uniform, indepen-
dently of the experiment performed.

Theorem 11. Reference prior in thefinite case. Let « be the result of one observation
fromp(x | 0), whered € © = {01, ...,0,}. Then, any function of the form = (6;) = a,
a>0,1=1,...,M,isareference prior and the reference posterior is

w(0;|x) = c(x)p(x|6;), i=1,...,.M

where ¢(x) isthe required normalising constant.

Proof. We have already established (Theorem 4) that if © isfinitethen, for any strictly positive
prior, p(0; | x1, ..., x;) will convergeto 1 if 0; isthetruevalue of 6. It follows that the integral
in the exponent of

ey =exp { [ pian 8 logp(es )z i =1,
will convergeto zero as k — oo. Hence, areference prior is given by

N~ i J2(0)
m(6i) = o, fe(8;)

The general form of reference prior follows immediately.

= 1.

<

The preceding result for the case of afinite parameter space is easily derived from first
principles. Indeed, in this case the expected missing information isfinite and equal s the entropy

H{p(0) Zp ) log p(6;

of the prior. Thisismaximised if and only if the prior is uniform.

The technique encapsulated in Definition 6 for identifying the reference prior depends
on the asymptotic behaviour of the posterior for the parameter of interest under (imagined)
replications of the experiment to be actually analysed. Thusfar, our derivations have proceeded
on the basis of an assumed single observation from a parametric model, p(x | 6). The next
Theorem establishes that for experiments involving a sequence of n > 1 observations, which
are to be modelled as if they are a random sample, conditional on a parametric model, the
reference prior does not depend on the size of the experiment and can thus be derived on the
basis of a single observation experiment. Note, however, that for experiments involving more
structured designs (for example, in linear models) the situation is much more complicated.
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Theorem 12. | ndependence of sample size.

Let e,, n > 1, be the experiment which consists of the observation of a random sample
x1,...,x, fromp(x|0),x € X, 6 € ©, and let P,, denote the class of reference priors
for 6 with respect to e,,, derived in accordance with Definition 6, by considering the
sample to be a single observation from [["_; p(x; | #). Then P; = P, for all n.

Proof. If z, = {@x1,...,x;} isthe result of a k-fold independent replicate of e, then, by
Theorem 10, P; consists of 7(6) of the form

0
0 = el )

withe > 0,6, 6 € © and
£1(0) = exp {/p(zk 10)log p" (0] 2) dzk} 7

where p*(0 | z;.) isan asymptotic approximation (as k — oo) to the posterior distribution of ¢
given zy.

Now consider z,;, = {x1,...,Tn, Tpt1,...,T2m, ..., Tk, this can be seen as the
result of a k-fold independent replicate of e,,, so that P,, consists of 7(6) of the form
* (0
m(0) = ¢ lim i (0) -

But z,,;, can equally be considered as a nk-fold independent replicate of e; and so the limiting
ratios are clearly identical.
<

In considering experiments involving random samples from distributions admitting a
sufficient statistic of fixed dimension, it is natural to wonder whether the reference priors
derived from the distribution of the sufficient statistic are identical to those derived from the
joint distribution for the sample. The next theorem guarantees us that thisis indeed the case.

Theorem 13. Compatibility with sufficient statistics.

Let e,,,n > 1, be the experiment which consists of the observation of a random sample
x1,...,x, fromp(x|0),x € X,0 € O, where, for all n, the latter admits a sufficient
statistic t,, = t(x1,...,x,). Then, for any n, the classes of reference priors derived by
considering replicationsof (x4, ..., x,) and t,, respectively, coincide, and are identical
to the class obtained by considering replications of e;.

Proof. If z; denotes a k-fold replicate of (xi,...,x,) and y,;, denotes the corresponding
k-fold replicate of ¢,,, then, by the definition of a sufficient statistic, p(6 | z) = p(0|y;), for
any prior p(#). It follows that the corresponding asymptotic distributions are identical, so that
p (0| z) = p*(0]y;). Wethushave

£(0) = exp { [ pizel0)t0zp 0] zk>dzk}
— exp { [ ptze10)108p 0] y@dzk}
= exp {/p(yk |0) log p* (0| yk)dyk}

so that, by Definition 6, the reference priors are identical. Identity with those derived from e;
follows from Theorem 12.
<
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Given a parametric model, p(x | 0), z € X, § € ©, we could, of course, reparametrise
and work instead with p(x | ¢), = € X, ¢ = ¢(0), for any monotone one-to-one mapping
g : © — ®. The question now arises as to whether reference priors for ¢ and ¢, derived from
the parametric models p(x | 0) and p(x | ¢), respectively, are consistent, in the sense that their
ratio is the required Jacobian element. The next Theorem establishes this form of consistency
and can clearly be extended to mappings which are piecewise monotone.

Theorem 14. Invariance under one-to-one transformations.

Suppose that 74(0), 74(¢) are reference priors derived by considering replications of
experiments consisting of a single observation from p(x | 0), withx € X,0 € © and
fromp(x|¢), withz € X, ¢ € O, respectively, wherep = g(f) andg : © — P isa
one-to-one monotone mapping. Then, for some ¢ > 0 and for all ¢ € ®:

(i) mp(®) =cmg (97 (¢)), if ©isdiscrete

~1
(i) mg(p) = cmg (g*1(¢)) | Ty ], ifJy= g~ (¢)

96 exists.

Proof. If © isdiscrete, so is @ and the result follows from Theorem 11. Otherwise, if z;
denotes a k-fold replicate of asingle observation from p(x | #), then, for any proper prior p(6),
the corresponding prior for ¢ is given by p,(¢) = py (971 (¢)) |J5| and hence, for al ¢ € @,

po(0|21) = po (971 ()| 21) | T4)-

It follows that, as k — oo, the asymptotic posterior approximations are related by the same
Jacobian element and hence

f(0) = exp { [ pize10)108p° 0] mm}

— 7y exp { [ vzl logp*<¢|zk)dzk}
)

The second result now follows from Theorem 10.

Coroallary 1. Invariance under piecewise invertible functions.

Let p(x|0), 0 € © C R, bearegular one-parameter model. If the quantity of interest
¢ = ¢(0) is piecewise invertible, then the corresponding reference prior 7,(6) is the
same as if § were the parameter of interest.

Proof. Let ¢ = ¢(0), with ¢(0) = ¢;(0), 0 € O;, where each of the ¢;()’sis one-to-onein
O;; thus, 0 = {¢,w}, wherew = i iff § € ©;. Thereference prior 74(6) only depends on the
asymptotic posterior of 8 which, for sufficiently large samples, will concentrate on that subset
©; of the parameter space to which the true 6 belongs. Since ¢(0) is one-to-one within ©; and,
by Theorem 14, reference priors are consistent under one-to-one reparametrizations, the stated
result follows.

<
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The assumed existence of the asymptotic posterior distributions that would result from
an imagined k-fold replicate of the experiment under consideration clearly plays akey rolein
the derivation of the reference prior. However, it is important to note that no assumption has
thus far been required concerning the form of this asymptotic posterior distribution. As we
shall see later, we shall typically consider the case of asymptotic posterior normality, but the
following example shows that the technique is by no means restricted to this case.

Example9. Uniformmodd. Letx = {z1,...,z,}, bearandom samplefromauniform
distributionon [0 — £, 60 + 11,0 € R, and let p(#) be some prior density for 6. If
t, = [azfgl)n ,xr(:;X } , xl(ffl)n = min{zy,...,z,}, :L‘I(:a)x = max{zy,..., Ty},

then t,, is a sufficient statistic for 6, and
p(0]@) =p(0]t,) o p(6), oy —5<O<a +3-

max min

It followsthat, ask — oo, ak-fold replicate of e with auniform prior will result in the posterior
uniform distribution

p*(‘9|t1m)o<c, L max _%Segxmin +%'
It iseasily verified that
/p<tlm ’ 9) 1ng* (9 | tkn)dtkn =K [_ log {1 - (xfr]f:}z - :Ugrlfﬁl) )} ‘9} )

the expectation being with respect to the distribution of ¢;,,. For large &, the right-hand side is

well-approximated by
tos {3 (e[ - £ ]) )
and, noting that the distributions of

(kn)

max

(kn)

_ 1 _ 1
u=2x —9—5, V= —9—|—§

areBe(u | kn, 1) and Be(v | 1, kn), respectively, we see that the above reduces to

. 1 kn . 1 _ kn+1
8 n+1  knt1| 8\ T2

It followsthat f; (6) = (kn + 1)/2, and hence that

. (kn+1)/2
) = lim Ty = ¢

Any reference prior for this problem is therefore a constant and, therefore, given a set of actual
datax = (x1,...,x,), thereference posterior distribution is

(0| x) x c, x —%Sﬁgx(n)

min

+ 5

auniform density over the set of 6 values which remain possible after « has been observed.

[]
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Typically, under suitable regularity conditions, the asymptotic posterior distribution
p*(0| zp,), corresponding to an imagined k-fold replication of an experiment e,, involving
arandom sample of n from p(x | 6), will only depend on zy,, through an asymptotically suffi-
cient, consistent estimate of ¢, a concept which is made precise in the next theorem. In such
cases, the reference prior can easily be identified from the form of the asymptotic posterior
distribution.

Theorem 15. Explicit form of the reference prior when there is an asymptotically
sufficient, consistent estimator.

Let e,, be the experiment which consists of the observation of a random sample x =
{z1,...,x,} fromp(x|0),x € X,0 € © C R, and let z;,, be the result of a k-fold

replicate of e,,. If there exists 6y, = Hkn(z;m) such that, with probability one

lim ), = 0,
o =
and such that
: . p* (0| zkn)
lim 0|z log ——————=dzy, = 0,
oo p ( | kn) g p*(9 ’ ekn) kn

then, for any ¢ > 0, 6y € ©, reference priors are defined by

where

fl:n<9> = p* ('9 | ékn) ~

Proof. Ask increases, it follows from the assumptions that
Finl®) =exp{ [ bl |6)108s" 0] 20,) 21,
= exp {/ (Zn | 0) log p* (0| O1,) dz;m} {1+ o(k
—oxp{ [ (01 0) 108y’ (0B } 1+ ol

—exp {logp 08|, |01+ 0(0))

= P (61|, 1+ o).

kn=

The result now follows from Theorem 10.
4

Example10. Deviation fromuniformity model. Let e, betheexperiment which consists
of obtaining arandom sample from p(z|6),0 < x < 1,0 > 0, where

| 0{22101 for 0<z<3
(z]0) =
0{2(1 —2)}t for L<z<1
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defines a one-parameter probability model on [0, 1], which finds application (see Bernardo and
Bayarri, 1985) in exploring deviations from the standard uniform model on [0, 1] (whichisgiven
by 6 = 1).

Itiseasly verified that if zy,, = {x1, ..., x,} resultsfrom ak-fold replicate of e,,, then
asufficient statistic ¢, is given by

kn
1
ten = — > {log{2xi} 10,19y (w) + log{2(1 — @)} 1y o1y (2:) }

i=1
and, for any prior p(0),
(0] 2kn) = p(6 | tn) o p(6) 6" exp{—kn(0 — 1)tz }.

It isalso easily shown that p(ty,, | 0) = Ga(ty, | kn, kn), so that

1 1
E — — 3 —_ ————
[tkn | 9] 0 V[tkn | 9] kn62
from which we can establish that 9,m = t,;} is asufficient, consistent estimate of 6. It follows
that
. kn(6 —1
p*(0]04y) x 6" exp {—n(é—)}
kn

provides, for large k, an asymptotic posterior approximation which satisfies the conditions
required in Theorem 15. From the form of the right-hand side, we see that

p*(0]0x,) = Ga(0 | kn + 1, kn/0y,,)

(kn /B, )kt g {—kne}
= - X — ’
T(kn +1) P10,

S0 that

, “«o1d ()t
f) = 0|6 R 212 Y

and, from Theorem 10, for somec > 0, 6y > 0,

f];k (9) 690 1
m(f) = ¢ lim 2 — X = -
() k—oo fi (00) 0 0
The reference posterior for 6 having observed actual data x = (x1,...,x,), producing the

sufficient statistic t = ¢(x), is therefore

w(0|w) = m(0]1) x pl| ) 5
o 0" Lexp{—n(0 — 1)t},

whichisaGa(é | n, nt) distribution.
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Under regularity conditions, the asymptotic posterior distribution of ¢ tendsto normality.
In such cases, we can obtain a characterisation of the reference prior directly in terms of the
parametric model in which 6 appears.

Theorem 16. Reference priors under asymptotic normality.

Let e,, bethe experiment which consistsof the observation of arandomsamplex, . . . , z,,
fromp(x|6), z € X, 0 € © C R. Then, if the asymptotic posterior distribution of
0, given a k-fold replicate of e, is normal with precision knh(fy,,), where 6;, is a
consistent estimate of ¢, reference priors have the form

7(0) o {h(6)}/2.

Proof. Under regularity conditions, it followsthat an asymptotic approximation to the posterior
distribution of ¢, given ak-fold replicate of e,,, is

P (01010) = N (010 ki (O1n) )
where 6, is some consistent estimator of 6. Thus, by Theorem 15,

* (0) = p*(0] 6,
fien(0) =p" (0] k)%:e

= (2m) 712 (kn) 2 ((0)}'?,

and therefore, for somec > 0, 6y € O,

B AR (10
mO) = e 1 G T Thien) [

o {h(6)}'7,

asrequired.
<

The result of Theorem 16 is closely related to the “rules’ independently proposed by
Jeffreys (1946, 1939/1961) and by Perks (1947) to derive “non-informative”’ priors. Typically,
under the conditions where asymptotic posterior normality obtains we find that

62
b0 = [ @16 (- g oxp(al9)) da,
i.e., Fisher’sinformation function (Fisher, 1925), and hence the reference prior,
m(0) o h(6)"/?,

becomes Jeffreys (or Perks’) prior. See Polson (1992a) for arelated derivation.

It should be noted however that, even under conditions which guarantee asymptotic
normality, Jeffreys’ formulais not necessarily the easiest way of deriving areference prior. As
illustrated in Examples 9 and 10 above, it may be simpler to apply Theorem 10 using an directly
derived asymptotic approximation to the posterior distribution.

It is important to stress that reference distributions are, by definition, a function of
the entire probability model p(x|0), x € X, 8 € ©, not only of the observed likelihood.
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Technically, thisisaconsequence of thefact that theamount of information which an experiment
may be expected to provide is the value of an integral over the entire sample space X, which,
therefore, has to be specified.

Example 11. Binomial and negative binomial models. Consider an experiment which
consists of the observation of n» Bernoulli trials, with n fixed in advance, so that

p(z|0) =61 -0 zec{0,1}, 0<H<1,

1
1) = = 3 pte |0) g ospte|9) =071 -0)
andx = {x1,...,x,}. Hence, by Theorem 6, the reference prior is
7(0) < 07H2(1 — 9)" /2.
If r =3 | x;, the reference posterior,
(0| @) o p(m| O)m(0) oc 071 /2(1 — )",

is the beta distribution Be(¢ |r + 1,n — r + ). Note that (¢ |x) is proper, whatever the
number of successesr. In particular, if r = 0, 7(6 | ) = Be(d | 3,n+ 3), from which sensible
inference summaries can be made, even though there are no observed successes. (Comparethis
with the Haldane (1948) prior, 7(6) o« 6~1(1 — §)~!, which produces an improper posterior
until at least one success is observed.)

Consider now, however, an experiment which consists of counting the number x of
Bernoulli trials which it is necessary to perform in order to observe a prespecified number of
successes, > 1. The probability model for this situation is the negative binomial

p(z|6) = <f:%)9r(1—0)x_r7 r=nrr+1,...

from which we obtain

o0 2
MO) = — 3 (x| 0) o logp(e |6) = r072(1 —0) "

and hence, by Theorem 6, thereferenceprior isw () o 6~ (1—6)~1/2. Thereference posterior
isgiven by

7(0|z) < p(z|O)w(0) x 71—V m=rr+1,...,

whichisthebetadistribution Be(6 | r, x —r + %). Again, we notethat thisdistributionis proper,
whatever the number of observations x required to obtain r successes. Note that » = 0 is not
possible under this model: the use of an inverse binomia sampling design implicitly assumes
that r successes will eventually occur for sure, which is not true in direct binomial sampling.
This difference in the underlying assumption about ¢ is duly reflected in the slight difference
which occurs between the respective reference prior distributions.
Geisser (1984) and ensuing discussion provides further analysis and discussion of this
canonical example. See also Bernard (1996).
H
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In reporting results, scientists are typically required to specify not only the data but also
the conditions under which the data were obtained (the design of the experiment), so that the
dataanalyst has available the full specification of the probability model p(x | 6), x € X, 0 € O.
In order to carry out the reference analysis described in this chapter, such afull specificationis
clearly required.

We want to stress, however, that the preceding argument is totally compatible with afull
personalistic view of probability. A reference prior is nothing but a (limiting) form of rather
specific beliefs, namely, those which maximise the missing information which a particular
experiment could possibly be expected to provide. Consequently, different experiments gener-
aly define different types of limiting beliefs. To report the corresponding reference posteriors
(possibly for arange of possible aternative models) isonly part of the general prior-to-posterior
mapping which interpersonal or sensitivity considerations would suggest should always be car-
ried out. Reference analysis provides an answer to an important “what if?’ question: namely,
what can be said about the parameter of interest if prior information were minimal relativeto the
information which infinite replications of a well-defined, specific experiment may be expected
to provide.

3.3. RESTRICTED REFERENCE DISTRIBUTIONS

When analysing the inferential implications of the result of an experiment for a quantity of
interest, 6, where, for smplicity, we continue to assumethat 6 € © C R, it isoften interesting,
either per se, or on a “what if?" basis, to condition on some assumed features of the prior
distribution p(#), thus defining a restricted class, @, say, of priors which consists of those
distributions compatiblewith such conditioning. The concept of areference posterior may easily
be extended to this situation by maximising the missing information which the experiment may
be expected to provide within this restricted class of priors.

Repeating the argument which motivated the definition of (unrestricted) reference distri-
butions, we are led to seek the limit of the sequence of posterior distributions, 7.(6 | ), which
correspond to the sequence of priors, 7 (6), which are obtained by maximising, within @, the
amount of information

T{e0.p0)} = [ 5(0)10g 0 a0
’ p(0)

where

J1(6) = exp { [ plae10)108p00] zk>dzk} ,

which could be expected from k independent replications = = {xi,...,x;} of the single
observation experiment.

Definition 7. Restricted reference distributions.

Let « be the result of an experiment e which consists of one observation from p(x | 9),
x € X,withf € © C R, let Q be a subclass of the class of all prior distributions for 6,
let z;, = {x1,...,z;} betheresult of k£ independent replications of e and define

£(0) = exp { [ piec1)10gp 6] zk>dzk} ,

where

. [15, p(=:]0)
0lz.) =
p (0] z) T ol |6)
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The Q-reference posterior density of 6 after oz has been observed, 79 (6 | ), is defined
to be the limit, in the information convergence sense, of

T2 (0] ) o p(x| ) 7 (6),
so that, assuming the limit to exist,

Q
~ Q (0 ]z)
dim [ (0] @) log Sy =0
Q

where m,? (6) is the prior which minimises, within Q the logarithmic divergence

/ p(8) log ]%(% do.

A positive function 79 (6) in Q such that
90| z) x p(z|0) 79 (0), forall§ c O,
isthen called a Q-reference prior for 6 relative to the experiment e.

The intuitive content of Definition 7 isilluminated by the following result, which essen-
tially establishesthat the QQ-reference prior isthe closest prior in @ to the unrestricted reference
prior (), in the sense of minimising its logarithmic divergence from = (6).

Theorem 17. Therestricted reference prior as an approximation.
Supposethat anunrestricted referenceprior () relativeto a given experiment isproper;
then, if it exists, a Q-reference prior 7 () satisfies

e
/71'@(9) log 77((60)) do :;Ielg/p(e) log%d&

Proof. It follows from Theorem 10 that 7(6) is proper if and only if

[ fit0) o =, < .

in which case,
m(0) = lim m(0) = lim . fi(6).

k—o0

RO i)
/p(G)I g () df = /p(G)I gc,;lf;(e)de

—logcj — / p(0) log :k((ee)) do,

which is maximised if the integral is minimised. Let w,?(@) be the prior which minimises the
integral within Q. Then, by Definition 7,

90| ) o p(x |6) lim 7 (9) = p(z |6)n(6),

Moreovey,

where, by the continuity of the divergence functional, 7% (6) is the prior which minimises,

within Q,
(9) p(0)
p(0) log ,p} 9 = [ p(8)logd B0 L ap.
/ { Jim () / {7?(9) }
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If () isnot proper, it is necessary to apply Definition 7 directly in order to characterise
7%(6). The following result provides an explicit solution for the rather large class of prob-
lems where the conditions which define () may be expressed as a collection of expected value
restrictions.

Theorem 18. Explicit form of restricted reference priors.
Let e be an experiment which provides information about 6, and, for given {(g;(-), 5:),
i=1,...,m}, let Q betheclassof prior distributions p(6) of # which satisfy

/Qi(e)p(e)de =08, i=1,...,m.

Let () be an unrestricted reference prior for 6 relative to e; then, a Q-reference prior
of O relativeto e, if it exists, is of the form

w?(6) o< w(0) exp {Z Aigi(f))} :
1=1

where the \;’s are constants determined by the conditions which define Q.

Proof. The calculus of variations argument which underlay the derivation of reference priors
may be extended to include the additional restrictions imposed by the definition of @, thus
leading us to seek an extremal of the functional

/p(e)logf((:))dwm{/ d@—l} Z)\ {/ p(6) do — ﬁl},

corresponding to the assumption of a k-fold replicate of e. A standard argument now shows
that the solution must satisfy

m

log f7(0) —logp(8) + X + Z Aigi(0) =0
i=1
and hence that

p( )O(fk exp{z/\7gz }

Taking k£ — oo, the result follows from Theorem 10.
<

Example 12. Location models. Let x = {z,...,z,} be a random sample from a
location model p(x |0) = h(x — 0), x € R, # € R, and suppose that the prior mean and
variance of ¢ are restricted to be E[0] = g, V[0] = o3. Under suitable regularity conditions,

the asymptotic posterior distribution of 6 will be of the form p*(6 | z1, ..., ;) f(@n —0),
where 6,, is an asymptotically sufficient, consistent estimator of . Thus, by Theorem 15,

w(6) o< p*(010,)|, o f(0).
which is constant, so that the unrestricted reference prior will be uniform. It now follows from
Theorem 26 that the restricted reference prior will be
79(0) o< exp {A160 + \a(0 — 10)*}
with [079(0) df = po and [(6 — po)?7%(0) d9 = o2. Thus, the restricted reference prior,
79(0), isthe normal distribution N(6 | 0, o5 %), with the specified mean and variance.

n=—

[]



J. M. Bernardo. Bayesian Reference Analysis 52

3.4. NUISANCE PARAMETERS

The development given thus far has assumed that 6 was one-dimensional and that interest
was centred on # or on a one-to-one transformation of 6. We shall next consider the case
where 0 istwo-dimensional and interest centres on reporting inferences for a one-dimensiona
function, ¢ = ¢(0). Without lossof generality, we may rewrite the vector parameter in theform
0 =(o,N), 0 € P, A € A, where ¢ isthe parameter of interest and A is a nuisance parameter.
The problemisto identify a reference prior for 8, when the decision problemisthat of reporting
marginal inferences for ¢, assuming alogarithmic score (utility) function.

To motivate our approach to this problem, consider z;, to be the result of a k-fold
replicate of the experiment which consistsin obtaining asingle observation, x, fromp(x | 0) =
p(x| ¢, \). Recaling that p(@) can be thought of in terms of the decomposition

p(0) = p(o, A) = p(@)p(\ | @),

suppose, for the moment, that asuitablereferenceform, (A | ¢), for p(A | ¢) has been specified
andthat only 7 (¢) remainsto beidentified. Theorem 10thenimpliesthat the* marginal reference
prior” for ¢ is given by

7(6) o Tim [ (0)/ i (60)], 6,00 € @,

where

f1(9) = exp { [ pianlo)tosn (6] zk>dzk} ,

p*(¢| zj) isan asymptotic approximation to the marginal posterior for ¢, and
p(a]6) = [ plae] 6 Nm(A]0) A
k
— [ TLpt@ 1007 ) dx
=1

By conditioning throughout on ¢, we seefrom Theorem 10 that the“ conditional reference prior”
for A given ¢ hasthe form

fi(A19)

m(A[) oc Jim {f;uo %)

k—o00

:|7 )‘7)\0€A7¢€(I)7

where

i 19) = exp{ [ plenl 6.0 logs (A6 1)z |
p*(\] ¢, z1) isan asymptotic approximation to the conditional posterior for A given ¢, and

k

p(ze |6, A) = [ [ p(zil ¢, )).

i=1

Givenactual datax, themarginal reference posterior for ¢, corresponding to thereference
prior

m(0) = (), A) = w(¢)mw(A] @)
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derived from the above procedure, would then be
m(6]a) o [ (6.3 2)dx
x7(9) [ pla| 6. V(N 9)dr

This would appear, then, to provide a straightforward approach to deriving reference analysis
procedures in the presence of nuisance parameters. However, there isa major difficulty.

In general, as we have aready seen, reference priors are typically not proper probability
densities. This means that the integrated form derived from (A | ¢),

p(ze] 6) = / p(zk | 6, (M| 6) d,

which plays akey rolein the above derivation of 7(¢), will typically not be aproper probability
model. The above approach cannot directly be applied in such cases, and amore subtle strategy
isrequired to overcome thistechnical problem. However, before turning to the required details,
we present an example, involving finite parameter ranges, where the approach outlined above
does produce an interesting solution.

Example 13. Induction. Consider alarge, finite dichotomised population, all of whose
elements individually may or may not have a specified property. A random sample is taken
without replacement from the population, the sample being large in absolute size, but still
relatively small compared with the population size. All the elements sampled turn out to have
the specified property. Many commentators have argued that, in view of the large absolute size
of the sample, one should be led to believe quite strongly that al elements of the population
have the property, irrespective of the fact that the population size is greater still, an argument
related to Laplace’s rule of succession. (See, for example, Wrinch and Jeffreys, 1921, Jeffreys,
1939/1961, pp. 128-132 and Geisser, 1980a.)

Let us denote the population size by N, the sample size by n, the observed number
of elements having the property by x, and the actual number of elements in the population
having the property by 6. The probability model for the sampling mechanism is then the
hypergeometric, which, for possible values of z, has the form

(2)(n72)
()

Ifp(6 =r),r=0,...,N definesaprior distributionfor , the posterior probability that & = IV,
having observed x = n, isgiven by

p(z|0) =

plx=n|f=N)p(0=N)
SN ple=nl0=r)p@=r)

Suppose we considered 6 to be the parameter of interest, and wished to provide a reference
analysis. Then, since the set of possible values for 6 isfinite, Theorem 11 implies that

p(0=N|x=n)=

p@=r)=——, r=0,1,...,N,
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is the corresponding reference prior. Straightforward cal culation then establishes that
n+1
N+1'
which is not close to unity when n islarge but /N is small.
However, careful consideration of the problem suggests that it is not # which is the
guantity of interest: rather it isthe parameter
_f1 ife=N
¢ = { 0 if6+£N.
To obtain arepresentation of ¢ in theform (¢, ), let us define
_ [ IfO=N
A= { 6 if6+N,
for some arbitrary \o. By Theorem 11, the reference priors 7(¢) and 7(\ | ¢) are both uniform
over the appropriate ranges, and are given by

(=0 =n(¢=1)=1

p(0 =Nz =n)=

1
T(A=X|op=1) =1, 7'(()\:7‘|¢:0):N| r=0,1,...,N —1
These imply areference prior for 6 of the form
% if6=N
p(0) = 1 f0 4N
av 107

and straightforward cal cul ation establishes that

N A =

which clearly displays the irrelevance of the sampling fraction and the approach to unity for
large n (see Bernardo, 1985b, for further discussion).
]

Wereturn now to the general problem of defining areferenceprior for @ = (¢, A), ¢ € P,
A € A, where ¢ isthe parameter vector of interest and )\ isanuisance parameter. We shall refer
to the pair (¢, \) asan ordered parametrisation of the model. We recall that the problem arises
because in order to obtain the marginal reference prior 7(¢) for the first parameter we need to
work with the integrated model

p(z4] 6) = / Pz 6 (A | ) dA.

However, this will only be a proper model if the conditional prior w(\|¢) for the second
parameter is a proper probability density and, typically, thiswill not be the case.

This suggests the following strategy: identify an increasing sequence {A;} of subsets
of A, which may depend on ¢, such that | J; A; = A and such that, on each A;, the conditional
reference prior, w(\ | ¢) restricted to A; can be normalised to give proper conditional reference
prior m;(\|¢). For each i, a proper integrated model can then be obtained and a margina
reference prior m;(¢) identified. Therequired reference prior (¢, \) isthen obtained by taking
the limit, asi — oo, of {m;(¢, \) = m;(\| @) mi(¢)} This strategy clearly requires a choice of
the A;’s to be made, but in any specific problem a“natural” sequence usually suggests itself.
We formalise this procedure in the next definition.
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Definition 8. Reference distributions given a nuisance parameter.
Let  be the result of an experiment e which consists of one observation from the prob-
ability model p(x |, ), ¢ € X, (p,\) € & x A C R x R. The reference posterior,
(¢ | ), for the parameter of interest ¢, relativeto the experiment e and to theincreasing
sequences of subsets of A, {A;(¢)}, ¢ € @, J; Ai(¢) = A, is defined to be the result of
the following procedure:
(i) applying Definition 7 to the model p(x | ¢, ), for fixed ¢, obtain the conditional
reference prior, (A | ¢), for A;
(i) for each ¢, normalise (| ¢) within each A;(¢) to obtain a sequence of proper
priors, i (A | &);
(iii) usethese to obtain a sequence of integrated models

pilaxl o) = [ plarlo. Nmin| o) ax

(iv) usethose to derive the sequence of reference priors

e fi(e)
mi(}) = cklggo F(00)’

f(6) = exp { [ piz 01081 6] zk>dzk} ,

and, for data x, obtain the corresponding reference posteriors

m(0l2) xm@) [ ple|oAmn] ) dx
(v) definen (¢ | x) asthelimit, inthe convergence of information sense, of {7;(¢ | x)}
i.e., such that

lim [ mi(¢]|x)lo mi(¢| @)

do = 0.
= 8 ola) 00

The reference prior, relative to the ordered parametrisation (¢, \), isany positive
function (¢, \), such that

w(6]2) o [ pl]0.0) 70,0 d
Thiswill typically be ssmply obtained as
mi(¢)mi(A | @)

(@A) = i e O [d0)

Ghosh and Mukerjee (1992a) showed that, in effect, the reference prior thus defined
maximises the missing information about the parameter of interest, ¢, subject to the condition
that, given ¢, the missing information about the nuisance parameter, A, is maximised.

In amodel involving a parameter of interest and a nuisance parameter, the form chosen
for thelatter is, of course, arbitrary. Thus, p(x | ¢, A) can bewritten aternatively asp(x | ¢, ¥),
for any ¢ = (¢, \) for which the transformation (¢, \) — (¢, ) is one-to-one. Intuitively,
we would hope that the reference posterior for ¢ derived according to Definition 9 would not
depend on the particular form chosen for the nuisance parameters. The following theorem
establishes that thisis the case.
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Theorem 19. I nvariance with respect to the choice of the nuisance parameter. Let e
be an experiment which consists in obtaining one observation from model p(x | ¢, \),
(p,\) € ® x A C R x R, and let ¢’ be an experiment which consists in obtaining one
observation fromp(x | ¢, 1), (¢,1) € & x ¥ C R x R, where (¢, \) — (¢, ) isone-
to-one transformation, with ¢ = g4(). Then, the reference posteriors for ¢, relative to
le, {Ai(¢)}] and [¢/, {W;(¢)}], where U;(¢) = g,{Ai(¢)}, areidentical.

Proof. By Theorem 14, for given ¢,
mo(16) =m0, () 9)1 - (),

where 9g~1(0)
P dule) =

Ui(o) = {v; ¥ =gs(A), A € Ni(9)}
and normalise 7, (¢ | ¢) over ¥;(¢) and 7T)\(g;1 (V) | @) over A;(¢), we seethat the normalised
forms are consistently related by the appropriate Jacobian element. If we denote these nor-
malised forms, for simplicity, by m;(\ | ¢), (¢ | ¢), we seethat, for theintegrated models used
in steps (iii) and (iv) of Definition 8,

pi<w|¢>:/ Pl 60w 6)

1

Hence, if we define

~ [ pelovmwlo)d,
V(o)
and hence that the procedure will lead to identical formsof 7(¢ | x).
q

Alternatively, we may wish to consider retaining the same form of nuisance parameter, \,
but redefining the parameter of interest to be aone-to-one function of ¢. Thus, p(x | ¢, A) might
be written as p(x | v, \), where v = g(¢) is now the parameter vector of interest. Intuitively,
we would hope that the reference posterior for v would be consistently related to that of ¢ by
means of the appropriate Jacobian element. The next theorem establishes that thisisindeed the
case.

Theorem 20. I nvariance under one-to-one transformations.
Let e be an experiment which consists in obtaining one observation from p(x | ¢, A),
¢ € ®, )\ e A, andlet ¢ be an experiment which consists in obtaining one observation
fromp(xz|v,\), v € I, € A, wherey = g(¢). Then, given data x, the reference
posteriorsfor ¢ and v, relativeto [e, {A;(¢)}] and [¢/, {®;(7)}], ®i(v) = Ai{g(¢)} are
related by:

(i) m(v|x) =7me(g (7)), if @ isdiscrete

1
@) v 2) = mola™ () [) [T, ()] i7,40) = 220 edss

Proof. In al cases, step (i) of Definition 8 clearly results in a conditional reference prior
m(\| ¢) =7m(X|g ' (v)). For discrete @, \, m;(¢) and 7;(~y) defined by steps (ii)—(iv) of Defi-
nition 8 are both uniform distributions, by Theorem 10, and the result follows straightforwardly.
If Jg_l('y) exists, m;(¢) and m;(y) defined by steps (ii)—(iv) of Definition 8 are related by the
claimed Jacobian element, | J,1 (7) |, by Theorem 14, and the result follows immediately.

<
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In Theorem 15, we saw that the identification of explicit forms of reference prior can be
greatly ssimplified if the approximate asymptotic posterior distribution is of the form

p (0] 2z1) = p*(0] ),

where 6, is an asymptotically sufficient, consistent estimate of 6. Theorem 16 establishes that
even greater simplification results when the asymptotic distribution is normal. We shall now
extend this to the nuisance parameter case.

Theorem 21. Bivariate reference priors under asymptotic normality.

Let e,, bethe experiment which consistsof theobservation of arandomsamplex, . . ., @,
fromp(x| P, A), (6, \) € DxA C RxR,andlet {A;(¢)} besuitably defined sequences
of subsets of A, as required by Definition 8. Suppose that the joint asymptotic posterior
distribution of (¢, ) given ak-foldreplicate of e,,, ismultivariate normal with precision

matrix an(qﬁkn,)\kn) where (éﬁkn,ﬁkn) isa consistent estimate of (¢, \) and suppose
that hw = hw(@,n, )\;W,) 1=1,2,j = 1,2, isthepartition of H corresponding to ¢, A.

Then

T(A] @) o< {haa(d, A}/
Ti(@)ci(¢)

(63) = w(\|¢) i { TAOHO g c g,

define a reference prior relative to the ordered parametrisation (¢, A), where

7i(6) o exp { /A .

mi(A|¢) log ({hs(6, 1)}'?) dA} ,
with
m(A]9)

(Al ¢)d

mi(A| @) = ci(@)m(A| @) = oo

and
h¢ = (hll - h12h2_21h21).

Proof. Thg conditional distribution of A given ¢ is asymptotically normal with precision
knhoo(drn, Ain ). Thefirst part of Theorem 21 then follows from Theorem 16.
The asymptotic marginal distribution of ¢ is univariate normal with precision knh,,

where hy = (h11 — h12h2_21h21). To derive the form of 7;(¢), we note that if z;, € Z denotes
the result of a k-fold replication of e,,,

Jin(@) = e { [ a1 011080 (0] st}

where, with 7; (A | ¢) denoting the normalised version of (A | ¢) over A;(¢), theintegrand has
the form

L1 w6 0m0 6] 1og N b ko)
— [ w0 [ pler] 6.0 108 N(6 | . k)] ax
A;(9) Z
1/2
z/ (A 6) log [M} A
A (9) 2m

Y
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for large k, so that

- Jia(9)
; = lim "
)= B3 o)
has the stated form. Since, for data x, the reference prior = (¢, ) is defined by

T(¢|x) = Zli{})lo mi(¢|x) o Zlifglopyz(w | 9)7i(p)

x lim () [ pla 6.0 (¢)r(2 | )

1—00 A
3

m/é@waMﬂ¢wa

the result follows.
4

Inmany cases, theformsof { a2 (¢, A) } and {hy (¢, A) } factoriseinto productsof separate
functions of ¢ and A, and the subsets {A;} do not depend on ¢. In such cases, the reference
prior takes on avery simple form.

Corollary 1. Factorisation.
Suppose that, under the conditions of Theorem 21, we choose a suitable increasing
sequence of subsets {A;} of A, which do not depend on ¢, and suppose also that

{ho(0, M}? = [1(9)g1(N),  {haa(9, M} = fa(0)g2(N)-
Then a reference prior relative to the ordered parametrisation (¢, A) is
m(9, A) o fi(d)g2(N)
Proof. By Theorem 21, w(\|®) < fa(¢)g2(\), and hence

mi(A ] @) = ai g2(N),
wherea; ' = [, g2()\) dA. It then follows that

Ti(¢) o< exp {/A

o b; f1(9),
where b; = fAj a;g2(N) log g1(N\) dX, and the result easily follows.

aig2(A) log[f1(¢)g1(N)] d)\}

<

Example 14. Mean and standard deviation of a normal model. Let e,, be the experi-
ment which consists in the observation of arandom sample = {z1,...,z,} from anorma
distribution, with both mean, 1, and standard deviation, o, unknown. We shall first obtain a
reference analysisfor y, taking o to be the nuisance parameter.

Since the distribution belongs to the exponential family, asymptotic normality obtains
and the results of Theorem 21 can be applied. We therefore first obtain the Fisher (expected)
information matrix, whose elements we recall are given by

_ 62 logN Xz 30-72
hij(p, o) = /N(xm’a ) {_ 80(02# )}d%
[ J
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from which it iseasily verified that the asymptotic precision matrix asafunction of 8 = (u, o)

isgiven by
—2
Ho(no) = (%" 502 ).
{hu(,ua U)}1/2 = 0717
{haa(p,0)}'* = V207",
Thisimplies that

m(o| ) o< {haa(p, 0)}? oc o,

so that, for example, A; = {o;e™" < o < €e'},i = 1,2, ..., provides a suitable sequence of
subsetsof A = R not depending on y, over which 7(o | 1) can be normalised and the corollary

to Theorem 21 can be applied. It follows that
(o) = m(p)m(o|p) o1 x o™

provides a reference prior relative to the ordered parametrisation (u, o). The corresponding
reference posterior for u, given x, is

w(unl ) [ pla | o)n(no)do

o 7(p) N(z; | p,o)m(o | p) do
7 /g 7 7

where ns? = X(z; — 7)?, so that

t:m<fgﬂ)=\/ﬁ(f—u)/ Lz —7)

n—1
has a standard ¢ distribution with n — 1 degrees of freedom.

If we now reverse the roles of 1 and o, so that the latter is now the parameter of interest
and 1. is the nuisance parameter, we obtain, writing ¢ = (o, 1)

H (0, p) = (2"0_2 092) ,

sothat {hy (o, 1) }/% = /2071, hao(o, 1) }/? = o1 and, by asimilar analysis to the above,
m(p|o) <ot

so that, for example, A; = {p;—i < p < i},i = 1,2,... provides a suitable sequence of

subsets of A = R not depending on o, over which 7(u | o) can be normalised and the corollary

to Theorem 21 can be applied. It follows that

m(p,0) =n(o)m(u|o) x1x o}
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provides a reference prior relative to the ordered parametrisation (o, 11). The corresponding
reference posterior for o, given x, is

n(ol@) o [ plalmo) (o) da
x 7(0) N(x; | p,0) m(pu| o) du,
/]j[1 u u m

the right-hand side of which can be written in the form

2
o_”exp{—%}/a_l exp{—%‘?(u—f)z} dp.

Noting, by comparison witha N (x| Z, n\) density, that theintegral isaconstant, and changing
thevariableto A = o1, implies that

r(A | 2) ox APD2exp {%nsQ)\}
= Ga(\ | %(n — 1), %nsQ) :
or, alternatively,
r(Ans?|z) = Ga()\ns2 | %(n - 1), %)
= x*(Ans’[n — 1),

so that ns?/o% has a chi-squared distribution with n — 1 degrees of freedom.
]

One feature of the above example is that the reference prior did not, in fact, depend on
which of the parameters was taken to be the parameter of interest. In the following examplethe
form does change when the parameter of interest changes.

Example 15. Standardised normal mean. We consider the same situation as that of
Example 14, but we now take ¢ = u/o to be the parameter of interest. If o is taken as the
nuisance parameter (by Theorem 19 the choice isirrelevant), ¥ = (¢,0) = g(u, o) isclearly
aone-to-one transformation, with

o o
Tgaw)=| 52 57 1= (5 9)
9 do

and using Corollary 1 to Theorem 9.

Hogl) = @ Hgle o) = (187

Again, the sequence A; = {o;e™" < o < €'},i = 1,2,..., provides a reasonable basis for
applying the corollary to Theorem 21. It iseasily seen that

{ho(6,0) 1'% = {h11(6.0) — hia(s.oyhas (6, 0)har(d, )2 = (1 + $67) V2,
{ha2(®, 0')}1/2 = (24 ¢H)YV207 1,
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so that the reference prior relative to the ordered parametrisation (¢, o) is given by

m(¢,0) o (1+ 3¢%) /20!
Inthe (u, o) parametrisation this corresponds to

12\ V2
ro) o (1435) o

which is clearly different from the form obtained in Example 14. Further discussion of this
example will be provided in Example 22, in Chapter 4.
[l

We conclude this subsection by considering a rather more involved example, where a
natural choice of the required A;(¢) subsequence does depend on ¢. In this case, we use
Theorem 21, sinceits corollary does not apply.

Example 16. Product of normal means. Consider the case where independent random
samplese = {z1,...,z,andy = {y1, ...,y } aretobetaken, respectively, from N (z | a, 1)
and N(y|5,1),a > 0, 8 > 0, so that the complete parametric model is

p(x,y|a, ) = HNlea 1) HNyJIB,

for which, writing @ = («, 3) the Fisher information matrix is easily seen to be

Ho(0) = Hl0.0) = ().

Suppose now that we make the one-to-one transformation v = (¢, \) = (af,a/f) =
gla,B) = g(0), sothat ¢ = af is taken to be the parameter of interest and A = «/f3 is
taken to be the nuisance parameter. Such a parameter of interest arises, for example, when
inference about the area of arectangle is required from data consisting of measurements of its
sides.

The Jacobian of the inverse transformation is given by

%0 da A\ 12 5\ 12

z o)1 G) 6
Jg-1(4) = 8% o8 | ~ 39 ? 12 fg\12

o n) \(m) (6)

A

A

and hence, using Corollary 1 to Theorem 9

AA2 1 PRI
_ . o |3lrn) ()
H (%) = T4 ($) Hglg ™ ()T g, (%) = 5 ¢<2@2;) (o)

2 (nmg)'/? (A 1 )1/2
: _

with | H ()| = 5 » S0 that

m  n\

m(A[¢) o< {haa(¢, M)}
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The question now arises as to what constitutes a “natural” sequence {\;(¢)}, over which to
define the normalised 7;(\ | ¢) required by Definition 9. A natural increasing sequence of
subsets of the original parameter space, Rt x R, for («, 3) would be the sets

Si={(0): 0<a<i, 0<f<i}, i=12..,

which transform, in the space of A € A, into the sequence

_Jy @ i2
Ai(qﬁ)_{k, Z,—2<>\<g}-

We note that unlike in the previous cases we have considered, this does depend on ¢.
To complete the analysis, it can be shown, after some manipulation, that, for large i,

ey Ym0 1\
019 =ty ()

and

(0= (2 N e (A L)

which leadsto areference prior relative to the ordered parametrisation (¢, A) given by

m  n\

1/2
(¢, A) o p/2N7! (i - i)
In the original parametrisation, this corresponds to
m(a, B) o< (na® +mf*)"?,

which depends on the sample sizes through the ratio m/n and reduces, in the case n = m,
to w(a, B) x (o2 + 32)'/2, aform originally proposed by Stein (1982) for this problem, who
showed that it provides approximate agreement between Bayesian credible regionsand classical
confidenceintervalsfor ¢; see also Efron (1986). For adetailed discussion of thisexample, and
of the consequences of choosing a different sequence A;(¢), see Berger and Bernardo (1989).

[]

We note that the preceding example servesto illustrate the fact that, in structured mod-
els, reference priors may depend explicitly on features of their structure, as the ratio m/n in
Example 16. Thereis, of course, nothing paradoxical in this, since the underlying notion of a
reference analysisis a“minimally informative” prior relative to information provided by infi-
nite replications of the experiment to be analyzed. In structured experiments, such information
typically depends of their structure.
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3.5. MULTIPARAMETER PROBLEMS

Theapproach to the nuisance parameter case consi dered above was based on the use of an ordered
parametrisation whose first and second components were (¢, A), referred to, respectively, as
the parameter of interest and the nuisance parameter. The reference prior for the ordered
parametrisation (¢, A) was then constructed by conditioning to give the form 7(A | ¢)7 ().

When the model parameter vector 8 has more than two components, this successive
conditioning idea can obviously be extended by considering 8 as an ordered parametrisation,
(01,...,0n), say, and generating, by successive conditioning, a reference prior, relative to this
ordered parametrisation, of the form

m(0) =70 |01,...,0m—1) - 7w(02]01)7(07).

We will limit the discussion here to regular models, for which the posterior distribution
is asymptotically normal. In order to describe the algorithm for producing the successively
conditioned reference prior form in this regular case, we shall first introduce some notation.

Assuming the parametric model p(x | 6), 6 € ©, to be such that the Fisher information

matrix
2

0
has full rank, we define S(0) = H~'(6), define the component vectors
6V = (61,....6), 6= (011, 0m),

and denote by S;(8) the corresponding upper left j x j submatrix of (@), and by h;(6) the
lower right element of S7(6).

Finally, we assumethat © = ©; x --- x ©,,, withf; € ©;, and, fori = 1,2,..., we
denote by {©!}, 1 = 1,2,..., an increasing sequence of compact subsets of ©;, and define
0 =0l x - x 6,

Theorem 22. Ordered reference priors under asymptotic normality.

With the above notation, and under regularity conditions extending those of Theorem 21
in an obvious way, the reference prior 7(0), relative to the ordered parametrisation
(01,...,0n),isgiven by

l
7(0) = lim ~(0) for some 8" € O,

where 7! () is defined by the following recursion:
(i) For j =m,and§,, c !,

) hn(0)}
o (P 107771) = 7 O 1O ) = o

(i) Forj =m—1,m—2,...,2,and ¢, € ©/,

exp { EL |log{h;(6)}"/2] }
Jo ex { BL [1og{n;(6)}1/2] } a;

ot (8,-10571) =l (661
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where

E! 1Og{hj(0)}1/2} = /@ , log{h;(0)} 27, (H[ﬂ\@m) doy).
i

(iii) For j = 1,8y = 6, with 8% vacuous, and

7(9) = (9[0} 19[0}> .

Proof. Thisfollows closely the development given in Theorem 21. For details see Berger and

Bernardo (19923, 1992b, 1992c).
<

The derivation of the ordered reference prior is greatly simplified if the {h;(0)} terms

in the above depend only on 6l7: even greater simplification obtainsif H (0) isblock diagonal,
particularly, if, for j = 1,...,m, the jth term can be factored into a product of afunction of ¢;
and afunction not depending on 6;.

Corollary 1. Factorisation.
If h;(60) dependsonly on V), j = 1,... m, then

T )
e f@;],_{hj(e)}lﬂ do);

() , gcol

If H(0) isblock diagonal (i.e, 6y, ...,6,, are mutually orthogonal), with

h11(0) 0 0
0 0 o hpm(0)
then h;(0) = h;;(0),7 = 1,...,m. Furthermore, if, in this latter case,

{hj;(0)}'/* = £;(6,)9;(6),
where g;(6) does not depend on 6;, and if the @fj’sdo not depend on @, then

m

m(0) o< [ £i(6)).
j=1

Proof. The results follow from the recursion of Theorem 21.
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The question obviously arises asto the appropriate ordering to be adopted in any specific
problem. At present, no formal theory existsto guide such a choice, but experience with awide
range of examples suggests that—at least for non-hierarchical models, where the parameters
may have special forms of interrelationship—the best procedure is to order the components of
0 on the basis of their inferential interest.

Example 17. Reference analysis for m normal means. Let e,, be an experiment which
consists in obtaining {x1,...,x,}, n > 2, arandom sample from the multivariate normal
model Ny, (x |, 71,,), m > 1, for which the Fisher information matrix is easily seen to be

H(p,7) = (T{)m mn/(()27'2)> :

It follows from Theorem 30 that the reference prior relative to the natural parametrisation

(1, - -+ pm, T), iSQiven by )
T(Ly e ey oy T) X T .

Clearly, in this example the result does not, in fact, depend on the order in which the parametri-
sation istaken, since the parameters are all mutually orthogonal.

The reference prior 7(p1, . .., fim, 7) o< 771 OF w(p1, ..., pm, o) o ot if we para-
metrise in terms of o = 71/2, is thus the appropriate reference form if we are interested in
any of the individual parameters. The reference posterior for any 1., is easily shown to be the
Student density

m(pjl @, ... an) = St(py | T, (n — s~ 2, m(n — 1))

n n n
= . 2 _ (.._—nf
nr; = Tij, nms- = Tij — Tj
i=1

i=1 j=1
which agrees with the standard argument according to which one degree of freedom should be
lost by each of the unknown means.

[]
Example 18. Multinomial model. Let x = {ry,...,r,} be an observation from a
multinomial distribution, so that
! ,
p(riy.. oy |01, ..., 0m) = n 9;1--~9fnm(1—29i)”_2”,

rilorg!(n — Xry)!

from which the Fisher information matrix

_1+¢91—29i 1 1
—91
1 — 20,
, 1 +929 0; 1
H<917 76771): 1_20 2
)
. . 1+9,g—20i
L m

w1 $)ite]
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In this case, the conditional reference priors derived using Theorem 22 turn out to be proper,
and there is no need to consider subset sequences {©'}. In fact, noting that H (64, ...,0,,)
isgiven by

01(1 — 0y) —0102 - —010,
1| =010 0:(1—09) - —020,,
—016,, —050,, v O (1—0p,)

we see that the conditional asymptotic precisions used in Theorem 22 are easily identified,
leading to

- 1/2 1/2 j—1

101, 1
(0 ]61,...,0,_1) x | —==L2 _ , 0, <1-=) 0,
wioanns (SER) () o 5

The required reference prior relative to the ordered parametrisation (61, ..., 6,,), say, is then
given by

7T(91,...,9m) O<7T(91)7T(92|91)---ﬂ<9m|91,...,9m_1)
o 02 (1 = 600) 7120, 21— 0 — 09) V20,1 P — 0 — - = 0,,) V2,

and corresponding reference posterior for 0, is

(01|71, Tm) oc/p(rl,...,rm]01,...,Hm)w(el,...,Gm)deg...dﬁm,
which is proportional to

/671’1—1/2 o 0,7:,%”_1/2(1 - Zei)n—zr,,;
x(1=0)" 21 =60, —0) 2 (1 =0, — — 0,,)%dby - - - db,,.
After some algebra, thisimplies that
70171, ... ) = Be(61|r1+%,n—r1+%),

which, as one could expect, coincides with the reference posterior which would have been
obtained had weinitially collapsed the multinomial analysisto abinomial model and then carried
out areference analysis for the latter. Clearly, by symmetry considerations, the above analysis
appliestoany 6;,7 = 1, ..., m, after appropriate changes in labelling and it is independent of
the particular order in which the parameters are taken. For adetailed discussion of thisexample
see Berger and Bernardo (1992a). Further comments on ordering of parameters are given in
Chapter 4.

]

Example 19. Normal correlation coefficient. Let {x1,...,x,} be a random sample
from abivariate normal distribution, Na(x | i, 7), where

2
e= (1) = (o ")
2 P10 b
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Suppose that the correlation coefficient p is the parameter of interest, and consider the ordered
parametrisation {p, j11, pi2, 01, 02}. It iseasily seen that

14+ 2 _ _
tr 0 P —r
1— p? o1 op)
]_ —
0o 5 L 0 0
o1 0102
21 0 1 0 0
H(p, pu1, p2,01,02) = (1 = p°) 0109 a_g ’
o o 2=F =
- 2
—~ o o £ 2=7
— 2
| 02 0102 92
so that
- o1 02 i
(1—p)2 0 0 Sp(l—=p") Fp(l—p’)
0 o2 poioy 0 0
-1 0 po102 U% 02 0
(1 — 0 - -
B Pl r) 0 92 P 22
“Z5(1 — — -
B p( p) 0 0 P 2 2 ]

After some algebrait can be shown that thisleads to the reference prior

7(p, p1, p2, 01, 02) o (1 — /)2)7101710271,

whatever ordering of the nuisance parameters i1, uo, 01, o9 istaken. Thisagreeswith Lindley’s
(1965, p. 219) analysis. Furthermore, asone could expect from Fisher’s(1915) original analysis,

the corresponding reference posterior distribution for p

(1_p2)(n73)/2 1 1 _1 1+p7,
(1 — pr)n=3/2 22" T T ’

w(p|xl,... ,xy) X

(where F isthe hypergeometric function; see e.g., Abramowitz and Stegun, 1964, Ch. 15). Note
that w(p |1, ..., x,) only depends on the data through the sample correlation coefficient r,
whose sampling distribution only depends on p. For a detailed analysis of this example, see
Bayarri (1981); further discussion will be provided in Chapter 4.

]

See, also, Hills (1987), Ye and Berger (1991) and Berger and Bernardo (1992b) for
derivations of the reference distributions for a variety of other interesting models.
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Infinite discrete parameter spaces.

The infinite discrete case presents special problems, due to the non-existence of an
asymptotic theory comparable to that of the continuous case. It is, however, often possible to
obtain an approximate reference posterior by embedding the discrete parameter space within a
continuous one.

Example 20. Infinite discrete case. In the context of capture-recapture problems, sup-
poseit isof interest to makeinferences about aninteger 6 € {1, 2, ...} onthebasisof arandom
sample z = {zy,...,z,} from

(0 + 1)
(x4 0)?

For severa plausible “diffuse looking” prior distributionsfor 6 one finds that the corresponding
posterior virtually ignoresthe data. Intuitively, thishasto beinterpreted as suggesting that such
priors actually contain alarge amount of information about 6 compared with that provided by
the data. A more careful approach to providing a“non-informative” prior is clearly required.
One possibility would be to embed the discrete space {1, 2, . ..} in the continuous space |0, co|
since, for each § > 0, p(x|0) is till a probability density for z. Then, using Theorem 16, the
appropriate reference prior is

» 0<x <1

p(z]0) =

7(0) < h(0)/? x (0 +1)"10~"

and it is easily verified that this prior leads to a posterior in which the data are no longer
overwhelmed. If the physical conditions of the problem require the use of discrete 6 values,
one could always use, for example,

j+1/2

3/2
p(0=1|z) = / (0] 2)d6,  pO=j|z) = / (0l2)d6, > 1
0 j—1/2

as an approximate discrete reference posterior.

Prediction and Hierarchical Models.

Two classes of problems that are not covered by the methods so far discussed are hier-
archical models and prediction problems. The difficulty with these problems is that there are
unknowns (typically the unknowns of interest) that have specified distributions. For instance, if
one wants to predict y based on z when (y, z) has density p(y, z | ), the unknown of interest
is y, but its distribution is conditionally specified. One needs a reference prior for 8, not y.
Likewise, in ahierarchical model with, say, i1, pa, . . ., 11, bEING N(14; | 120, A), the p;'s may be
the parameters of interest but a prior isonly needed for the hyperparameters y,o and ).

The obvious way to approach such problemsisto integrate out the variables with condi-
tionally known distributions (y in the predictive problem and the { i1; } inthe hierarchical model),
and find the reference prior for the remaining parameters based on this marginal model. The
difficulty that arises is how to then identify parameters of interest and nuisance parameters to
construct the ordering necessary for applying the reference prior method, the real parameters of
interest having been integrated out.

Infuturework, we proposeto deal with thisdifficulty by defining the parameter of interest
in the reduced model to be the conditional mean of the original parameter of interest. Thus, in
the prediction problem, E[y|6] (which will be either 6 or some transformation thereof) will be
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the parameter of interest, and in the hierarchical model E[u; | 1.0, A\] = po will be defined to be
the parameter of interest. Thistechnigque has so far worked well in the examplesto which it has
been applied, but further study is clearly needed.

See Aitchison and Dunsmore (1975) and Geisser (1993) for some examples of non-
subjective predictive posterior distributions.
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4. Discussion and Further References

In this monograph, we have described the motivation, definition, and derivation of ref-
erence posterior distributions, we have illustrated the theory with a number of examples, and
we have demonstrated some of the properties which may be used to substantiate the claim that
they constitute the more promising available method to derive non-subjective prior distributions.
However, the definition and possible uses of non-subjective priors, which under this and many
other labels (such as“ conventional, “default”, “formal”, “neutral”, “flat” or “noninformative”),
are intended to provide Bayesian solutions which do not require to assess a subjective prior,
have always been arather polemic issue among statisticians. In this final chapter, we provide
an overview of some of the main directions followed in this search for Bayesian objectivity, we
summarize some of the elements of the discussion, and we provide signpostsfor thoseinterested
in pursuing the subject at a deeper level.

4.1. HISTORICAL DEVELOPMENT

Inthe early worksby Bayes (1763) and L aplace (1814/1952), the definition of anon-informative
prior is based on what has now become known as the principle of insufficient reason, or the
Bayes-L aplace postulate. Accordingto thisprinciple, inthe absence of evidenceto the contrary,
all possibilities should have the same initial probability. Thisis closely related to the so-called
Laplace-Bertrand paradox; see Jaynes (1971) for an interesting Bayesian resolution.

In particular, if an unknown quantity, ¢, say, can only take afinite number of values, M,
say, the non-informative prior suggested by the principle is the discrete uniform distribution
p(¢) ={1/M,...,1/M}. Thismay, at first sight, seem intuitively reasonable, but Example 13
showed that even in simple, finite, discrete cases care can be required in appropriately defining
the unknown quantity of interest. Moreover, in countably infinite discrete cases, the uniform
(now improper) prior is known to produce unappealing results. Jeffreys (1939/1961, p. 238)
suggested, for the case of the integers, the prior

mn)xn™t, n=1,2,....

Far more recently, Rissanen (1983) used a coding theory argument to motivate the prior

1 1 1
m(n) « -

=1,2,....
8 logn % loglogn nEhs
However, as indicated in Example 20, embedding the discrete problem within a continuous
framework and subsequently discretising the resulting reference prior for the continuous case
may produce better results.

If the space, ®, of ¢ valuesisacontinuum (say, thereal line) the principle of insufficient
reason has been interpreted as requiring a uniform distribution over ®. However, a uniform
distribution for ¢ implies a non-uniform distribution for any non-linear monotone transforma-
tion of ¢ and thus the Bayes-Laplace postulate is inconsistent in the sense that, intuitively,
“ignorance about ¢” should surely imply “equal ignorance” about a one-to-one transformation
of ¢. Specificaly, if some procedure yields p(¢) asanon-informative prior for ¢ and the same
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procedureyieldsp(¢) asanon-informative prior for aone-to-onetransformation ¢ = ((¢) of ¢,
consistency would seem to demand that p(¢)d¢ = p(¢)de; thus, a procedure for obtaining the
“ignorance” prior should presumably be invariant under one-to-one reparametrisation.

Based on these invariance considerations, Jeffreys (1946) proposed as a non-informative
prior, with respect to an experiment e = { X, ¢, p(z | ¢) }, involving a parametric model which
depends on a single parameter ¢, the (often improper) density

(9) o< h(e)'/?,
where )
W) = /X p(z| ¢>a%logp<x 16) da .

In effect, Jeffreys noted that the logarithmic divergence locally behaves like the square of a
distance, determined by a Riemannian metric, whose natural length element is h(gb)l/ 2 and
that natural length elements of Riemannian metrics are invariant to reparametrisation. In an
illuminating paper, Kass (1989) elaborated on this geometrical interpretation by arguing that,
more generally, natural volume elements generate “uniform” measures on manifolds, in the
sense that equal massis assigned to regions of equal volume, the essential property that makes
L ebesgue measure intuitively appealing.

In hiswork, Jeffreys explored theimplications of such anon-informative prior for alarge
number of inference problems. He found that his rule (by definition restricted to a continuous
parameter) workswell inthe one-dimensional case, but can lead to unappealing results (Jeffreys,
1939/1961, p. 182) when one tries to extend it to multiparameter situations.

The procedure proposed by Jeffreys preferred rule was rather ad hoc, in that there
are many other procedures (some of which he described) which exhibit the required type of
invariance. His intuition as to what is required, however, was rather good. Jeffreys solution
for the one-dimensional continuous case has been widely adopted, and a number of aternative
justifications of the procedure have been provided.

Perks (1947) used an argument based on the asymptotic size of confidence regions to
propose a non-informative prior of the form

() o s(¢) "

where s(¢) is the asymptotic standard deviation of the maximum likelihood estimate of ¢.
Under regularity conditions which imply asymptotic normality, this turns out to be equivalent
to Jeffreys rule.

Lindley (1961b) argued that, in practice, one can always replace a continuous range of
¢ by discrete values over a grid whose mesh size, 6(¢), say, describes the precision of the
measuring process, and that a possible operational interpretation of “ignorance” isaprobability
distribution which assigns equal probability to al points of this grid. In the continuous case,
thisimplies a prior proportional to 6(¢)~!. To determine §(¢) in the context of an experiment
e ={X,¢,p(x| o)}, Lindley showed that if the quantity can only take thevalues ¢ or ¢+ §(¢),

theamount of information that e may be expected to provideabout ¢, if p(¢) = p(¢+3(¢)) = 1,

is 20%(¢)h(s). This expected information will be independent of ¢ if 6(¢) o h(¢)~ /2, thus
defining an appropriate mesh; arguing as before, this suggests Jeffreys’ prior m(¢) o h(6)"/2.
Akaike (1978a) used arelated argument to justify Jeffreys prior as“locally impartial”.
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Welch and Peers (1963) and Welch (1965) discussed conditions under which there is
formal mathematical equivalence between one-dimensiona Bayesian credible regions and cor-
responding frequentist confidence intervals. They showed that, under suitable regularity as-
sumptions, one-sided intervals asymptotically coincide if the prior used for the Bayesian anal-
ysisis Jeffreys prior. Peers (1965) later showed that the argument does not extend to several
dimensions. Hartigan (1966b) and Peers (1968) discuss two-sided intervals. Tibshirani (1989),
Mukerjee and Dey (1993) and Nicolau (1993) extend the analysis to the case where there are
nuisance parameters.

Hartigan (1965) reported that the prior density which minimisesthe bias of the estimator
d of ¢ associated with the loss function i(d, ¢) is

w0 =) [ o] |

If, in particular, one uses the discrepancy measure

I(d,¢) = / p(z | §) log

d=¢

p(z|9)
p(xld)

asanatural loss function, thisimpliesthat w(¢) = h(¢)'/2, whichiis, again, Jeffreys’ prior.

Good (1969) derived Jeffreys prior as the “least favourable” initial distribution with
respect to a logarithmic scoring rule, in the sense that it minimises the expected score from
reporting the true distribution. Since the logarithmic score is proper, and hence is maximised
by reporting the true distribution, Jeffreys prior may technically be described, under suitable
regularity conditions, as a minimax solution to the problem of scientific reporting when the
utility function is the logarithmic score function. Kashyap (1971) provided a similar, more
detailed argument; an axiom system is used to justify the use of an information measure as a
payoff function and Jeffreys’ prior is shown to be aminimax solution in a—two person— zero
sum game, where the statistician chooses the “non-informative” prior and nature chooses the
“true” prior.

Hartigan (1971, 1983, Chapter 5) defines a similarity measure for events E, F' to be
P(ENF)/P(E)P(F)andshowsthat Jeffreys’ prior ensures, asymptotically, constant similarly
for current and future observations.

Following Jeffreys (1955), Box and Tiao (1973, Section 1.3) argued for selecting aprior
by convention to be used as a standard of reference. They suggested that the principle of
insufficient reason may be sensible in location problems, and proposed as a conventional prior
7(¢) for amodel parameter ¢ that 7(¢) which implies a uniform prior

() = 7(6) ]3—;

forafunction { = ((¢) suchthat p(z | {) is, at least approximately, alocation parameter family;
that is, such that, for some functions g and f,

p(z]¢) ~glC(¢) — fz)].

Using standard asymptotic theory, they showed that, under suitable regularity conditions and
for large samples, thiswill happen if

-1
X c

¢
((¢) = / W) 2do
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i.e., if thenon-informative prior isJeffreys’ prior. For arecent reconsideration and el aboration of
theseideas, see Kass (1990), who extends the analysis by conditioning on an ancillary statistic.

Unfortunately, although many of the arguments summarised above generalise to the
multiparameter continuous case, leading to the so-called multivariate Jeffreys rule
m(0) o |H(8)|"?,

where
2

(HO)) =~ [ ple|0) 37755 oxp(z ] 0)ds

is Fisher’s information matrix, the results thus obtained typically have intuitively unappealing
implications. Anexampleof this, pointed out by Jeffreys himself (Jeffreys, 1939/1961 p. 182) is
provided by the simple location-scale problem —described below for the normal case— where
the multivariate rule leads to the prior 7(6, o) o o2, where @ is the location and o the scale
parameter, rather than to the commonly accepted 7(#, o) o< o~! (which is also the reference
prior, when either 6 or o are the quantities of interest). See, also, Stein (1962).

Example 21. Univariate normal model. Let {z1,...,z,} be a random sample from
N(z|p, ), and consider o = A\~1/2, the (unknown) standard deviation. In the case of known
mean, ;. = 0, say, the appropriate (univariate) Jeffreys prior is (o) o< o~! and the posterior
distribution of o would be such that [Z_,x?] /o2 is x2. In the case of unknown mean, if we
used the multivariate Jeffreys prior 7(u, o) o< o~? the posterior distribution of o would be
such that [X, (z; — )?]/o? is, again, x2. Thisiswidely recognised as unacceptable, in that
one does not lose any degrees of freedom even though one has lost the knowledge that i = 0,
and conflicts with the use of the widely adopted reference prior (u, o) = o~1, which implies

thet [, (i — 2)2)/0 isx2_. )

Thekind of problem exemplified aboveled Jeffreysto thead hoc recommendation, widely
adopted in the literature, of independent a priori treatment of location and scale parameters,
applying his rule separately to each of the two subgroups of parameters, and then multiplying
theresulting formstogether to arrive at the overall prior specification. For anillustration of this,
see Geisser and Cornfield (1963): for an elaboration of the idea, see Zellner (1986a).

At this point, one may wonder just what has become of the intuition motivating the
arguments outlined above. Unfortunately, although the implied information limits are mathe-
matically well-defined in one dimension, in higher dimensions the forms obtained may depend
on the path followed to obtain the limit. Similar problems arise with other intuitively appealing
desiderata. For example, the Box and Tiao suggestion of auniform prior following transforma-
tion to a parametrisation ensuring data translation generalises, in the multiparameter setting, to
the requirement of uniformity following a transformation which ensures that credible regions
are of the same size. The problem, of course, is that, in several dimensions, such regions can
be of the same size but very different in form.

Jeffreys’ original requirement of invariance under reparametrisation remains perhaps the
most intuitively convincing. If thisisconceded, it followsthat, whatever their apparent motivat-
ing intuition, approaches which do not have this property should be regarded as unsatisfactory.
Such approaches include the use of limiting forms of conjugate priors, as in Haldane (1948),
Novick and Hall (1965), Novick (1969), DeGroot (1970, Chapter 10) and Piccinato (1973,
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1977), a predictivistic version of the principle of insufficient reason, Geisser (1984), and dif-
ferent forms of information-theoretical arguments, such as those put forward by Zellner (1977,
1991), Geisser (1979) and Torgesen (1981).

Maximising the expected information (as opposed to maximising the expected missing
information) gives invariant, but unappealing results, producing priors that can have finite
support (Berger et al., 1989). Other information-based suggestions are those of Eaton (1982),
Spall and Hill (1990) and Rodriguez (1991).

Partially satisfactory results have neverthel ess been obtained in multiparameter problems
where the parameter space can be considered as agroup of transformations of the sampl e space.
Invariance considerations within such a group suggest the use of relatively invariant (Hartigan,
1964) priorslike the Haar measures. Thisideawas pioneered by Barnard (1952). Stone (1965)
recognised that, in an appropriate sense, it should be possible to approximate the resul ts obtained
using a non-informative prior by those obtained using a convenient sequence of proper priors.
He went on to show that, if agroup structure is present, the corresponding right Haar measure
is the only prior for which such a desirable convergence is obtained. It is reassuring that, in
those one-dimensional problems for which agroup of transformations does exist, the right Haar
measures coincides with the relevant Jeffreys’ prior. For some undesirabl e consequences of the
left Haar measure see Bernardo (1978b). Further developments involving Haar measures are
provided by Zidek (1969), Villegas (1969, 1971, 1977a, 1977b, 1981), Stone (1970), Florens
(1978, 1982), Chang and Villegas (1986) and Chang and Eaves (1990). Dawid (1983b) provides
an excellent review of work up tothe early 1980’s. However, alarge group of interesting models
do not have any group structure, so that these arguments cannot produce general solutions.

Even when the parameter space may be considered as a group of transformations there
is no definitive answer. In such situations, the right Haar measures are the obvious choices and
yet even these are open to criticism.

Example 22. Standardised mean. Let x = {z,...,x,} be arandom sample from a
normal distribution N (x|, A). The standard prior recommended by group invariance argu-
mentsis (i, o) = o~ where A = o2, Although this gives adequate results if one wants to
makeinferencesabout either 1. or o, it isquite unsatisfactory if inferences about the standardised
mean ¢ = p /o arerequired. Stone and Dawid (1972) show that the posterior distribution of ¢
obtained from such a prior depends on the data through the statistic

Z?:l Li
(Z?:l 5%2)1/2

t =

whose sampling distribution,

p(t|p,0) =p(t]¢)

12 (7=3)/2 oo 2
= e*"‘bz/2 {1 — —} / W't exp {_w_ + t¢w} dw,
n 0 2

only depends on ¢. One would, therefore, expect to be able to “match” the original inferences
about ¢ by the use of p(¢ | ¢) together with some appropriate prior for ¢. However, no such
prior exists.

On the other hand, the reference prior relative to the ordered partition (¢, o) is (see
Example 15)

w(6,0) = (1+ 36%) V207!
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and the corresponding posterior distribution for ¢ is

00 2
m(p|x) o< (1 + %qﬁQ)_l/Q {e_mﬂp/ W' lexp { — % + Apw Hdw
0

We observethat thefactor in square bracketsis proportional top(t | ¢) and thustheinconsistency
disappears.
]

This type of marginalisation paradox, further explored by Dawid, Stone and Zidek
(1973), appearsin alarge number of multivariate problems and makesit difficult to believe that,
for any given model, asingle prior may be usefully regarded as “ universally” non-informative.
Jaynes (1980) disagrees, Dawid et al. (1980) contest his argument.

An acceptable general theory for non-informative priors should be able to provide con-
sistent answersto the sameinference problem whenever thisis posed in different, but equivalent
forms. Although this idea has failed to produce a constructive procedure for deriving priors, it
may be used to discard those methods which fail to satisfy this rather intuitive requirement.

Example 23. Correlation coefficient. Let (z,y) = {(z1,41),...,(zn,yn)} bearan-
dom sample from a bivariate normal distribution, and suppose that inferences about the corre-
lation coefficient p are required. It may be shown that if the prior is of the form

ﬂ-(/*blv w2,01,02, p) = W(P)Ufaagaa
which includes all proposed “non-informative” priors for this model that we are aware of, then
the posterior distribution of p is given by

m(p|lz,y)=m(p|r)

T(p)(1 = p*)lr2e Bz g L+pr
T (L= )62 Flyanta—jz !

where
_ Y i %iYi —NTY
(@i =222 (v — 9)2] 2
is the sample correlation coefficient, and F' is the hypergeometric function. This posterior

distribution only depends on the data through the sample correlation coefficient r; thus, with
thisform of prior, r is sufficient. On the other hand, the sampling distribution of r is

r

p(r| p, p2, 01,02, p) = p(r| p)
_ (1—/92)(”_1)/2(1—7’2>(n_4)/2F 11  L+pr
B (1— pryn—3/2 petTe Ty )

Moreover, using the transformations § = tanh~'p and t = tanh'r, Jeffreys prior for this
univariate mode! isfound to be 7(p) oc (1 — p?)~! (seeLindley, 1965, pp. 215-219).

Hence one would expect to be able to match, using this reduced model, the posterior
distribution 7(p | ) given previously, so that

m(p|r) o p(r|p)(1 —p*)~"
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Comparison between 7(p | r) and p(r | p) shows that thisis possible if and only if « = 1, and
m(p) = (1 — p?)~1. Hence, to avoid inconsistency the joint reference prior must be of the form

m(p1, g2, 01,09, p) = (1 — p*) oy oyt

whichisprecisely (see Example 19) the reference prior relative to any ordered parameterisation
which beginsby p, such as {p, 1, p2, o1, 02}
However, it is easily checked that Jeffreys multivariate prior is

m(u1, 2, 01,02, p) = (1 — p) 20 %05

and that the “two-step” Jeffreys multivariate prior which separates the location and scale pa-

rametersis

F(H? :u2>7r(0.17 02, p) = (1 - 102)_3/201_102_1'

For further detailed discussion of this example, see Bayarri (1981).
[l

Once again, this example suggests that different non-informative priors may be ap-
propriate depending on the particular function of interest or, more generally, on the ordered
parameterisation.

Although marginalisation paradoxes disappear when one uses proper priors, to use proper
approximations to non-informative priors as an approximate description of “ignorance” does
not solve the problem either.

Example 24. Stein’s paradox. Let « = {x,...,x,} be a random sample from a
multivariate normal distribution Ny (x | ., I.}. Let T; be the mean of the n observations from
coordinate and let t = ", 72. The universally recommended “non-informative” prior for this
model is7(p1, ..., ux) = 1, which may be approximated by the proper density

m
w(pns k) = [ N (il 0, ),
i=1

where X is very small. However, if inferences about ¢ = >, M? are desired, the use of this
prior overwhelms, for large k£, what the data have to say about ¢. Indeed, with such a prior
the posterior distribution of n¢ is anon-central x? distribution with % degrees of freedom and
non-centrality parameter nt, so that

Blolal=t+%, Vigla=2 |2+ %]
n n n

while the sampling distribution of nt is a non-central x? distribution x%(nt | k, n¢), with k
degrees of freedom and parameter n¢, so that E[t | 9] = ¢ + k/n. Thus, with, say, £ = 100,
n = 1andt = 200, we have E[¢ | z] ~ 300, V¢ | z] ~ 322, whereas the unbiased estimator
based on the sampling distribution gives{b =t — k ~ 100.

However, the asymptotic posterior distribution of ¢ is N (¢ | ¢, (4¢)~1) and hence, by
Theorem 16, the reference posterior for ¢ relativeto p(t | ¢) is

m(¢|x) < w(@)p(t|d) < ¢/ 2x*(nt | k,ng)

whose mode is close to ¢ . It may be shown that this is also the posterior distribution of ¢
derived from the reference prior relative to the ordered partition {¢, w1, ..., wy_1}, obtained
by reparametrising to polar coordinatesin the full model. For further details, see Stein (1959),
Efron (1973), Bernardo (1979b) and Ferrandiz (1982).

H
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Naive use of apparently “non-informative” prior distributions can lead to posterior dis-
tributions whose corresponding credible regions have untenable coverage probabilities, in the
sense that, for some region C', the corresponding posterior probabilities P(C | z) may be com-
pletely different from the conditional values P(C' | ) for aimost all # values.

Such a phenomenon is often referred to as strong inconsistency (see, for example, Stone,
1976). However, by carefully distinguishing between parameters of interest and nuisance
parameters, reference analysis avoids this type of inconsistency. An illuminating example is
provided by the reanalysis by Bernardo (1979b, reply to the discussion) of Stone's (1976)
Flatland example.

Jaynes (1968) introduced amore general formulation of the problem. He allowed for the
existence of a certain amount of initial “objective” information and then tried to determine a
prior which reflected thisinitial information, but nothing else (see, also, Csiszar, 1985). Jaynes
considered the entropy of a distribution to be the appropriate measure of uncertainty subject
to any “objective’ information one might have. If no such information exists and ¢ can only
take afinite number of values, Jaynes’ maximum entropy solution reduces to the Bayes-L aplace
postulate. Hisarguments are quite convincing in thefinite case; however, if ¢ iscontinuous, the
non-invariant entropy functional, H{p(¢)} = — [ p(¢)logp(¢)d¢, no longer has a sensible
interpretation in terms of uncertainty. Jaynes solution is to introduce a “reference” density
m(¢) in order to define an “invariantised” entropy,

B o P1)
[ p() 108 2550

and to use the prior which maximises this expression, subject, again, to any initial “objective’
information one might have. Unfortunately, =(¢) must itself be a representation of ignorance
about ¢ so that no progress has been made. If a convenient group of transformationsis present,
Jaynes suggests invariance arguments to select the reference density. However, no general
procedure is proposed.

Context-specific “non-informative” Bayesian analyses have been produced for specific
classesof problems, with no attempt to provide ageneral theory. Theseinclude dynamic models
(Pole and West, 1989) and finite popul ation survey sampling (Meeden and Vardeman, 1991).

The quest for non-informative priors could be summarised as follows.

(i) Inthefinite case, Jaynes principle of maximising the entropy is convincing, but cannot
be extended to the continuous case.
(if) In one-dimensional continuous regular problems, Jeffreys prior is appropriate.

(iii) Theinfinite discrete case can often be handled by suitably embedding the problem within
a continuous framework.

(iv) Incontinuous multiparameter situationsthereisno hopefor asingle, unique, “non-infor-
mative prior”, appropriate for all the inference problems within a given model. To avoid
having the prior dominating the posterior for some function ¢ of interest, the prior has
to depend not only on the model but also on the parameter of interest or, more generally,
on some notion of the order of importance of the parameters.

The reference prior theory introduced in Bernardo (1979b) avoids most of the problems
encountered with other proposals. It reducesto Jaynes form in the finite case and to Jeffreys
form in one-dimensional regular continuous problems, avoiding marginalisation paradoxes by
insisting that the reference prior be tailored to the parameter of interest. However, subse-
guent work by Berger and Bernardo (1989) has shown that the heuristic argumentsin Bernardo
(1979b) required more precise definitions in complicated situations. Moreover, Berger and
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Bernardo (1992a, 1992b, 1992c) showed that the partition into parameters of interest and nui-
sance parameter may not go far enough and that reference priors should be viewed relative to a
given ordering—or, more generally, a given ordered grouping—of the parameters. Thisisthe
approach that has been described in detail in Chapter 3.

4.2. INTERPRETATION OF NON-SUBJECTIVE PRIORS

A major criticism to the use of non-subjective priors comes from subjectivist Bayesians, who
argue that the prior should be an honest expression of the analyst’s prior knowledge and not a
function of the model, speciadly if this involves integration over the sample space and hence
may violate the likelihood principle.

... why should one's knowledge, or ignorance, of a quantity depend on the ex-
periment being used to determineit? Lindley (1972, p. 71).

In many situations, we would accept this argument. However, as we argued earlier,
priors which reflect knowledge of the experiment can sometimes be genuinely appropriate in
Bayesian inference, as mentioned the discussion of stopping rules in Section 1.4. Moreover,
priors intended to serve as reference points with respect to specific experimental setups should
naturally depend on the experiment to be analysed

In general we feel that it is sensible to choose a non-informative prior which
expresses ignorance relative to information which can be supplied by a particular
experiment. If theexperiment ischanged, then theexpression of relativeignorance
can be expected to change correspondingly. (Box and Tiao, 1973, p. 46).

Posteriorsobtained from actual prior opinions could then be compared with those derived
from areference analysisin order to assess the relative importance of theinitial opinionson the
final inference. Indeed, from a foundational viewpoint, the derivation of a reference posterior
should be seen as part of ahealthy sensitivity analysis, whereit isdesired to analyze the changes
inthe posterior of interest induced by changesintheprior: areferenceposterior isjust an answer
to awhat if question, namely what could be said about the quantity of interest given the data, if
one's prior knowledge were dominated by the data. If the experiment is changed the reference
prior may be expected to change correspondingly; if subjective prior information is specified,
the corresponding posterior could be compared with the reference posterior in order to assess
therelativeimportance ontheinitial opinionsinthefinal inference. Moreover, from apragmatic
point of view, it must be stressed that in the Bayesian analysis of the complex multiparameter
models which are now systematically used as a consequence of the availability of numerical
MCM C methods (model stypically intractablefrom afrequentist perspective), thereislittle hope
for a detailed assessment of a huge personal multivariate prior; the naive use of some tractable
“noninformative” prior may then hide important unwarranted assumptions which may easily
dominate the analysis (see e.g., Casella, 1996, and references therein). Careful, responsible
choice of a non-subjective prior isthen possibly the best available aternative.

It should aso be mentioned here that some Bayesian statisticians would follow Jeffreys
(1939/1961) or Jaynes (1996) in aradical non-subjective view: they would claim that subjective
priors are useless for scientific inference and so, non-subjective priors are necessary because
thereis nothing else to do.
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4.3. IMPROPER PRIORS

Reference priors may occasionally proper probability even when the parameter space @ is not
bounded. (see e.g., Bernardo and Ramon, 1998, Sec. 3 for an interesting example). However,
reference priors associated to models with unbounded parameter spaces are typically improper
inthat, in most cases, if ® isnot compact, then [ m(¢) d¢ = co. This has often been criticized
on the grounds that (i) foundational arguments require the use of aproper prior, and (ii) the use
of improper priors may lead to unsatisfactory posteriors.

With respect to the foundational issue, we should point out that the natural axioms do
not imply that the prior must be proper: they only lead to finite additivity, which is compatible
with improper measures. However, the further natural assumption of conglomerability leads
to o-additivity and, hence, to proper measures; some signposts to this interesting debate are
Heath and Sudderth (1978, 1989), Hartigan (1983), Cifarelli and Regazzini (1987), Seidenfeld
(1987), Consonni and Veronese (1989) and Lindley (1996). It must be stressed however that,
by definition, non-subjective priors are not intended to describe personal beliefs: they are only
positive functions to be formally used in Bayes theorem to obtain non-subjective posteriors,
—which indeed should always be proper given aminimum sample size—. Uncritical use of a
“noninformative” prior may lead to an improper posterior (see e.g., Berger, 1985, p. 187, for a
well known example); the precise conditions for an improper prior to lead to aproper posterior
are not known, but we are not aware of any example where the reference algorithm has lead to
an improper posterior given a sample of minimum size.

It is very important to emphasize here that the use of a proper prior does certainly not
guarantee a sensible behaviour of the resulting posterior. Indeed, if an improper prior leads
to a posterior with undesirable properties, the posterior which would result from a proper
approximation to that prior, —say that obtained by truncation of the parameter space—, will
still have the same undesirable properties; for instance (see Example 24), the posterior of the
sum of the squares of normal means ¢ = 2?21 /@ based on ajoint uniform prior on the means
w(p1, - ., ) o< lisextremely unsatisfactory asanon-subjective posterior (Stein, 1959), but so
itistheposterior of ¢ based ontheproper multinormal prior (g1, . . ., ftm) o< [; N(1:]0, ), for
small precision A. Proper or improper, what must pragmatically be required from non-subjective
priorsisthat, for any data set, they lead to sensible, data dominated, posterior distributions.

Finally, the use of improper non-subjective prior distributions have sometimes been
criticised on the grounds that they may lead to inadmissible estimates (see, e.g. Stein, 1956).
However, sensible non-subjective posteriors should be expressible as alimit of some sequence
of posteriorsderived from proper priors (Stone, 1963, 1965, 1970; Stein, 1965; Akaike, 1980a);
thisis precisely the procedure used to define reference distributions. Regarded as a “baseline”
for admissible inferences, reference posterior distributions need not be themselves admissible,
but only arbitrarily close to admissible posteriors.

4.4. CALIBRATION

Non-subjective posterior credible intervals are often numerically very close, and sometimes
identical, to frequentist confidence intervals based on sufficient statistics (for an instructive
discussion of how unsatisfactory confidence intervals may be when not based on sufficient
statistics see Jaynes, 1976). Indeed, the analysis on the frequentist coverage probabilities of
credible intervals derived from non-subjective posteriors, —in an attempt to verify whether or
not they are “well calibrated” —, has a very long history, and it does provide some bridges
between frequentist and Bayesian inference. References within this topic include Lindley
(1958), Welch and Peers (1963), Bartholomew (1965), Peers (1965, 1968), Welch (1965),
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Hartigan (1966, 1983), DeGroot (1973), Robinson (1975, 1978), Rubin (1984), Stein (1985),
Chang and Villegas (1986), Tibshirani (1989), Dawid (1991), Severini (1991, 1993, 1994),
Ghosh and Mukerjee (1992, 1993), Efron (1993), Mukerjee and Day (1993), Nicolau (1993),
DiCiccio and Stern (1994), Samaniego and Reneau (1994), Dattaand Ghosh (19954) and Datta
(1996).

This is a very active research area; indeed, the frequentist coverage probabilities of
posterior credible intervals have often been an important el ement in arguing among competing
non-subjective posteriors, as in Stein (1985), Efron (1986), Tibshirani (1989), Berger and
Bernardo (1989), Yeand Berger (1991), Liseo (1993), Berger and Yang (1994), Yang and Berger
(1994), Ghosh, Carlin and Srivastava (1995) and Sun and Ye (1995). Reference posteriors have
consistently been found to have very attractive coverage properties, even for small samples, but
no general results have been established.

4.5. FURTHER SIGNPOSTS

The classic books by Jeffreys (1961), Lindley (1965) and Box and Tiao (1973) are a must
for anyone interested in non-subjective Bayesian inference; they prove that most “textbook”
inference problems have a simple non-subjective Bayesian solution, and one which produces
credibleintervals which are often, numerically, either identical or very closeto their frequentist
“accepted” counterparts, but much easier to obtain (andtointerpret). Zellner (1971) isatextbook
on econometrics from a non-subjective Bayesian viewpoint; Geisser (1993) summarizes many
results on non-subjective posterior predictive distributions.

In Section 4.1 we have outlined the interesting history of the topic, which dates back to
Laplace (1812), and has known along modern revival which began with Jeffreys (1939/1961).
Inthisfinal section, wesimply recall itsbasic milestones: Jeffreys(1946), Perks(1947), Lindley
(1961), Geisser and Cornfield (1963), Welch and Peers (1963), Hartigan (1964, 1965), Novick
and Hall (1965), Jaynes (1968, 1971), Good (1969), DeGroot (1970, Ch. 10), Villegas (1971,
1977, 1981) Box and Tiao (1973, Sec. 1.3), Zellner (1977, 1986), Akaike (1978), Bernardo
(2979), Geisser (1979, 1984), Rissanen (1983), Tibshirani (1989) and Berger and Bernardo
(1989, 1992¢). The study of the development of this long quest may be completed with the
review paper by Kass and Wasserman (1996), and references therein.

Some recent devel opmentsin the definition of non-subjective priorsinclude Eaton (1992),
Ghosh and Mukerjee (1992), M ukerjee and Dey (1993), Clarke and Wasserman (1993), George
and McCulloch (1993), Ye&(1993), Clarke and Barron (1994), Wasserman and Clarke (1995),
Datta and Ghosh (1995b, 1995c, 1996), Zellner (1996) and Bernardo (1999). Yang and Berger
(1996) isapartial catalog, alphabetically ordered by probability model, of many non-subjective
priorswhich have been suggested in the literature. Bernardo (1997a) isanon technical analysis,
in adialog format, on the foundational issues involved, and it is followed by a discussion.

For someone specifically interested in reference distributions, the original discussion
paper, Bernardo (1979b), iseasily read and it isfollowed by avery lively discussion; Bernardo
(1981) extends the theory to general decision problems; Berger and Bernardo (1989, 1992c¢)
contain crucial mathematical extensions. A simpleintroductionto referenceanaysisisprovided
in Bernardo and Ramén (1998).

Paperswhich contain explicit analysisof specificreferencedistributionsinclude Bernardo
(1977, 1978, 1979, 1980, 1982, 1985), Bayarri (1981, 1985), Ferrandiz (1982, 1985), Sendra
(1982), Eaves (19833, 1983b, 1985), Bernardo and Bayarri (1985), Chang and Villegas (1986),
Hills (1987), Mendoza (1987, 1988), Bernardo and Girdn (1988), Lindley (1988), Berger and
Bernardo (1989, 1992a, 1992b, 1992c¢), Pole and West (1989), Chang and Eaves (1990), Polson
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and Wasserman (1990), Ye and Berger (1991), Stephens and Smith (1992), Liseo (1993), Ye
(1993, 1994, 1995), Berger and Yang, (1994) Kubokawa and Robert (1994), Yang and Berger
(1994, 1996), Datta and Ghosh (1995c), Ghosh, Carlin and Srivastava (1995), Sun and Ye
(1995), Ghosal (1996) and Reid (1996).
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Appendix: Basic Formulae

Two sets of tables are provided for reference. The first set records the definition and
some characteristics of the probability distributions used in this monograph. The second set
records the basic elements of the Bayesian reference analysis of some simple models.

A.1l. PROBABILITY DISTRIBUTIONS

This section consists of a set of tables which record the notation, parameter range, variable
range, definition, and first two moments of the probability distributions (discrete and continuous,
univariate and multivariate) used in this monograph.

Univariate Discrete Distributions.

Br(z|6) Bernoulli

0<f<1 r=0,1
plr) = 07(1 - 0)
Elz] =6 Viz] =6(1—0)

Bi(x|60,n) Binomial

0<f<1l,n=1,2,... xr=0,1,...,n

pa) = (7)o oy

El[z] =n# Viz] =nb(1—0)

Bb(z | «,3,n) Binomial-Beta

a>0,>0,n=1,2,... r=0,1,....n
_(n _ I'(a+ )
P = (L) ar@en—n o= pomaie e
B Q _ naf (a+pB+n)
E[x]_na+ﬁ V[x]_(a+ﬁ)2(a+ﬁ+1)




J. M. Bernardo. Bayesian Reference Analysis

Univariate Discrete Distributions (continued).

Hy(x | N, M,n) Hypergeometric
N=12... r=a,a+1,...,b
M=12,... a = max(0,n — M)

n=1.... N+ M

b = min(n, N)

( >_1
c =
n

nNM N+ M —n

Blal =n§7 77 Vil = NNt —1
Nb(z|6,r) Negative-Binomial
0<f<1,r=1,2,... r=0,1,2,...

r+xz—1 :

= 1—-6)" =0

sy =c(" T - 0) :

1—6 1-90
Elz]=r 7 Viz] = Tz
Nbb(z | «, 3,7) Negative-Binomial-Beta
a>0, >0 r=12... r=0,1,2,...

p(x)ZC(thfl) i (3 + )

_ I(a+Al(atr)

a+f+r+x) [(a)0(B)

B B a+pB+r—1 r(
Bl =3 VMV‘@-1){ -2 a-De-2
Pn(z|\) Poisson
A>0 N r=0,1,2,...
p(x) =c ol c=e?
Elx] =\ Viz] = A
Pg(z | a,3,n) Poisson-Gamma
a>0, >0, v>0 x=0,1,2,

_ Mlatz) o _ B
R N e ")

_ ¢ _ e b
Elz] = ’yﬁ Viz] 5 [1 + 5}

83



J. M. Bernardo. Bayesian Reference Analysis

Univariate Continuous Distributions.

Be(x|a,3) Beta

a>0,8>0

O<z<l1
_ Tla+p)
I'(e)I(8)

Viz] =

af

(a+B)2(a+8+1)

Un(z|a,b) Uniform

b>a

Elx] = %(a +b)

Ga(x|a,8) Gamma

a>0,8>0 x>0 .
p(z) =c 2 leP? c= Fﬁ(d)
E[z] = af™! Viz] = af™?
Ex(z|6) Exponential
0>0 x>0
p(z) =ce 0" c=
Elz] =1/6 Viz] = 1/6?
Gy(z | o, B,n) Gamma-Gamma
a>0,6>0n>0 x>0
p(z) = c "1 _ B* T'(a+n)
(8 + z)otr I'(e) T(n)

_ B _ B0 + n(a—1))
Ela] =nT— Vil = e
x2(z|v) = x2 Chi-squared
v>0 x>0

_ v/2)-1_—z/ _ (1/2)V/2
p(x) = caW/D-le—w/2 c= T(w/2)
Ela] =v Viz] = 2v

84



J. M. Bernardo. Bayesian Reference Analysis

Univariate Continuous Distributions (continued).

x2(z |v,A) Non-central Chi-squared

v>0,A>0 x>0
p(z) = Z Pn (Z ‘ §> X2 (x| v+ 2i)
=0
Elz] =v+ X Viz] = 2(v + 2X)

lg(z | o, B) Inverted-Gamma

a>0,8>0 x>0
p(x) = ca (et =B/ c= I‘ﬁ(:)
__B B 3’
Elal =27 Vil = e =

x'(z|v) Inverted-Chi-squared

V=0 x>0
xr)=-c x_(V/Q‘Fl)e—l/Qm? . (1/2)V/2
" 1 I'(v/2) ,
Elx] = v—2 Viz] = (I/—Q)Q(I/—Zl)

Ga '/%(xz|a,8) Squareroot Inverted-Gamma

a>0,8>0 x>0
p(z) = ¢ et /a2 ¢ = 1?(5&)
_ VBl(a—1/2) _ B 2
Bla] = Yo Vi) = 2 ]
Pa(x |, ) Pareto
a>0,6>0 B <z <400
p(z) = ¢ z—(e+D) c=af®
E[z] = Ba(a—1)"! Viz] = fa(a—1)"2(a —2)7!
Ip(x |, 3) Inverted-Pareto
a>0, >0 0<z<p!
p(z) = cax ! c=ap"

Elz] = ala+1)7" Vlg] = 2a(a+1)*(a+2)7"
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Univariate Continuous Distributions (continued).

N(x|u,A) Normal

—00 < p < 400, A >0
p(x) = ¢ exp {—§A(x — p)*}
Elz] = p

—0o << +o0
c= )\1/2(27r)_1/2

St(z |, A\, ) Student t

—o0 < <400, A>0,aa>0

p@) = [L+a Ae —p)?] T

—o << +o0o

_I'(3la+1)) (A)W

F(%a) ar

Elz] = p Viz] = X ta(a—2)7!
F(x|a,B) =F,3 Snedecor F
a>0,8>0 x>0

@) 20/2—1 I ((a+p3) a®/2308/2

r) =—cC —
! (B + ax)(@ D)2 NEINEY)

g 28%(a+6-2)

Flz|=—— Vix| =

=5 7= G2 =)
Lo(z|a, 3) Logistic
—o<a<+4o0, >0 —00 < < 400

_ _ _ -2
p(z) =" exp {6z —a)} 1 +exp {6 (z — a)}]
Elz] =« Viz] = 3*72/3
Multivariate Discrete Distributions.
Mug(x |6,n) Multinomial
0:(91,...,9k) :c:(xl,...,:vk)
0<6; <1, Z@’:leggl Sk <
n=172,. r; =0,1,2,...
k+1 k k
p(x) k+1 HQE Opir=1-> 0y, zpp1=n—> x4
=1 T i =1 (=1

E[I,] = ’I‘L@Z V[IL‘Z] = n@z(l - 02) C[l‘l, .Z’j] = —7192'0]'
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Multivariate Continuous Distributions.

Md;(x | 6,n) Multinomial-Dirichlet

a:(oq,...,o%H) :B:(Il,...,xk)
a; >0 r; =0,1,2,...
n=12,... S <n
k+1 a[’é] TL'
e =1l R S—ND
t=1 (Zeil aé)
ol =TT (e + € 1) Thpl =N — Dy T
k+1
+ D4
Elzi] = np; Vizi npi(1 — pi)
K3 7 1 1_’_2];;—11 a/ 7 7
k+1
Q; + 200
bi= 7 C[mi’l’j] = -5 "pip;
s 1+ Y0 o
Diy(x | ) Dirichlet
a:(al,...,akﬂ) zc:(xl,...,xk)
a; >0 O<a<1, S z<1
k 1
17! ap-1 (NOBAIEEY)
p(x) =c I—ng ¢ = —=1
< =1 ) =1 TT72) D)
;i Elz;](1 — Elxi]) —Elzi|Elx;]
Elxi] k+ll [zi] = : Tt 1 = Clai, ] Zk+1 ’
=1 1+ a 1+ a
Ng(x,y | 1, A, ., 3)  Normal-Gamma
weR, A>0 a>0, >0, reR, y>0
p(z,y) = N(x |, \y) Galy | a, B)
Elz] = p Ely] = ap™! Vig] = A a - 1) Viyl = ap™>

p(x) = St | p.aB 1A, 20)

Ni(x |, A) Multivariate Normal

po=(p1,. .., i) € R x=(z1,...,2) € RF
A symmetric positive-definite

p@) = c exp{~b@—wA@— )} o= [A[V2(2m) M2
Elx| =p Vig] =Xt
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Multivariate Continuous Distributions (continued).

PaZ(x7y|a760761) Bilateral Pareto

(Bo, B1) € R2, Bo < Br, @ >0

(l’,y) 6%25 $<ﬁ0, 3/>51

pl,y) = c(y —z) @2 c=ala+1)(B — Bo)"
_afy— A abi—Bo B B — Bo)?

Bel== = BWl=——r  VE=VM= 00 g

Ng,(z,y | p, A, a, 3) Multivariate Normal-Gamma

—OO</L¢<—|—O0,0¢>O,5>O (IB,y):(l’l,...,xk,y)

A symmetric positive-definite —oco<z;<oo, y>0

p(x,y) = Ni(z | p, Ay) Galy | o, )

Elz,y] = (n, af™"), Viz] = (a—1)7'pA7, Viyl = ap™?

p(x) = Sty(z | p, Aaf™!, 20)

p(y) = Ga(y |, B)

Nwy(z,y | @, A, o, B)

Multivariate Normal-Wishart

—00 < p; < 400, A >0
20 >k — 1

3 symmetric non-singular

p(x,y) = Ni(z | p, Ay) Wi (y | o, B)
Blz,y] = {p,af™"}

pl) = Sy | . Mo 20)

x=(x1,...,71)
—o00 < x; < 400
Y symmetric positive-definite

Viz] = (a—1)"18x"}
p(y) = Wii(y|a,B)

Sti(x | u, A, ) Multivariate Sudent

—00 < i < 400, a >0
A symmetric positive-definite

—(a+k)/2

x=(r1,...,7k)
—00 < x; < 400

T ($(a+k))

1
—cl|ll14+ Z(x—pun)t _ _ 1/2
p)=c [t Sa-wNe | o= IO
Elx]=pn, Viz]=X1a-2)"la
Wiy (x |a,3) Wshart
20 >k —1 X symmetric positive-definite

3 symmetric non-singular

p(@) = c|z* D2 exp{— tr(Ba)}

Elz]=aB™!, Elz'|=(a-5)"'

ﬂ.fk(kfl)/4|13|a
I TG 2a+1-0)

C
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A.2. INFERENTIAL PROCESSES

This section records the basic elements of the Bayesian reference analysis of some commonly
used statistical models.

For each of these models, we provide, in separate sections of the table, the following:
the model, the sufficient statistic and its sampling distribution; the reference prior(s) and the
corresponding reference posterior(s), and the reference posterior predictive for a single future
observation.

In the case of uniparameter models this can always be done. We recall, however, from
Section 3.4 that, in multiparameter problems, the reference prior is only defined relative to
an ordered parametrisation. In the univariate normal model N(x |, \) (Example 14), the
reference prior for the orfdered parametrisation (., A) happensto be the same asthat for (A, u),
namely m(u, A) = m(\, 1) o< A~1, and we provide the corresponding reference posteriors for
w and )\, together with the reference predictive distribution for a future observation.

In the multinomial, multivariate normal and linear regression models, however, there
are very many different reference priors, corresponding to different inference problems, and
specified by different ordered parametrisations. These are not reproduced in this Appendix.

Bernoulli model.

z={x1,...,z,}, x; €{0,1}
p(z;|0) = Br(z; | 0), 0<d<1

Poisson Model.

z={x1,...,z,}, x; =0,1,2,...
p(zi | A) = Pn(z; | A), A>0

(z) =r =21

~+

p(r|A) =Pn(r|ni)

T(A) o A71/2

(A 2) :Ga()\lr—l—%,n)
(x| z) = Pg(x|r+%,n,1)
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Negative-Binomial model.

, Tn), x; =0,1,2,...

z = (1
10) = Nb(xz\Gr) 0<f<1

p(z;

t(z) =s5=>3" i
p(s|0) = Nb(s|6,nr)
m(0) o 671 (1 —6)1/2

m(0|z) = Be(@|nr, s + 3)
7(x|z) = Nbb(z \nrs+2,)

Exponential Model.

z={x1,...,z,}, 0<x; <00
p(zi|0) = Ex(z; | 6), 6>0

0
70| z) = Ga(6 | n,t)
(z]2) = Gg(z |n,t,1)

Uniform Moddl.

z={x1,...,x,}, O0<x; <6
p(zi|6) =Un(z;]0,0), >0

t(z) =t =max{xy,...,zp}
p(t]0) =1p(t|n,07")

7(0) o< 0!
(0] z) =Pa(f|n,t)

m(r|z) = 75Un(z]0,), if z <t, %HPa(xm,t) ifz >t
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Normal Model (known precision \).

z={x1,...,z,}, —00 < T; < 00
ozl N = N(zi | X), —o00 < i < oo

Normal Model (known mean ).

z={x1,...,z,}, —00 < T; < 00
p(xi’:uv)‘) :N(xi’:uv)‘)’ A>0

tz)=t= Z? 1(-7"2 N)Q

p(t|pA) = Gat|5n, 5),  p(At) = x*(At|n)
m(A) oc A1

(A z) = Ga(\|in, 1)
(x| 2) = St(z | p,nt~", n)

Normal Model (both parameters unknown).

z={x1,...,z,}, —00 < T; < 00

p( |:u7 ) ($l|:u7 )! —00 < p < 00, A>0

t(z) = (z,s), nZ=3 2, ns’=3(x;—71)

p(Z | p, A) = N(Z |, nA)

p(ns® |, A) = Ga(ns® | 5(n —1),35X),  p(Ans?) = x*(Ans® [n — 1)

) =71 p) o AT n>1

(
(1] 2) =St(u|z, (n—1)s72,n—1)
(
(

3

3

™

A z)=Ga(A|3(n—1),3ns?)
m(z]|z) =St(z]z,(n—1)(n+1)"ts72n—1)
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