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Abstract. Let (Xi,..., X,) be independently and identically distributed ob-
servations from an exponential family pg equipped with a smooth prior density
w on a real d-dimensional parameter 8. We give conditions under which the
expected value of the posterior density evaluated at the true value of the pa-
rameter, y, admits an asymptotic expansion in terms of the Fisher information
I(6y), the prior w, and their first two derivatives. The leading term of the ex-
pansion is of the form n%2¢;(d, ) and the second order term is of the form
n%2=¢y(d, 8o, w), with an error term that is o(n??~!). We identify the func-
tions ¢; and c2 explicitly. A modification of the proof of this expansion gives an
analogous result for the expectation of the square of the posterior evaluated at
0o. As a consequence we can give a confidence band for the expected posterior,
and we suggest a frequentist refinement for Bayesian testing.

Key words and phrases: Expected posterior, asymptotics, relative entropy,
chi-squared distance, Bayes factor.

1. Introduction and summary

Here we present an asymptotic expansion for the expected value of the pos-
terior evaluated at the true value of a parameter. The result can be generalized
to give the expected value of the posterior at any other value of the parameter.
The novelty is that the expectation is taken over the sample space, not over the
parameter space, and is taken with respect to the distribution indexed by the true
value of the parameter. The main contribution, aside from the idea of obtaining
these expansions, is the technical effort required to demonstrate their feasibility.

The formal results were motivated in part by a proposal attributed to I. J.
Good, see Kass and Raftery (1995). Good’s proposal was that the Bayes factor be
used as a test statistic for a frequentist hypothesis test. Our results apply to the

* Clarke’s research was partially supported by Grant 5-54891, UBC Research Services, and
Sun’s work was partially supported by National Security Agency under Grant No. MDA904-96-
1-0074 and a Research Council Grant from the University of Missouri-Columbia.

163



164 BERTRAND CLARKE AND DONGCHU SUN

expectation of a posterior density, not to the ratio of two posterior probabilities
directly. Nevertheless, our results provide a partial frequentist characterization of
the sampling distribution for a Bayesian hypothesis test. Consequently, we give
heuristic guidelines for obtaining confidence bounds on a posterior density and
suggest how to calibrate posterior probabilities in Bayesian testing.

Consider a prior density w on a d-dimensional real parameter 6 indexing a
collection of likelihoods pg. Suppose we have a random vector of data X" =
(X1,...,X,) where the X;’s are drawn independently from p(- | 6o) = pe,(-)-
Denoting the outcomes by z" = (z1,...,Z,), the posterior density is w(8 | 2") =
w(#)pe(xz™)/m(z™) where m(-) is the Bayesian marginal density for the data, that
is, the mixture of distributions over 8, m(z™) = [pa w(6)pe(z™)db.

Our main result is that when p(- | 8) is an exponential family,

nd/2 1/2
D) [l |+ | b0)de" = W"% {1 ' —Llfz%)'} +o(n?71),

where 6 is the value of the parameter taken to be true, I(6;) is the Fisher infor-
mation matrix and L, () is a quantity depending on the prior and its first two
derivatives, but not on n. The quantity L, (6o) is identified in the proof. Outside
of very simple examples such as normal priors and normal likelihoods, it is very
difficult to evaluate the mean, let alone the variance of a posterior, when the inte-
gration is over the sample space. However, results such as (1.1) become possible
when the sample size n is allowed to increase.

The technique of proof for (1.1) can be adapted to give an asymptotic expres-
sion for the expected square of the posterior, namely:

d
12 [t e Loy = L0 {1 2 4 oty

where La(fp) is another quantity depending only on the prior and its first two
derivatives. Our methods generalize to give expansions with smaller error terms.

Note that (1.1) and (1.2) constitute a frequentist assessment of the Bayesian’s
posterior. Indeed, if a Bayesian were to take an expected value of a posterior, for
experimental design purposes for instance, the expectation would be with respect
to the mixture density, m(z™) = [w(@)p(z™ | 8)df. This gives the trivial result
En,w(@| X™) = w(6).

The structure of this paper is as follows. In Section 2 we formally obtain (1.1)
for exponential families. In Section 3 we formally obtain (1.2), also for exponential
families. In Section 4 we discuss implications of our results for frequentist confi-
dence bands around the posterior and for hypothesis testing. Proofs of the more
technical results are gathered into the Appendices at the end.

2. Asymptotic bounds for the expected posterior
2.1 Notation

Our first task will be giving upper and lower bounds on m(z")/p(z™ | 8),
which will be valid on sets whose probability tends to unity. As a consequence, we
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will obtain a lower bound on the expected posterior and a corresponding upper
bound that consists of two terms. The first is similar to the lower bound and
the other is an error term which is typically negligible. To begin this program we
introduce some formalities. We assume that the densities pg are twice continuously
differentiable with respect to 8 for almost every x and that there is a 6 so that for
each j and k from 1 to d we have that

b} 2

0
=7 7g- logp(X1 | 6)

(2.1) E sup 36,00,

lo—60l1<6

is finite and for each 7 we have that

(2.2) E'b%logp(& | 60)

i
is finite. Expectations here are with respect to the n-fold product of p(- | o),
where 6 is a fixed value for . We write pg,(-) = p(- | 6o) for convenience, and
sometimes write Ey, for emphasis. We assume the family is soundly parameterised
in the sense that convergence of a sequence of parameter values is equivalent to
the weak convergence of the distributions they index. Denote the standardized
score function by

(23 £,0) = -V logpo(X™),

and the empirical Fisher information by the d x d matrix

. 1 92
(24) I(60) = (—; ) WIOgP(Xk fo)) :
k=1 i,j=1,...,d

We use a local argument on neighborhoods of the form
(2.5) N(fo, ) = {0| (6 — 60)*1(60)(0 — 60) < @’}

where a > 0 and (@) is the true Fisher information at 8, assumed to be strictly
positive and finite. For ,6 > 0 and satisfying 26/(1 — €) < a we define 3 sets.
The first controls the behavior of the posterior. It is

1

(2.6) An(a,e,00) = {X" | W(N(p,) | X™) > 1+5}’
where W (- | X™) is the probability corresponding to the posterior density w(- |
X™). The second controls I*(6p) on N(y,c). It is
(27) Bn(a,s, 90) = {X" | (1 - 6)(0 - OO)tI(G())(G - 00)

< (6 = 6o)t1*(8')(6 — 6o)

< (14 €)(8 — 60)*1(60)(8 — 6o)

for 6,0’ € N(6p, )}
The third controls the score:
(2.8) Cn(6,60) = {X™ | £,(60)" T (60),(60) < 6%}.
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2.2 Bounds on the density ratio

We use a version of Laplace’s method to obtain bounds on m(z™)/p(z™ | ).
Since we want to examine dependence of the expected posterior on the prior it is
not enough to approximate w(#) on N(6p,a) by w(fy). Indeed, we use a second
order Taylor expansion of the prior density. To control the error, we suppose there
are functions V2w (6, @) and V2w(fy, @) so that

(2.9) lin%) V2w(o, @) = lin}) V2w(b, ) = V2w (6y)
and for 6,8’ € N (8, a) we have the bound

(210) (0 — 60)'V2w(Bo, a)(8 — Bo) < (6 — 00) V2w (8')(0 — 6o)
S (0 —_ Go)tVu‘)2(00, a)(¢9 - 00)

Then, on N(fg, @) we have upper and lower bounds on the prior density given by

(2.11a)  w(6) < w(fo) + (6 — 66)'Vuw(8o) + %(e — 00)'V2(6 — 6,),
and

(2.11b)  w(6) > w(6o) + (6 — 60) Vew(8o) + -;-(9 — 06)'V2w(6 — 65).

We use (2.11a, b) to bound the density ratio by transforming to a quantity
in (§ — u), where u = 8 + =-1""(60)¢,,(60). To state our bounds requires that
we introduce some extra functions which occur in those bounds. For the sake of
exposition we also define some related functions which will be used in the course

of the proof. For the upper bound on the density ratio we use five functions:

(2.12a) Gy = w(bo) + ﬁe;(eo)trl(oo)w(oo)

+ e 00 T (00) VT (001 00),
(2.12b) Gy = (0 — u)? <Vw(9o) + l—isv2ml‘1(00)e;(eo)> ,
(2.12¢) Gs = %(a — W)'V20(6 — u),
(2.12d) G4 = Vw(o) + l—i—av"’wl—l(eo)e;(oo),
(2.120) H,y = (14 £)e(™/2A=2)£a(80) T 00)€,(80)

Note that the sum G; + G2 + G35 is the right hand side of (2.11a). It will be seen
that G4 and H,, appear explicitly in the upper bound. For the lower bound we
use five analogous functions:

(2.13a) Gy = w(bo) + %He;(eo)trl(eo)w(eo)
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+ meg(%)tz ~H(60) V2wl (60)¢., (8o),
@R13)  Ga=(0-w)* (Vuloo) + VI G0,
(2.13¢) Gy = %(0 — w) V(0 - w),
(2.13d) Gy = Vu(6o) + ler—gv@rl(ao)e;,(oo),
(2.13¢) H, = (1 — £)e®/DU+)E.(80)"1 7 (G0)¢,,(60).

Analogously, the sum Gy + Go + G5 gives the right hand side of (2.11b).
Now we can state and prove our bounds on the density ratio.

PROPOSITION 2.1. (a) Upper bound on m(X"™)/p(X™ | 6o): Suppose 6/(1 —
€) < a/2 and the prior density admits a second order Taylor expansion as in
(2.11a). Then on the set A, N B, N C, we obtain the upper bound

mhX") _ Ha(2m)?

2.14a
(210) S T00) < Tnli — BT
tr V2wl ~1(6,) —(n/16)a2(1—¢)
. (Gl + m + Cl(eO)e ) ’
where

2Gi[“1(90)G4
n(l —¢)
Here tr denotes the trace function of a matriz.
(b) Lower bound on m(X™)/p(X™ | 6o): Suppose 6§/(1 + ) < /2 and the

prior density admits a second order Taylor expansion as in (2.11b). Then on the
set B, N C,, we have the lower bound

ma(X™) S H,(2r)4/?

C1(60) = 2” (lGu + | BElvTEl ‘1(9o>V2wI—1(00)1) .

n(l —¢)

2.14b
(EL0) S T80) 2 Tl + o) [0
% tr V2wI~1(6y) —(n/16)a?(1+¢)
. (Gl + m)—* + 02(90)6 ) s
where

2G4 I~ (05)Gy4
n(l+e¢)

", )
N )
n(l+¢)

Ca(8g) = 2d/2 (Ié’ﬂ +

Remark. In the proof of Theorem 2.1 in the Appendix A, it is shown that
under the assumptions already stated at the beginning of this section the proba-
bilities of the sets A,, B, and C, are o(1/n). Thus, from (2.14a, b) we will be
able to obtain a characterization of m,(X™)/p(X™ | 6y) which is exact enough to
approximate the expected posterior asymptotically.

PROOF. See the Appendix A. O
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2.3 Bounds on the posterior

Next, we use the bounds in Proposition 2.1 to obtain bounds on the expected
posterior, Eg,w(f | X™). First, we give a lower bound, then we give an upper
bound of two parts. The first part of the upper bound is the same as the lower
bound. The second part of the upper bound is an additional error term. The main
factor in it is

Tn(8) = / w( | 2)p(z™ | Bo)da™.
(B.NCy)e

For convenience we write 8 = 24/2(2r)~4/2|1(8,)|'/2.

We are unable to demonstrate that J, goes to zero in general. However, in
Proposition 2.2 we give conditions under which J,, will go to zero when py is a
member of a parametric family in exponential form. We conjecture that it does in
fact go to zero under much weaker conditions but have not been able to identify
them.

To state Theorem 2.1, let

Vw(Og)tI‘l (BO)Vw(BO) _ 3tr V2w(00)I_1 (00)

L1 (60) = 202 (60) 2w(8o)
_ 2d/2E[p2,00 (Z)e—Z‘Z/2]
d/2 .
- 2 th(ao)l_l/z(eo)E[Zpl,eo(Z)e_z Z/2]1
w(bo)

where Z is Normal(0, Ijxq) and the polynomials py g,(Z) and p2,6,(Z) are given
in terms of the cumulants of the distribution defined by the density pg,. In the
unidimensional parameter case they are the Hermite polynomials, see Feller (1971).
The general definition for the multidimensional case is given in Bhattacharya and
Rao (1986).

THEOREM 2.1. Assume the conditions stated at the beginning of this section
and in Proposition 2.1. Suppose X; is continuous with positive definite Fisher
information matriz 1(0) and has finite fourth moments. Also, assume that the
characteristic function of X1 is an element of LP for some p > 1. Then we have
the following bounds. Lower bound on the expected posterior:

2d/2(2ﬂ.)d/2

@109t o { S

n—0o0

/ w(f | z")p(" | bo)da™ — 1} > L (60).
Upper bound on the expected posterior:

(2.15b) lim n

n—oo

9d/2(9r)d/2 . i .
{Wé@o))w/wwolw )p(z™ | 6p)dx -1}

7— =— Jn(bo)
< Ly(6o) + Blim nliﬂ;o /21

where the first limit on the right hand side of (2.15b) is over appropriately chosen
sequences of O, €n, 6, — 0, satisfying 26, /(1 — €n) < Qn.
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PROOF. See the Appendix A. O

Our next result gives sufficient conditions for J,(6) — 0 for appropriately
chosen sequences of g, €, 6, — 0. Suppose the parametric family py is of
exponential family with d parameters in the natural parameterization. That is,
write

(2.16) p(z | 0) = ef=¥O),

We show that the extra error term in the upper bound (2.15b) is bounded above
by e~ " for some positive ¢. Note that in an exponential family we can assume
that the set B,, is the entire sample space since the second derivative of the log
likelihood is not a function of the data z™. Furthermore, the set C,, reduces to
the set on which the maximum likelihood estimator is not close to the true value
of the parameter. Thus our task is to bound quantities of the form

Ego[w(fo | X™)15_gq12)]
where 8 is the MLE of 6,.

PROPOSITION 2.2. Suppose that pg is an exponential family with the natural
parametrization. Then, if the natural parameter space has nonvoid interior, we
have that there is a £ = £(e) > 0 so that

(2.17) Ego[w(f0 | X™)1 (5 go15ey] < €75

PROOF. We have that

n
p(z" | 6) = exp {9 Y i+ n¢(9)} )
i=1
where 6 = (64,...,604) and z; = (zi1,...,2:q) for i = 1,...,n. Consequently, for
fixed n we obtain

(2.18) / 8) p((zn l'g)))

> / w(a)exp{ - 00)2x1+n[1/1(0) w(eo)]}d()

i=1

where E = E‘(e’ ,00,> 11 z;) C Q is defined as follows. For &’ > 0, we require
|6; —6,i| < €’ and for given S, i, we require (6; —0,;) Y1 ;5 > 0, where 6y =
(001, - -,004). Since E(€, 6y, Yo i) depends on Y ., ; only on the signs of its
d entrles there are 2¢ possible sets Denote them by E;(g’,6p),. .., Ey(e,6p).
Now we can bound the right hand side of (2.18) from below by

(2.19) inf  w(f) min /E.(E, , )exp{n[zp(t?) — 1(60)]}d6b.

|6—6g| <&’ 1<i<2d
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Since w is continuous and % is convex, we know that for given n > 0, and 6 > 0,
there is ¢ > 0 so small that

(2.20) ¥(0) —¥(0o) > —n  and  w(f) —w(bo) = -5,

if maxi<;<q |0 — 0oi| < €’. Thus (2.19) and the left hand side of (2.18) is bounded
below by

(2.21) [w(Bo) — 8](e')%e ™.
We use (2.21) to obtain the proposition. The right hand side of (2.17) is

p(z" | 6) n n
(2.22) wiew [, { / QR )d()} (& | 6o)dz
< w(eo)e""P90(|0 - 90| 2 E) ‘
- [w(fo) — 8}(¢’)?

Since the natural parameter space is convex and has nonvoid interior, pg has a
moment generating function which is finite on an neighborhood of zero. So, for
given £ > 0, there is a c(€) > 0, so that Py, (|0 — 6o| > ) < exp{—nc(e)}. Now for
given € > 0, it is enough to choose £’ > 0 and § so small that (2.49) is satisfied for
some 77 > 0 and § > 0 which also satisfies c(e) —n > 0.0

3. Asymptotic bounds for the expected square of the posterior

In this section we use adapt the proof of Theorem 2.1 to establish an asymp-
totic expansion for the expected square of the posterior. First, we define analogs
of the quantities appearing in Theorem 2.1 and Proposition 2.2. Let

Vw(o) I~ 1(90)V’LU(0()) 4tr Vz’w(tg())l_l(go)

(3.1a) La(6o) =

w2(00) 3w(90)
— 342 E[py,g,(2)e= 77
2(34/2 ¢
= 287 Gt (00) 1 1/2(00) B[ Zpr 00 (2)e 77,
w(6o)
where Z is Normal(0, I xq) distributed. Also, write
= |1(6o)l 7 / 2
3.1b =——-—  and J,(6p) = w(fy | 2" " | 6p)dz™.
315 B~ gpns =, wslaM e 10)

Now we have the following theorem, and, as before, we control the error term
BJn(0o) in a separate result.

THEOREM 3.1. Under the assumptions of Theorem 2.1, we have the follow-
ing bounds:

34/2(27)d

(3.2a) lim n {——W

n—Coo

[w(bo | z )] p(z™ | Op)dx™ — 1} > L2(6o)

and
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d/2 T
(3.2b) n@n{gd,;fe - /[w(00|$") ("|«90)dx"—1}

where the first limit on the right hand side of (3.2b) is over appropriately chosen
sequences of o, €n, 6, — 0, satisfying 26, /(1 — &,) < ay,.

PROOF. The proof is a straightforward modification of the proof of Theorem
2.1; it is given in the Appendix B. O

The next result gives conditions under which J, (8) — 0 when py is of expo-
nential family as in (2.16). As before, the sets B,, and C,, reduce to the set on
which the maximum likelihood estimator is far from the true value of the param-
eter so our task is to bound Eg,w(fy | X")2X{’é_00|>€}, where 6 is the MLE of
0.

PROPOSITION 3.1. Under the conditions of Proposition 2.2, we have that
there is a £ = €(€) > 0 so that

(3.3) Eoo[w(Bo | X™)?1(15_gy5ey) < €757

PROOF. This is a straightforward modification of the proof of Proposition
2.2.0

4. Implications of the results

The original motivation for Theorem 2.1 arose from the search for nonin-
formative priors. Bernardo (1979) proposed the use of what he called reference
priors, obtained by maximizing the relative entropy distance between a prior and
its corresponding posterior over a large class of possible priors. Clarke and Sun
(1997) performed an analogous optimization using the Chi-squared distance in
place of the relative entropy. In this latter context, the O(1/n) terms in the ex-
pansion of Theorem 2.1 generate a functional which can be optimized so as to yield
Chi-squared reference priors proportional to the inverse of the Fisher information.
Since this application has been pursued at length elsewhere, we turn instead to
implications of Theorems 2.1 and 3.1 more generally.
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4.1 Heuristic derivation of confidence bands for the expected posterior

In Sections 2 and 3 formal asymptotic expansions for Eg,w(fo | X™) and
Eg,[w(fp | X™)]? were given for exponential families. These results lead to conjec-
tures about the form of the expansions when the argument of the posterior density
is not the true value of the parameter. Indeed, this case can be reduced to the
case where the argument is 6y. Consider the identities

(4.18) B, fu(d | X")
= o ot 1 20sp ({3 os [5755 )
and

(4.1b) Eg,[w(8 | X™)]?

() e 3o (o s S ))

By the law of large numbers, the exponent n~* log[p(z™ | 60)/p(z™ | 8)] converges
in various modes to the relative entropy between pg, and ps, which we write as

DG 116) = [ ™ | 60)10g KB o,

Making this substitution heuristically in (4.1a,b) gives

(4.2a) Egw(0| X™) ~ ["’((;))] e~ POl By [w(fy | X™)],
and
(4.2b) Eg,w(f | X™)* = [w((:))} e 2nDGlO) By [w(fo | X™))

for large n. Now, using Theorem 2.1 and Theorem 3.1 we have

(4.3a) Egyw(f | X™) = [:}((90))] e Pl %)—
and

2
(43b) Eeow(o I Xn)2 ~ [{;(_%00)_)] e“2nD(00||9) ——Tz‘/[‘a(’g(;r)’

leaving out the terms of order O(1/n) and smaller. For the unidimensional case,
d = 1 and we note that by expressing the variance as the mean square minus the
square mean we have

2
(44)  Varg, (w(0 | X™) ~ [%] e nP(el?) (% - %) e

If the details justifying (4.2a, b) can be supplied then one can obtain a confi-
dence band for the expected posterior Egow(6 | X™). Note that the expected value
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considers all the data that might have been got whereas the posterior, w(f | X™),
only uses the actual set of data obtained.

It is interesting to note that the left hand side of (4.3a) is a probability density
for 6: Tt is positive and integrates to unity. The right hand side is nearly a density
also. The discrepancy arises from the neglect of terms that are O(1/n) and smaller.
Indeed, D(fy || #) can be Taylor expanded at g to see that for 6 near 6o

D(60 | 6) = (6~ 60)*1(80)

because D(fg || o) = D'(6o || 60) = 0. By Laplace’s method, see De Bruijn (1961),
it is straightforward to verify that

(4.5) /w(o)e—nD(Oollo)de ~ w(fo) —n12(7;0)

as n — co. Comparison of (4.3a) and (4.5) suggests defining

w(f) , [nI(60) —npesolle)
w(()o) 2w .

(4.6) 9n(60,0) =
Now, (4.3a, b) become

&mwmmz%M%m

and

Eoufu(0 | X"V~ =00 (00, )

That is, the near-density g, encapsulates in an asymptotic sense the expectation of
the posterior, apart from constant factors independent of the prior and parametric
family. These factors 1/+/2 and 1/v/3 may arise from the fact that most location
estimators, such as the maximum likelihood estimator are asymptotically Chi-
square, a fact which was neglected in the application of Laplace’s method since
the expansion was around 6 rather than around an estimator for 6.

Now consider trying to estimate Eg,[w(f | X™)], the expected posterior when
6, is true, by w(8 | X™). Markov’s inequality gives

Varg, [w(f | X™)|
€2 ’

Py (lw(8 | X™) — Ego[w(8 | X™)]| 2 €) <
So, it is seen from (4.4) that
(4.7) Poo (Jw(0 | X™) — Egy[w(8 | X")][ <€) 21 ~a
can be achieved for fixed confidence level 1 — o by choosing

[en(60,0))* = (1/v/3 — 1/2)[gn (80, 6))*.
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That is, with this choice of of €, (6o, 8),

" 1 1 1\?
(43) w@ |z )iﬁ(%—g) 9n(60,0)

provides an approximate, asymptotic 1-a confidence band for Eg,[w(8 | X™)] if
one replaces 6 in (4.8) by an estimator such as the maximum likelihood estimator.
Such a confidence band indicates the reliability of inferences from the posterior
density by giving a range of nearby densities, based on data near 2™ that might
have bean obtained. (In principle, one might get a better confidence band if it
were established that the posterior density, for each 6 was asymptotically normal
with mean Fy,[w(f | X™)] and variance Varg,[w(@ | X™)| times some function of
n, in the usual frequentist sense.)

4.2 A frequentist refinement of Bayesian testing

Consider testing Hy : 6§ € Qg versus H; : 0 € ;, where both hypotheses
are the closures of open bounded sets in the parameter space. A Bayes test is
performed by calculating W(Qo | X™), or, equivalently, the posterior odds ratio
provided o = Q¢ where the complement is taken within the parameter space. It
is well known that this procedure is Bayes optimal under generalized zero-one loss,
see Casella and Berger (1990). A frequentist test, by contrast, specifies a rejection
region say A, with the property that supycq, Po(A) < a, where a is an upper
bound on the probability of type I error. For frequentist optimality, one ensures
P,y(A) is as large as possible for 8 € ;.

Kass and Raftery (1995) credit Good with the proposal that Bayes and fre-
quentist testing can be partially reconciled by using the posterior probability as
a test statistic. To see how this might work, note if the posterior probability is
used to define a rejection region then one would accept Ho when W(Q | 2™) > 8
where (3 is a threshold value. A frequentist would bound the power of this test by
noting that, for 6 € Q;,

1 Y4 n 2 2
(4.9) By(W (S | X") 2 6) < 5y { / u(E|X")as } ,

by Markov’s inequality. Multiplying and dividing w(6’ | X™) by /w(#’) and
applying the Cauchy-Schwartz inequality gives that the expectation in (4.9) is
bounded by

(4.10) /Q 0 w(0)d9’ Eg { /Q 0 %@—de} :

Noting that the first factor in (4.10) is bounded by unity, Fubini’s theorem permits
the interchange of expectation and integration so that (4.3b) gives

Knl(9) w(0e—2DOI0) g
(4.11) ——[ﬂw(e)P o (9" de’,
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as an approximate upper bound for (4.9), where K is a positive constant that
can be determined. It is seen that as n — oo, the right hand side of (4.11) is of
order O(e~™7) for some v > 0. Apart from the value of y this is the same rate
as is achieved by the Neyman-Pearson test in the simple versus simple case, so it
cannot be improved substantially.

Despite its Bayes optimality, a Bayes test is incomplete in the sense that
rejecting Hy when W () | X™) is too small does not take into account data sets
near X™ that might have given a different value for the posterior probability. In
short, the Bayesian neglects the sampling distribution of W (o | X™). To remedy
this, we suggest that Hy should only be accepted when the posterior exceeds a
threshold determined by use of the sampling distribution, to wit, accept Hy when

(4.12) W(Q | X™) > sup {EeW (0 | X™) + 3¢/ Varg[W(Q | X™)]}

and reject Hy when

(4.13) W | X™) < eiengo{EgW(Qo | X™) — 3/ Varg[W(Q | X™)]}.

Expression (4.3a) gives a heuristic asymptotic expansion for the expected
posterior probability. We have been unable to derive an analogous expansion for
the variance of the posterior probability. In between (4.12) and (4.13) the data
cannot be regarded as sufficiently conclusive as to justify either Hy or Hj.

In effect, this procedure uses a frequentist criterion, power, with frequentist
near optimality in the sense of the power function to set a threshold for a Bayes
test. As a consequence, this test is simultaneously Bayes optimal and frequentist
‘good’. The decision to accept or reject the null is based on a quantity equivalent to
the posterior odds ratio which minimizes the posterior risk and has a well defined
rejection region with power function bounded below by a function of the form
1-0(e™ ™), as n — oo.

Finally, we examine the case that Hy is a dimensional reduction from Hj.
That is, for example, Ho : p1,...,pp—1 € R, pup = po, and Hy : pq,...,pup € R.
Here p is a fixed constant. The usual Bayes factor would be

(4.14) W(o | X™)/W(Q5 | X™).

It is difficult even to conjecture an asymptotic form for the mean and variance of
(4.14). We can nevertheless partially identify the behavior of the numerator or
denominator separately. This does not use the present results, but does help to
understand how one might use the posterior probability of a hypothesis as a test
statistic.

Parallel to (4.12) and (4.13), we would like to find forms for E,W(Qp | X™)
and Var,[W(Qo | X™)] where g = (u1,...,4p,) € R” assumed to be true. The
denominator may be dependent statistically, but deahng with the numerator is
enough for testing purposes.

Write the overall prior on y as

w(p) = w(iE? ) owa(pp) + (1 — e)we(py)),
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where 0 < a < 1 is a fixed constant, #?~! = (u1,...,Hp-1), Wc is a continuous
prior for y, with support R, and wy assigns mass 1 to pu, = po. Write mg(X™)
and m.(X™) to mean the mixture of the likelihoods p(X™ | u) with respect to
wa(p) = w(EP~wa(py) and we(p) = w(@P~')wc(py). Now, the overall mixture
is m(X™) = amq(X™) + (1 — a)m.(X™) and we have

(4.15) w(p | X™) = MXMwa(p | X™) + [L = M(X™)]we(p | X7),
where wg(p | X™) and w.(p | X™) are the posteriors formed from wy(u) and we(p),

respectively, and A(X™) = amq(X™)/m(X™).
Since W4(Q | X™) = 1 and W,(Qp | X™) = 0, integrating in (4.15) gives

(4.16) W(Q | X™) = A(X™) = {1 + (1 ;a> ng:g}_l

The main quantity in (4.16) is the density ratio in the denominator. Suppose we
fix an element of g defined by #?~! and p, = po. Then mc(X™)/mq(X™) is

(4.17) JweWp(X™ | wdu _ p(X™ | @771, po)
' Jw(@p-Y)p(X" | fP~1, po)diP— p(X™ | P2, po)
mc(Xn) p(Xn | ﬁp—17/‘l’0)

= (X [ L, o) Jw(@ep(Xn | P, po)djip

The two density ratios in (4.17) have behavior partially given by Theorem 2.1,
Clarke and Barron (1990). This result gives conditions under which

(4.18) log {%} = glog (227;) + %SJ"I(u)S — log[w(p)]

1
+ §log|J(u)| + 0p(1),

where d is the dimension of y, S = ﬁVlog p(X™ | p), and J is the Fisher
information matrix. Using (4.18) for d = p and d = p — 1 gives approximations
for the two densities in (4.17). Substituting those approximations into (4.17) and
then (4.16) gives a term of order Op(n~'/2). Thus, the expectation of (4.16) can
be approximated as

(4.19) E [W(Qo | X™)] ~ {1 + (1 ;a) 01,,(71—1/2)}_1 Sl

If we consider p € Qo then (4.16) still holds and if p = (1, . .., tip—1, Hp), Hp F Ho,
we get

mo(X™)  p(X™ | pp) p(X™ | P71, po)

4.20 : . . - —
(4.20) p(X™ | @p=1, pb) p(X™ | @P~1, po) fw(@P=1)p(X™ | B~ po)diP—t
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in place of (4.17). Again, using (4.18) in the first and third factors of (4.20) (cases
d = p,p — 1 as before) and using

p(X™ | 5P, )

4.21 —
(4.21) (X7 [ 5T, o)

= exp[nD(P", i, || 7, po)],

where D is the empirical relative entropy between distributions with the indicated
parameter values, the middle factor of (4.20) gives an asymptotic approximation
for use in (4.16). This gives the expression

l1-a A _ -t
(4.22) Er-1,u)[W(Qo | X™)] ~ {1 + ( ~ )op(e"Dn 1/2)} —0.

for any (571, )

In closing, we note that a more careful analog would give more refined asymp-
totic forms for (4.19) and (4.22), and might give similarly refined forms for the
variances of W (| X™). Note that the analysis here is in probability only, even
though (4.18) holds in an L! sense also. Extending the present heuristics would
justify the decision rule suggested by (4.12) and (4.13).
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Appendix A: Proofs from Section 2

In this Appendix we have recorded proofs the two main technical results in
Section 2, namely Proposition 2.1 and Theorem 2.1.

PROOF OF PROPOSITION 2.1. First we obtain (2.14a). Note that as in
Clarke and Barron (1990) p. 463 we have on A, N B, that

(A1) ma(X™) < (1+E)e(n/z)(1-s)e;,(eo)‘1—‘(eo)fi.(eo)

Do, (Xn)
. / ¢~ (1/D(1-£)(O=)* I(00) 0=y, (9 ),
N(907a)

where u = 8y + T=I"1(60)¢,,(6o). Now we have the left hand side of (A.1) is
bounded by

mn(X™) 2 —(n(1—€)/2)(6—u)*I(60)(0—u)
(A2) — < H (Y [ e o G;do
im1 /R

p(X™ | 6o) ~
3
-y / e—(n(l—E)/2)(9—u)t1(00)(9—u)Gid9)'
i—1 Y N(bo,a)°
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The summands in the first summation of the right hand side of (A.2) can be
evaluated. The first gives

HnGl (27T)d/2

(4.3) (=) 1)

the second is zero, and the third is

H, (2r)2/2

(A4) 2 |n(1 = €)I(80)|/2

E(Z'V?wZ],

where Z ~ Normal(0, 7;?11—_5)1 ~1(6y)). We note that the expectation in (A.4) is

E[tr(Z!'V2wZ)] = E[tr(V2wZZ")| = tr(V*WEZZ?)
I1 (90) :l _ 1
n(l —¢) n(l —¢)

So, the third term in the first summation on the right hand side of (A.2) is

tr[V2wI =1 (6o)).

=tr [vzw

H, (2m)4/2 1
2 Jn(1 - e)I(B0)['2 n(l—e¢)

(A.5) tr(V2wI = (6o)).

Next, we control the terms in the second summation on the right hand side
of (A.2). The norm is defined by I(6); 6 is in N(fp,)® and we have that
6/(1 —€) < a/2. Consequently, we have

(A6) 16— ull > 110 ~ foll - 7= (90)£4(60)1| 2

N R

on C,.
The first term in the second sum in (A.2) is controlled as follows. By (A.6),
we have that

(A7) e (/D00 UE)0-) < o=(n/HA=e)0-w)'I(00)(O=w) o=(n/16)a>(1=),

Now, we can bound the first term in the second sum by using this last inequality
and enlarging the domain of integration. The result is

(2”)d/22d/2 ~(n/16)a*(1—¢€)

(A.8) HalG] in(1 = &)1 (6)[/2°

By enlarging the domain of integration and applying the Cauchy-Schwartz
inequality, the second term in the second sum in (A.2) is bounded above by

V2wI~(6)2, (60) )t 0 )

—(n/16)(1~¢)a?
(A.9) Hye / -

. (Vw(e) +

o= (/B (1=e)(0-0)*1(80)(0-) gg
d/22d/2
—(n/16)(1-e)a? __(2T) -
= Hhne L — e @72 V B G
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where Z ~ Normal(0, n(l ) I71(68p)). The expectation in (A.9) can be evaluated:

Rearranging under trace gives

2 2
14 t _ tr—1 — t r—1
(A10)  EZ'G4GLZ = Y] tr[GaGoI~ 1 (6o))] ) <L'_)c; I7Y(80)Gy.
Using (A.10) in (A.9) gives the bound
2m)4/224/2 2
A1l H, e~ (n/16)1-¢)a® ( GLI-1(6,)Gy.
(A1) ¢ = 1) 72 \| i =y O+l ()G

To finish obtaining the upper bound note that the third summand in the
second summation in (A.2) is bounded above by

B H (27T)d/22d/2
12 e—(n/16)(1—- —e)a? Hn E(ZtV257)2
(A-12) 2 T - ol(Go)2 Y EE VD),

—2_-T171(8y)). To evaluate the expectation in (A.12) note

where Z ~ Normal(0, (1 B
that for any d x d matrix T,

2
'TZ) = TI (6
E(Z'TZ)=tr [n(l—e) ( 0)],
and
4 -1 -1
So, (A.12) is bounded from above by
d/20d/2

(A.13) i, (2m)22Y3

|n(1 — €)I(66)]1/2n(1 — €)
. e—(n/lG)(1—6)02 \/tr V2wI-1(80) V2w~ (6o).

Since all terms in the second sum in (A.2) (namely, (A.8), (A.11) and (A.13)) are
of lower order than the terms in the first sum in (A.2) (namely, (A.3), zero and
(A.5)) we have that the upper bound (2.14a) holds with C;(6y) as defined.

Next, we derive (2.14b). From Clarke and Barron (1990) p. 463, we observe
that

mn(X™) 2(14€))€. (80)* I(80)~ 12", (60)
(A1) 2L > (/26 (80) (B 0
p(X™ | 6o)

. / e~ ((FeIn/D(O—u)1(60)(6—u) o (9) g
N(6o,a)

on B, NChy, where u is now defined by u = 8o+ 13z 1~ "(60)¢;,(60). The right hand
side of (A.14) is bounded from below by

(A.15) %_ (Z e~ ((+On/2)(0-0)"1(6)(0-u) g
0

- Z/ éie_((1+5)n/2)(9—u)’1(00)(9-u)d0 .
i=1 N(GO»Q)C
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Analogously to the first summation in (A.2), the summands in the first sum-
mation in (A.29) can be evaluated explicitly. They give, respectively,

s (2m)d/2
(A.16) HnG1 In(1 + €)I(60)]1/2
zero, and
(A17) EIn (27T)d/2 tr(vzw-[—l (90))

20 +em  |n(l+e)(80)|/2

Next we deal with the terms in the second summation in (A.15). Note that
for € N(6p,a)¢ and §/(1 + €) < a/2, we have, on Cp, that ||§ — u > a/2. So,
the first summand is bounded above by

- . (27T)d/22d/2 B 2
A18 |G (n/16)a (1+<).
(A.18) | 1|ln(1+6)1(00)11/2e

the second is bounded above by

(27r)d/22d/2 2
"n(1 +¢€)I(60)]1/2 [n(l+¢)

(A.19) GLI1(80)Gy| e~ (n/101+e)e?,

and, the third is bounded above by

H,(2m)4/224/2/3/tr V2wl 1 (60) V2wl ~* (60) e—(n/16)(1+¢)a’
n(1+ €)n(1 + &)1 (6o)['/ '

(A.20)

Assembling (A.16) to (A.20) gives (2.14b). O

PROOF OF THEOREM 2.1. First observe that for € € (0,1) and «, § > 0 such
that §/(1 — €) < /2 we have

1
w(fo) p(z™ | fo)
> ——p(z™ | 0 m,
= n4? J4.aB.nc. ™) p(a" | fo)ds

Using (2.14a) we lower bound the right hand side of (A.21) by

w(fo)(1 — £)*/2|1(6o)|'/? / p(z" | 6o)dz"”
(2m)d/2 AuNBaNCr pr |G tr[V2TTJI_1(90)]e-n(1—e)a2/16
2(1—¢)n

_ (- )*2|1(60)]/2

(1+¢)(2m)d/2 Eoy{1a,nB.nc,e” 20D EGtY,
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where Z,, = /nI(8y)~'/2£.,(6o) and

Vw(0o)t1~1/2(80)Zn N ZET~1/2(00) V2wl ~Y/2(60) Zy,

(A22) Gs=1+

Vvn(l — e)w(b) 2(1 — €)?nw(bo)
tr V2’II)I—1(00) Cl(go)e—naz(l—e)/m
2n(1 — e)w(bo) w(6o)

By the restriction to C,, C1(6p) is bounded so the last term in the denominator
in the expectation can be neglected. Since the other three nontrivial terms in
the denominator sum to a small number we can apply the second order Taylor
expansion of (1 + z)~!. Now the argument of the expectation is

Vw(0o)I~Y/2(00)Zn  ZLI~'/*(60)VP0I~'/%(60)Zn

(A23) la.nB.nC., [1 -

(1 - €)y/nw(fo) 2(1 - €)?nw(fo)
tr V2wI~1(6)  (Vw(8o)I~'/2(60)Zn)?
"~ 2n(1 — e)w(fo) (1 — &)2nw(6o)?

+of LY|e-7izar0-e)),
n

Note that by results in Clarke and Barron (1990), Py(AS), Pe(Bg) and Py(C5)
are all o(1/n), so the indicator function does not affect the limiting behaviour of
any of the terms in (A.23). Indeed, if one examines expression (6.3) in Clarke
and Barron (1990), one sees that Py(AS) = o(1/n) follows from including the
indicator function in the second expression in (6.3) so that the left hand side of
(6.3) is o(1/n) and this can be used at the end of the proof of Proposition 6.3.
That Pp(BS) and Pp(C¢) are o(1/n) follows from (4.16) and (4.17) in Clarke and
Barron (1990).

Next, we obtain the limiting behavior of the six terms in (A.23). The first
term in (A.23) can be written as

(A.24) Eg, [e—zf.zn/(2(1—s))] _ E00[1(A,,nB,,nC,,)Ce_Z:'Zn/(Q(l_e))}-

The second term in (A.24) is o(1/n). For the first term in (A.24) we use a local
limit theorem from Bhattacharya and Rao (1986) (see Theorem 19.2, p. 192 and
Sections 6 and 7 for definitions of quantities) so as to approximate it to order
o(1/n). Recall that the density fng,, of Z,, has mean zero and variance ma-
trix equal to the identity matrix in d dimensions. Consequently, f, s admits an
expansion of the form

(A.25) Frol2) = 0(2) = #(2) 3 el 4o (ml/a)

uniformly in 2z = (21, ..., 24), where ¢ is the standard normal density in d dimen-
sions and pg, g, is a polynomial in d arguments. We use (A.25) for r = 2 since we
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want a o(1/n) error term. The result is

(A.26) E|e~2n2n/2(1-€))] = Ele=2'2/C0-e))] _ | e—z'z/(Z(l_e»M
vn

_E [e—z‘Z/(zu—e))Pz,oo(Z)] to (l) ’
n n

where Z ~ Normal(0, I xq). The first term on the right hand side of (A.26)
is (1 + $&)7%2 by straightforward calculations since Z‘Z is x3. The second
term on the right hand side of (A.26) is zero since p;g,(Z) is an odd function,
see Bhattacharya and Rao (1986), Expression (7.20). This leaves the third term
which is difficult to evaluate in general. Expression (A.23) now gives

L\ —Y2
Fe-ZZn/(2(1-€)) _ (1 + ) ]

(A.27) n T

= ~Ee 720 Np, 5,(Z) + o(1).

For the second term in (A.23) we use (A.25) with r = 1, since there is already
a /n in the denominator. We have the vector equation
(A.28) E[ZneZaZn/C0-0))] = E[ze=2"2/C0-)]

P1,60(Z) _ztz/(2(1-¢)) 1
— E | 7z58%\ 7/ -
Z n e +o0 7n)

in which the first term of the right hand side is zero. Thus the limiting behavior
of the second term in (A.23) is

Vw(eo)I‘1/2(90) —zt 2, —e

(A.29) (= o) Vo) EZ, e %nZn/(2(1-€))
_ Vw(6o)I~1/2(6y)

"~ n(l-e)w(bo)

¢ 1
E[Zp1,9,(Z)e~ 2 2/20=€D] 4 o (—) :
n
The third, fourth and fifth terms are easier since they are already of order
O(1/n), with smaller order error terms. Thus, it is enough to use the asymptotic
normality of Z, for all of them. For the third term we obtain

(A30) E|la,nB.nC. 2(1 — €)2w (o)

E[zt1—1/2(90)v2w1—1/200Ze—Z‘Z/(2(1—e))]
2(1 - €)2w(6)
e [V2@I~1(8,)]

1 a/2+1’
2(1 — E)Zw(ao) (1 + T—:‘E)

Z;I—1/2(00)V2ﬁ)[—1/2(00)Zne*zf»Z"/(2(1”5)) }
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for the fourth term we obtain

tr Vzw(Go)I_l (9())
201~ &)w(fo)
tr VQUJ(OO)I—I (90)

2(1 — e)w(fo) (1 + L)d/z;

(A.31) Egy[La,nB.ne, e~ Zn2n/(201=6))

1-¢
and for the fifth term we obtain

-1/2 2
2t 7, j2(1—e)) [VW(00)' T~ /%(60) Z,]
(A32) E l:lAnﬂBnﬂCne (1 — 5)2’U)(00)2

Vw(eo)tl*1/2(00)Vw(00)

d/241 "
(1 —&)2w(hy)? (1 + 1 = )

— &

Putting together (A.27), (A.29) through (A.32) and letting n increase gives
the stated lower bound.

The upper bound follows by writing the expected posterior as a sum of two
integrals, one over B, N C, which can be controlled as in the lower bound, and
one over (B, N Cy)¢ which gives the term involving J,,. O

Appendix B: Proofs from Section 3
Here we give the proof of Theorem 3.1. We will only prove the lower bound

(3.2a). The proof of (3.2b) is similar. First observe that for € € (0,1) and ,6 > 0
such that §/(1 — ) < a/2 we have

(B.1) = / w?(6o | £")p(z™ | 6o)dz"

w?(6o) p(z” | 60)\* . n
= nd /AnannCn{ m(z") }p(az | 6o)dz”.

Using (2.14a) we lower bound the right hand side of (B.1) by

w?(60) (1 — €)%|1(60)|
(2m)¢

. / p(z" | o)dz" ’
2,-7-1 2
2(1 —¢e)n

(1 — )%l (6o)| 2 _7'7,/(1-

= Eg{1 nZn/(1=¢)
TEITE 9{1A4.nB.nC. G5 “e }s
where Z,, = \/nl(8y)~'/%¢/,(8o) and G5 is given by (A.22). By the restriction to
Chr, C1(00) is bounded so the last term in the denominator in the expectation can
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be neglected. Since the other three nontrivial terms in the denominator sum to a
small number we can apply the second order Taylor expansion of (1 + z)~2. Now
the argument of the expectation is

_ 2Vw(6o) V% (60)Z ZEI=12(06)V2wI~1/2(60) Zy,
(1 — &)v/nw(fo) (1 - &)*nw(6o)

_ tr VeI (6o)

n(1 — e)w(fo)

-1/2 2
" 3(Vw(6o)'I Y (60)Zn) to l o ZnZn/(1-¢€)
(1 —€)?nw()? n

As before, Py(AS), Pp(BS) and Py(C%) are all o(1/n) so the indicator function
does not affect the limiting behaviour of any of the terms in (B.2). Let us consider

the limiting behavior of the six terms in (B.2).
The first term in (B.2) can be written as

(B.2) 1a.nB.nC. {1

(83) Eople™7+5/0=9) = By, [L(a 5,005/

The second term in (B.3) is o(1/n). For the first term in (B.3), we use the expan-
sion (A.24) with r = 2 for density fn g,, of Z,. The result is

(B4) Bl %/0-9] = Ele"2'Z/0-9] _ F [e—Z‘Z/<l—e> p_._lﬂo(z)]

/n

B [e-—ZtZ/(l—s)pZGo(Z)] ‘o (1) ’
n

n

where Z ~ Normal(0,I4xq4). The first term on the right hand side of (B.3)
is (14 iz—e)‘d/ 2 by straightforward calculations since Z'Z is x5. The second
term on the right hand side of (B.3) is zero since p ,(Z) is an odd function, see
Bhattacharya and Rao (1986), Expression (7.20). This leaves the third term which
is difficult to evaluate in general. Expression (B.3) now gives

2
l—¢

—d/2 \
(B.5) n |Ee‘Z"Z"/(1’E) - (1 + ) ] = —E[e % %/0=9p, 6,(2)] + o(1).

For the second term in (B.2) we use (A.24) with r = 1, since there is already
a /7 in the denominator. We have the vector equation

(B.6)  E[ZneZnZn/(1=9)] = B|Ze™2'2/(1-9)
P1.60(Z) _zt7/01-¢) 1
_ E | 788002 —_
i e\
in which the first term of the right hand side is zero. Thus the limiting behavior
of the second term in (B.2) is
2V’U)(0())I_1/2(00)
(1 = &)v/nw(fo)
_ 2Vw(80)I*/%(60)
~ n(1-e)w(f)

(B.7) E[Zne ZnZn/(-9)

ElZpia(2)e 7 70 1o (1)),
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The third, fourth and fifth terms are easier since they are already of order O(1/n),
with smaller order error terms. Thus, it is enough to use the asymptotic normality
of Z, for all of them. For the third term we obtain

Lt B o ZETY2(00) V21 ~V/2(80) Zne = Zn2n/ (1-9)
e (1 — €)*w(bo)
1
- (1 —€)2w(bo)
tr V2wl (o)

(B8) E

E[ZI7Y%(00) V201~ /209) Ze~ 2" 2/(1=9)]

= 9 a/241’
1 —¢e)2w(6, 14+ ——
(1= 900 (14 1 )
for the fourth term we obtain
2w(6)I~1(6 ¢
(B.9) tr V2w (00) I~ ( 0)Eoo[]-AnanﬂCne—Z"Z"/(l—e)]

(1 —e)w(bp)
tr V2w(00)I‘1(00)

) (1 —e)w(bo) <1 + 7 - 5>d/2;

and for the fifth term we obtain

_ _ey3[Vw(0o) I71/2(60) Z,)?
Z;Zn[(1—¢)
(B.10) L [lAnancne (1 - €)%w(6o)?

3Vw(Bp)* I71/2(69) Vw (o)

d/2+1"
(1 - 5)211)(00)2 (1 + 1—_—‘;)

Putting together (B.5) through (B.10) gives the stated lower bound.

REFERENCES

Bernardo, J. M. (1979). Reference posterior distributions for Bayesian inference, J. Roy. Statist.
Soc. Ser. B, 41, 113-147.

Bhattacharya, R. N. and Rao, R. R. (1986). Normal Approzimation and Asymptotic Expansions,
Krieger Publishing, Malabar, Florida.

Casella, G. and Berger, R. L. (1990). Statistical Inference, Wadsworth and Brooks/Cole, Pacific
Grove, California.

Clarke, B. and Barron, A. R. (1990). Information-theoretic asymptotics of Bayes methods, IEEE
Trans. Inform. Theory, 36(3), 453-471.

Clarke, B. and Sun, D. (1997). Reference priors under the Chi-square distance, Sankhya Ser. A,
59, 215-231.

De Bruijn, N. G. (1961). Asymptotic Methods in Analysis, 2nd ed., Dover Publications, New
York.

Feller, W. (1971). An Introduction to Probability Theory and Its Applications, Vol. II, 2nd ed.,
Wiley, New York.

Kass, R. E. and Raftery, A. E. (1995). Bayes factors, J. Amer. Statist. Assoc., 90, 773-795.





