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Abstract

A second-order expansion is established for predictive distributions in Gaussian processes
with estimated covariances. Particular focus is on estimating quantiles of the predictive dis-
tribution and their subsequent application to prediction intervals. Two basic approaches are
considered, (a) a “plug-in” approach using the restricted maximum likelihood estimate of the
covariance parameters, (b) a Bayesian approach using general priors. Calculations of “coverage
probability bias” show that the Bayesian approach is superior in the tails of the predictive dis-
tributions, regardless of the prior. However they also imply the existence of a “matching prior”
for which the second-order coverage probability bias vanishes. Previously suggested frequen-
tist corrections do not have this property, but we use our results to suggest a new frequentist
approach that does. We also compute the expected length of a Bayesian prediction interval,
suggesting that this might be used as a design criterion combining recent “estimative” and “pre-
dictive” approaches to network design. A surprising parallel emerges with the recent two-stage
estimative-predictive approach of Zhu and Stein.

Keywords:  Design of monitoring networks; Predictive inference; Second-order asymptotics;
Spatial statistics.

1 Introduction

Many of the techniques of spatial statistics are built around the assumption that a set of observations
— for example, measurement of atmospheric pollutants or meteorological variables at a finite
network of stations, or some transformation of those variables — are samples from a Gaussian
random field. The mean of the random field may be constant or may be representable as a linear
combination of covariates, while the covariance function is chosen from a parametric family of
positive-definite covariances. Kriging is a technique for predicting unobserved values of the random
field through linear combinations of the observed variables. The weights are chosen to minimize the
mean squared prediction error subject to an unbiasedness constraint. Ordinary kriging is applied
when the mean of the process is an unknown constant, and universal kriging when it is a linear



combination of covariates. Often the covariance structure of the process is represented in terms of
the variogram instead of the covariance function itself, which is a little more general because the
variogram may exist in certain circumstances when the ordinary covariance function does not, but
we shall not consider that as a separate case of the present paper. Numerous books, e.g. Ripley
(1981), Cressie (1993), Chiles and Delfiner (1999), Stein (1999) have presented all these concepts
in detail.

One widely recognized difficulty with these methods is that the usual formula for the mean
squared prediction error of a kriging predictor does not take into account the estimation of the
covariance model parameters. Typically in geostatistics, the estimation of the covariance model
parameters is performed first, then the estimated model is used to construct the predictor, but in
the second stage, the covariance parameters are treated as if they were known. Because of this, it is
widely assumed that the prediction standard errors derived through kriging are underestimates of
the true prediction standard deviations, even when the form of the model is correct. Zimmerman
and Cressie (1992) and Stein (1999) have proposed approximate techniques for estimating the mean
squared prediction error with estimated model parameters, but these techniques are somewhat ad
hoc, and it is usually still assumed that the predictive distribution is normal. Bayesian methods
were first proposed for these problems in the early 1990s (see e.g. Le and Zidek 1992, Handcock
and Stein 1993, Brown, Le and Zidek 1994) and are often believed to be superior to standard
kriging methods, because they take into account the uncertainty of model parameters and also
do not rely on any normality assumptions about the posterior distributions of model parameters
and predictions. However, despite much speculation about the issue (e.g. Stein 1999, Berger, De
Oliveira and Sanso 2001), there is no proof in general that Bayesian methods are superior when
assessed, for example, by how closely the true coverage probability of a prediction interval matches
the nominal coverage probability.

The present paper examines these issues through second-order asymptotics. For reasons that
will become clear in Section 2, our preferred method of estimation in spatial processes is restricted
maximum likelihood (REML), and the “plug-in” approach to prediction uses ordinary or univer-
sal kriging, substituting the covariance model parameters by their REML estimates. We compare
prediction intervals constructed by these methods with Bayesian prediction intervals. The latter
may be simplified by using a Laplace approximation to the integral, and one of the by-products
of the paper is a method of constructing approximate Bayesian prediction intervals without using
Markov Chain Monte Carlo methods. Our main results, however, are approximate formulae for the
coverage probability bias of both plug-in and Bayesian prediction intervals, and for the expected
length of a prediction interval. The latter is potentially valuable as a design criterion. The cover-
age probability results do not produce a universal conclusion that either predictor is better than
the other, but we show that as the desired coverage probability approaches 1, the second-order
approximation to the Bayesian coverage probability bias is always smaller than that of the plug-in
approach. This result holds regardless of the prior density, provided it satisfies some smoothness
conditions. However, we also examine the possibility that the prior may be chosen so that the
second-order coverage probability bias vanishes entirely, the case of a so-called “matching prior”.

Although the paper was motivated by the problem of spatial prediction, there is nothing explic-
itly “spatial” about the results. The mathematical framework is that of a Gaussian process with
mean linearly dependent on covariates, whose covariance function depends on a finite-dimensional
vector of unknown parameters. This may include time series models such as ARMA processes, or
variance components models such as mixed effects ANOVA. Also in the spatial case, although it



is common to assume that spatial covariances (or variograms) are stationary and isotropic, those
assumptions are not essential for our methods either. The results may also be applied to nonsta-
tionary processes or spatial-temporal models provided the covariance functions are parametric.

2 Mathematical framework

Suppose we have an n-dimensional vector of observations Y, and are interested in predicting some
unobserved scalar value of the random field Yj. In practice we may well be interested in predicting
more than one Yy from a given Y, but we do not treat that case separately, assuming that it suffices
to consider one Yy at a time. The joint density of Y and Yj is assumed to be of the form
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where X and x( are known matrices of regressors of dimensions n X ¢ and g x 1 respectively, and
7 is an unknown ¢ x 1 vector of regression coeflicients. The ordinary kriging model is the special
case of (1) where 7 is of dimension 1, X = 17 (1 is a column vector of ones) and zo = 1. We
assume V' (0), w(f) and v(#) are covariance elements that are all known functions of an unknown
p-dimensional parameter vector . Where there is no ambiguity, we shall simply write V, w and v
without indicating explicitly the dependence on . Define ¢,,(6) to be the restricted log likelihood
function
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where G? = G%(0) = YT {V‘l - V_lX(XTVX)_lXTV_l} Y is the generalized residual sum of
squares. Also let

A= V3ie+vIx(XTvIx) ey — XTVlw), (3)
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Lemma 1. Assume (1) holds and let f,,(Y;n,6), fnir1(Y,Yo;n,0) denote respectively the density
of Y, and the joint density of Y and Y;. Then
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Remark. Equation (5) is due to Harville (1974); (6) follows by an extension of Harville’s
argument. The detailed proof is in Section 8.1.

In the case that 6 is known and 7 unknown with a uniform (improper) prior density, (5) and
(6) show that the predictive density of Yj given Y is
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— in other words, a normal density with mean ATY and variance 03. Thus in this case the Bayesian
predictor coincides with universal kriging, usually derived by the frequentist argument of choosing A
to minimize E{(Yy — ATY)?} subject to the unbiasedness constraint E{Yy —ATY} = 0. This simple
equivalence of Bayesian and frequentist arguments shows that, in this case, Bayesian prediction
intervals have exactly the correct coverage probabilities.

Now let us consider the more complicated case that 6 is unknown, with prior density m(#).
We continue to assume a uniform prior for 7 (independent of 6), but we allow () to be arbitrary
provided it exists and is differentiable over a region that includes the true #. The posterior predictive
density of Yp given Y in this case is
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Alternatively, if we are interested in the predictive distribution function, we may define
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where @ is the standard normal distribution function, and (8) leads to the predictive distribution
function
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where we have written Q(0) = log7(6) and, here and subsequently, we use a tilde to denote a
Bayesian estimate or predictor.
In contrast to (9), we also consider the plug-in predictor

Pz Y) = ¥(z; Y,0) (10)

where 0 is the REML estimator, i.e. the value of # that maximizes £, ().

3 Laplace approximation

First, we introduce some notation. We use superscripts to denote components of #, such as 6* for
the ith component. Where we use scalar functions of 6, such as ¢(z ; Y,0) (with z and Y held
constant for the time being) or Q(0), subscripts will indicate differentiation with respect to the
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components of 8. Thus Q; = %, Yij = %, etc. We also define U; = 8%"76&0), Ui = %fiifég?,
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Uiji, = 0°0u0) Al of these quantities are functions of a particular #, and when we evaluate
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them at the REML estimator 6, we denote this with a hat, e.g. U;, @@ij, etc. To avoid making the
notation still more complicated, we do not indicate explicitly that all these quantities also depend
on n, but it is assumed that ¢, (6) and all of its derivatives are of Op(n), to be consistent with
regular maximum likelihood theory for i.i.d. observations, while quantities such as ) and v, and
their derivatives, are of Op(1). In the context of asymptotic theory for spatial processes, these
conditions assume that we are working in the framework of “increasing domain asymptotics”, as



defined by Mardia and Marshall (1984), rather than the alternative “infill asymptotics” that have
been popularized by Stein (1999). We have U; = 0 (because the REML estimator is defined as
the local maximum of ¢,), while the values of —Uij form the observed information matrix. We
assume the latter matrix is invertible and denote the inverse matrix with superscripts rather than
subscripts. In other words, if G is the p x p matrix whose (7, ) entry is Uij, then G~! exists and
its (7, 7) entry is Uid. Throughout we use the summation convention, that where a repeated index
appears as both a subscript and a superscript in the same formula, summation over that index is
implicit.

With these notations, two applications of formulae (8.3.50)—(8.3.55) in Chapter 8 of Bleistein
and Handelsman (1986), to the numerator and denominator of (9), lead to the result

. 1o 1. -
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It should be noted that (11) involves Taylor expansion of both the numerator and denominator of (9)
about the REML estimator . An alternative approximation, due to Tierney and Kadane (1986),
assumes that the integrands in the numerator and denominator of (9) are separately maximized
with respect to 6; the approximation to 1; is then the ratio of the maximized integrands. As
shown by Tierney and Kadane, this is accurate to Op(n_Q) without any additional correction terms
based on Taylor expansion. Compared with (11), the Tierney-Kadane method avoids the need to
evaluate U;, Ujj, etc., which can be cumbersome. However for the purposes of the present paper,
in particular the theoretical calculations of Sections 4 and 5, the explicit expression (11) is more
useful.

We can also apply these arguments to the inverse of the predictive distribution function. Sup-
pose we want to find zp = zp(Y) to solve the equation ¢(zp ; Y,0) = P for some given P. The plug-
in estimator in this case is defined by setting (10) equal to P; this leads to Zp = ATy + G0@~1(P)
where the hats over A and oy denote that they are evaluated at 6. The Bayes estimator Zp is de-
fined to be the P-quantile of the Bayesian predictive distribution function; in other words, choose
Zp to solve 1;(21: ; Y) = P. We use primes on v to denote differentiation with respect to z and
subscripts,as previously, for differentiation with respect to components of 8. With these definitions,
Taylor expansion of ¢ about Zp leads to the approximation

Zp—Zp = —w—i—@)(n—z). (12)
¥’ (2p)
To evaluate ¢ (2p) — LZAJ(,% p), we either use directly the approximation (11) with z = Zp, or else apply
the Tierney-Kadane approximation as noted in the discussion immediately following (11).

For the evaluation of derivatives of ¢, that are used in (11), see Section 8.2.

To summarize this section, formula (11) for the predictive distribution function or (12) for its
inverse provide an alternative to the popular Markov chain Monte Carlo (MCMC) methods for
Bayesian computation, that have the advantage of being explicit formulae, not requiring consider-
ation of such issues as the number of MCMC iterations which, despite much research, remains a
source of possible large bias in routine implementation of MCMC. For the calculation of prediction
intervals, a natural way to proceed is to select two values of P, say P, and P;, such that P, — P;
is the desired coverage probability. For example, for a 95% prediction interval, obvious values
are P; = 0.025, P, = 0.975. Then (Z2p,, 2p,) defines the plug-in prediction interval based on the



REML estimator, and (Zp,, Zp,) is its Bayesian analogue. Equation (12) may be used to define an
approximation, accurate to Op(n*Q), to the Bayesian interval. The question that now arises is to
what extent either of these intervals actually achieves its nominal coverage probability, in the sense
that in repeated sampling, the probability that 2p, < Yy < Zp, or Zp, < Yy < Zp, comes close to
P, — P;. These questions may be approached by calculating the coverage probability bias, to which
we now turn.

4 Asymptotic approximation to the coverage probability bias

We need some further notation. Write U; = nl/QZi, Uij = nkij + nl/QZij, Uijk = nkgji + n1/2Zijk
where K;j, ;51 are non-random and Z;, Z;;, Z;j, are random with mean 0; it is part of the assumption
that all these quantities are O(1) or Op(1) as n — oo. Also let k; ; = E{Z;Z;}, kij = E{Zi; Z1}.
By a standard identity, x; ; = —k;; and is the (4, j) entry of the (normalized) Fisher information
matrix; we assume this matrix is invertible with inverse entries x/. Explicit formulae exist for
calculating these quantities; see Section 8.2. In this section, when quantities such as U, or
;; are indicated without hats, it is assumed that they are evaluated at the true 6. Let W =
VooV (XTy—tx)-1xTy -1,
In this notation, a standard Taylor expansion of ¢,, yields the approximation
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Equation (11) shows that

Y-y = % {Féijkﬁlz’jﬁk’ew + (i + 2%@]‘)%&2’3} +0,(n~3/?). (14)
Equations (13) and (14) provide approximations for both ¥ — 1 and ¥ — 1, accurate to Op(n~1),
and these are the basis for all subsequent asymptotic manipulations.

Now consider the inverse of the predictive distribution function. We write ¢ = ¢(z ; Y,0)
to indicate explicitly the dependence on z and Y, and also let ¥*(z ; Y) denote an estimator of
U(z; Y,0); ¥* could be either v or 1. Assume 9* has an expansion

V(25 Y) = Y(z; V,0) +n V2 R(2,Y) +n71S(2,Y) + 0p(n7Y), (15)

We define the true and estimated P-quantiles of the predictive distribution, zp = zp(Y,0) and
zp = zp(Y), by the equations ¥* (25 ; Y) = ¢(zp ; Y,0) = P. Then further asymptotic arguments
show that

S 12 R(zp,Y) - R(zp,Y)R/(2p,Y) _le(ZP,Y)lf)”(ZP; Y, 0)
e V'(zp 5 Y.6) VRp i Y0 2 4P(zp; V.6

S(ZP,Y) _




and

R(Zp, Y)R/(Zp, Y)
Ty Ser)
+op(n71). (17)

Vhi Vi)~ (e Yi0) = —nV2R(p,Y) 407

Where there is no danger of confusion we omit the arguments zp, Y, 6.

The argument leading to (16) and (17) is essentially that of Cox (1975), but because the precise
form of the result is different from Cox’s, we provide an independent derivation in Section 8.3.

The expected value of (17) will be called the coverage probability bias; it represents the discrep-
ancy between Pr{Yp < z} | Y, 0} and the target probability P. The expected value of (16) is also
of interest, in connection with the expected length of a Bayesian prediction interval; this is further
discussed in Section 5. By (13) and (14), for both 2p and Zp, R = " Z;1);. For Zp, we have
S = Iii’jlik’KZiijﬂ)g + %ﬁi’rﬁj’sﬁk’tmiijrZsz/)t + %/ﬂi’jf{k’éZiZk¢jg; we subsequently denote this by
S1. For Zp, the corresponding expression is Sy = S1 + %mjk/@i’jnk’ew + (%wzj + sz‘@j) Kb,

After considerable manipulations, given in detail in Section 8.4, the coverage probability bias
in Zp reduces to
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The corresponding result for Zp is
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We now make some comments about the general form of the results (18) and (19). Nothing in
the results up to this point suggests any reason why either one of (18) or (19) should dominate the
other universally. In particular, it is entirely plausible that there are situations when the plug-in
approach leads to smaller coverage probability bias than the Bayesian approach. However, the most
interesting cases are as P — 0 or P — 1 — the limiting cases when we want to be nearly certain
that our prediction interval covers the true value. These cases are symmetric so we consider only
P — 1. In this case, (18) shows that the dominant term in the coverage probability bias is

2

1 00100
—5 (@7 (P)) 7 (P) ki 2
2 o



whereas in (19), all the terms are of O(¢(®~1(P))®~1(P)). Since ®1(P) — oo as P — 1, this
suggests that the coverage probability bias of the plug-in predictor is bigger by O(<I>*1(P)2)7 as
P — 1, compared with the Bayesian predictor. Also this result does not depend on any particular
choice of the prior density since the role of Q; = % log 7(0) is relatively unimportant for this
comparison.

However the form of (19) suggests another possibility: if we can choose 7 so that

kT (e i) + RO (fw _ Uwgoe) 4 i, 20
oo oo on oo
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then the second-order coverage probability bias of the Bayesian predictor is 0.

Equation (20) is in the form of a first-order linear partial differential equation, of a structure
that typically arises in the literature of matching priors for confidence intervals, see e.g. Datta and
Ghosh (1995). Levine and Casella (2003) have collected and reviewed several methods for numerical
solution of such equations. For reasons to be explained in Section 6, it may not be worth the effort
actually to solve these equations, but the existence of a matching prior is still an important result
qualitatively. For instance, even if we do not try to find a matching prior, we could still compare
and rank different priors (such as the flat prior, the Jeffreys prior, or one of the different forms of
reference prior developed by Berger et al. (2001)) according to how close they come to satisfying
(20).

5 Expected length of a Bayesian prediction interval

We now give the corresponding calculations based on (16). Detailed calculations, given in Section
8.5, show that
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In this case, the asymptotics as P — 1 are the other way round from (18) and (19): the order of

magnitude is O(®~1(P)) for ¥ but O <<I>_1(P)3) for 1. This, however, is what we would expect: the

Bayesian prediction interval achieves more accurate coverage probability than the plug-in interval,

but at the cost that it is a longer interval. This discrepancy is reflected in the O (@‘1(P)3) term
in (22.

We now discuss the consequences of these formulae for the length of a prediction interval.

Suppose we choose P; and P» so that P, — P; is the desired coverage probability. For example,



for a 95% prediction interval we would most likely choose P, = 0.025, P, = 0.975. The Bayesian
prediction interval is (Zp,, Zp,), and its expected length is

E{gpz - ZPI} = E{sz - ZPI} +E{2P2 - sz} - E{gpl - zPl}
= oo{® (P2) — " (P)} + E{Zp, — zp,} — E{Zp, — 2p,}- (23)

Equation (23) might be used as a basis for network design. Suppose we are choosing locations for a
network whose purpose is to predict a quantity Yy. For example, the observations Y7, ..., Y,, might
be measurements of atmospheric particulate matter at n air pollution monitors, and Yy might be the
average (or a population-weighted average) over a region, that could be used as a predictor of human
health effects. In this context, it is desirable to estimate Y{ as accurately as possible, but because
precise measurement is not possible, a prediction interval for Yy, based on spatial interpolation
from Y7, ...,Y,, is desirable as a means of reflecting uncertainty in the interpolation. Based on the
results of Section 4, we propose a Bayesian prediction interval to minimize the coverage probability
bias. When choosing among different possible layouts of the network, we propose minimizing (23)
for given P; and Ps.

The structure of (23) is in two parts. If we were solely interested in the first term, we would
choose the design to minimize oy, the predictive standard error of Yy assuming 6 is known. In
recent research such as Zhu (2002), this known as a “predictive criterion” for network design. The
second and third terms in (23) account for the error due to estimation of §. Choosing the design
to optimize parameter estimation leads to so-called estimative criteria for design. The merit of
(23) is that it is a combined criterion that accounts for both estimation and prediction. Using (22)
to approximate (23) provides a practical means of evaluating this design criterion. It remains to
investigate its practical implications.

6 Frequentist corrections to plug-in prediction intervals

A major focus of our results up to this point has been that the plug-in approach to prediction inter-
vals typically underestimates the variability of the predictive distribution, and Bayesian methods
may correct for that by reducing the coverage probability bias. But the disadvantages of the plug-in
procedure are well known, and previous research has led to corrections derived from a frequentist
perspective. It is therefore natural to ask to what extent the properties of Bayesian procedures
compare with those of frequentist corrections to the plug-in approach.

The best known frequentist correction was derived by Harville and Jeske (1992) and also by
Zimmerman and Cressie (1992). Starting with the identity

E{\TY -v0)*} = B{0\Y -y} +E{(\TY = \TY)?}, (24)

these authors used a first-order Taylor expansion to write the second term in (24) approximately
as
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and then, effectively assuming 6 independent of Y, replaced (25) by
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The corrected expression for (24) is then
E{\TY =%0)*} ~ of +n eIV (26)
One possible approach to a predictive distribution would simply use (26) in place of Jg for the

predictive variance, but otherwise assume normality. Thus, in place of 2 = ATY + Go®~H(P), we
write

s = ATY +/62 +n 15 ATV A0 (P)

= Zp+ EIATVA @ H(P) + 0p(n 1) (27)

noo
where, as usual, hats over various terms indicate that the terms in question are to be evaluated at
the REML estimator 6. For theoretical calculations based on (27), we can ignore this distinction
(i.e. assume k%7, \;, etc., are evaluated at the true 6) since this will not affect the Op(nfl) properties
of the procedure.
In the notation of (16), this amounts to replacing the quantity S (which we have called S, in the
,7 \T .
case of the plug-in predictor) by S; — ¢(®~1(P))®~1(P) - %, where we have also used (46).
0
Therefore by (17), the asymptotic coverage probability bias is increased by n~t¢(®~1(P))®~1(P)-
LT )
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In other words, the Harville-Jeske-Zimmerman-Cressie correction eliminates one of the bias terms
n (18), but leaves the rest intact, including the one that is dominant as P — 1.

Abt (1999) derived an improved version of (25) that does not assume 0 and Y independent. As
shown in Section 8.6, a more refined approximation to (25) is

oW oW o OW . OW
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a result that is presumably equivalent to Abt’s though a precise correspondence between (29) and
Abt’s result has not been established.

Therefore, a more refined version of the Harville-Jeske-Zimmerman-Cressie correction would
replace o3 by

Ve VA + AV oV —
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in the construction of the prediction interval. By the same argument as led to (28), the coverage
probability bias is now

NEL(h 5 Y,0) = 0z s Yi0)) ~ 0@ (PN PRI (s 4 S
0

L i (0o0ij i00j -
kb <U°J—"° LR 1(13)2). (30)
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This still does not eliminate the dominant (as P — 1) term in (18).

Therefore we consider a different approach: instead of trying to refine (18) using previously
defined modifications, we use (18) to suggest a new one. This is similar in spirit to the asymptotic
frequentist approach to prediction problems of Barndorff-Nielsen and Cox (1996). Consider the
estimator

;s 1
A 11 0§ nkef A o A
z}; = 3p—n® (P){/i”fi Goe <f€ik,j + iﬁijk

1 .. G 0i s 1 ermnn
R (arozj - “OZ(’OJ@—l(P)Z) — 5 RNV

00 oo
1 e OW S OW o o OW L OW ¢
B phdpkl ([ NTy 2 2y, 2 AT 2 v 2 A } 31
oGy <J 067~ aoF MY Ggr Y gar M (31)
—1 -1 ..
In (16), we now have S = S + W{n”]/@kregog (IiikJ + %Hi]’k)
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After combining this with (18) we now find (by construction) that all the second-order coverage
probability bias terms cancel and therefore (31) has coverage probability bias 0, to O,(n™1).
Thus we conclude that there are two ways to achieve an estimate of the predictive distribution
with second-order coverage probability bias of 0. The first is the Bayesian predictive distribution
based on the matching prior found by solving (20). The second approach is direct, by (31). As a
practical matter, direct application of (31) seems to be the simpler approach to compute, and would
seem to render it unnecessary to solve the differential equation (20) in practice. Nevertheless, the
existence of a matching prior is important because it shows that the artificial-looking predictor (31)
is equivalent to a Bayesian predictor, which provides further justification of our overall emphasis
on Bayesian methods.

_1_%,%1'7]' (JOij _ JLEW@*I(P)Q)_Tioﬁi,j)\?‘/)\j_ﬁlgomi,jmk,e ()\fv@WV(?WVAg + )\}TVHWV(C)WV)\Z)}

7 Relationship to design criteria of Zhu and Stein

Considering the discussion of the previous section, suppose z}; is an estimate of the P-quantile

of the predictive distribution, for which the second-order coverage probability bias is 0. As just
noted, such an estimate may be calculated directly from (31), or indirectly by solving (20) for the
matching prior and computing a Bayesian predictive distribution. If the first approach is taken,
then a combination of (21) with (31) leads to

1 . .00i00; . 1 ..
nE{zl, — 2p} =~ <1>—1(P){WU° P51 (P)* 4+ ——rIATV ),
2 00 200
y oW _ oW oW oW
—— RPNV VA AT v A)} 2
2nog ( 1V 6 agr M TNV Y e VM (32)
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It may easily be checked that we get the same result from (22) if we use the matching prior defined
by (20).

Equation (32) has an interesting interpretation. The second term corresponds to the Harville-
Jeske-Zimmerman-Cressie correction to the prediction variance, and the third term is Abt’s refine-
ment. If we assume that Abt’s refinement is negligible in comparison with the main term of the
Harville-Jeske-Zimmerman-Cressie correction (Abt’s own simulations supported this), then we may
ignore the third term in (32).

To apply (32) to the length of a prediction interval, we must combine it with (23). Assume
P, =P P, =1— P for an equal-tailed prediction interval. Then the length of the prediction
interval is

1 o0i00; 1 ATV
20'0@71(13) 1 _i_nfl {2@1(]3)2&1,]0-003-0] + 2/{/17]7'0-2]}‘| (33)
0 0

so if we square (33), ignoring the multiplier 2¢~1(P), we want to minimize
O'g + nillﬂ?i’j)\gﬂ‘/)\j + nilq)il(P)Qlﬁi’jO'giO'Oj. (34)

This has an interesting parallel with the approach of Zhu and Stein (2004). They defined quantities

_ .. 10802 ;002 _ .. . .
Vi =03 +n NV and Vo = n 18(;? K" a(;? = 4o3n" k" og,00; in the present notation.

They interpret V7 as the Harville-Jeske-Zimmerman-Cressie approximation to the prediction error
variance and V5 as a term reflecting the uncertainty of estimating 0. In practice, V3 is replaced

by Z—é to achieve scale invariance. As a combined criterion, Zhu and Stein suggested V3 = V] + ;{ng

but also suggested that other linear combinations of V; and % could be considered.
0

Equation (34) is equivalent to

1P W,

V3=V + 1 ;8 (35)
which, surprisingly, is of the same structure as the Zhu-Stein criterion, and could even coincide
with it (if we chose P such that ®~!(P) = v/2). Equation (35) carries the implication that the
optimal design might depend on the coverage probability of the prediction interval. This, however,
may not be unreasonable: the closer P gets to 1, the more critical the “estimative” properties of
the design become, and this affects the weightings in (35).

In summary: if we apply a second-order correction to the coverage probability bias, either
directly through (31) or indirectly with a matching prior, then (35) becomes a suitable design

criterion, paralleling that of Zhu and Stein (2004).

8 Detailed derivations

8.1 Proof of Lemma 1

Following the derivation of Harville (1974), the restricted likelihood may be defined as the density
of U = ATY, where A is an n x (n —q) matrix of rank n — g such that A”X =0, ATA =1, AAT =
I-X(XTX)71XT. Alsolet H = (XTV~1X)"1XTV~1Y be the generalized least squares estimator
of . As shown by Harville, the transformation Y — (U, #) has Jacobian | X7 X|~1/2, so

FY) = [XTX |20 (2m) 2 XYY exp { - ) TXTV X G- )
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Equation (5) follows at once (Harville’s result). For (6), consider the variable T = Yy — ATY.
The conditional distribution of 7' given Y is normal with mean x{n + w?! V=YY — Xn) - MY =

— (28 —wTV=LX) (A — n) and variance v — w? V~1w. Therefore, the joint density of Y and Yj is

1
XTX[2f(U9,T) = |XTX|‘1/2e£"<U>-(27r>‘q/2|XTV‘1X|1/2exp{—2<ﬁ—n>TXTV—1X<ﬁ—n>}-

(2m) "2 (0 = w VT w) T P exp | - {T+ (a5 —w" VX))~ 77)}2} :

2(v — wTV—1w)

The result (6) follows by standard manipulations.

8.2 Derivatives of /,(0)

This section concerns the evaluation of the quantities U;, Usj, Ujji, that are needed in (11) and
subsequently.
From (2) we have, ignoring constants not depending on 6,

1 1 1
by = —5log|V| - 51og|XTV—1X\ — 5YTWY
1 1 T 1 of

= —Qlogﬂf\ — Qlog|X V7 X| - Catow

where the matrix W = V! — VIX(XTVIX " HXTV~! has entries {w®®} and we exploit the
fact that YIWY = e’ We where e = Y — Xn has entries e, 1 < a < n. Note that we use greek
letters to denote individual components of the observation vector to avoid confusion with letters
1,7, k, ... that are used for components of 8, but the summation convention applies the same way.

Exploiting identities such as al%olv' = tr (Vﬁlgzﬁ (Mardia, Kent and Bibby (1979), Sections
A.2.3 and A.9) and with some algebraic manipulation, we deduce

1 w1 Ows

Ui = g 5% g 36)
Further differentation leads to
1 Ovap w1 Pw 1 92wP
Ui = 5305 a9 T 3000005 ~ 25 5gia05 (37)
U — } 820a5 AwP }avag 92wP }a’ua[; H2w*B
kT 9090500k 000 | 2 007 00i00F T 2 0Ok 0990
2B o0ipaiak — 2°“P o0ioniank
We also note the identities
oW G\%
o = VgV (39)
O2W oV oV oV oV 92V
PR A A TR T T 40
PW oV dV __ dV oV aV oV oV vV vV
avaniorr — Vag" aar "V agk"V W agr W aar" ~ WaerV aer "V aar Y
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ov.__ov __ oV ov __ov__ oV ov __ov __ oV

WaarV oV ag"V Wk ag WV aai "V ~ Wagk W eV ag "V
2 2 2
+Wa§iavej ngc W+ Waglaek Wgéj W+ Wagaaek Wg;/i
2 2 2
W g W G g e g
3
_Waeigejaekw (41)

which greatly aid the computation of (36)—(38), given that it is usually straightforward to differ-
entiate the components of V' analytically but much harder to do so for W.

In this section, we also indicate how to calculate the quantities r;j, Kijk, kijr introduced in
Section 4. In U;; and Uy, the last two terms are respectively nl/QZz-j, nl/QZijk and the remainder
are respectively nk;;, nrjp. Thus x;; and k5, are calculated directly from (37) and (38), using also
(39)—(41). For K;j, we have

1 B 0?w*B 2w ow"d ow"d
Mgk =B\ aei00i — P aiagi | \ " agk Y agk

A2wB Juw?
Z( 001907 Ok
1 A2wB dw?
2B 56inei ek

where in the middle of the calculation we used

Vay U35 + Uoc(svﬁ"/)

E{eaegesest = 0apUys + VaryVss + VasUsy- (43)

8.3 Asymptotics for the inverse predictive distribution function
Since ¥*(2p ; Y) and ¢(zp ; Y,60) both equal P, we have

0 = ¥"(2p; Y)—9(zp; Y,0)
= Y 2p; Y) =Y (zp; V) + ¥ (zp; V) —¢(2zp ; Y, 0)
= (2p —2zp)™ + %(2} — 2p)2¢*" +n PR+ n71S + op(nfl) (44)

1
= (2p—zp)¥ +n (2 — 2p)R + 5z = zp)*”

+n 2R+ 0718 + 0,(n7Y). (45)

Here, (44) is a combination of (15) with Taylor expansion of ¢* (we assume 2% — zp is of O,(n=1/2)
so that terms of order (2% — zp)3 and higher may be neglected); while (45) follows on assuming
that (15) may be differentiated term by term with respect to z.

We solve (45) in two stages: setting equal to 0 the O,(n~1/?) terms (25 — zp)y)’ +n~ /2R,
we deduce the first-order approximation zp — zp = —n 2R/ + op(n_l/ 2). Next, assuming
25— zp = —n~Y2R/¢’ + n~'e and substituting back in (45) to solve for €, we deduce (16).

To deduce (17) from (16), we take a two-term Taylor expansion

Len — a2+ opn™Y)

V(zp; Y,0) —(zp; Y,0) = (2p — zp)Y’ + 5
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substituting the expansion of 2}, — zp from (16) and neglecting all terms smaller than Op,(n™1).

8.4 Proof of (18) and (19)

First we give explicit formulae for the derivatives of 1. Recall that ¢(z ; Y,0) = ® (%) we
write ¢(z) = \/%6_22/2 for the standard normal density and note ¢/(z) = —z¢(z). Calculating

various derivatives of ¢ and substituting z = zp = ATY + go®~!(P), we have

W = 010¢<<I>—1<P>>, (46)
. —;%¢1(P)¢(<I>1(P)), (47)

T (o
v o= — {)\;OY + ;;@%P)} $(d(P)), (48)
wij _ {)\z;y _ Uoj/\ZlTY _ UOi)\gTY 4 00ij (D_I(P) B 2001’20—0]' (I)—I(P)} qb(q)_l(P))

0o 09 o o) a9

- {AZOY sk 1<P>} { = ij@l(P)} 27 (P)o(@(P)), (49)
v = [—"2 + {AZTY + "“@%P)} - 1@1(13)] o(@7(P)). (50)
o) oo g0 g0

To evaluate the expectation of (17) we need the expectations of R, }fﬁ/ and S, where R =
Iii’jZiwj, S = Sl = fii’jlﬁk’eziijl/Jg + %ni’%‘jﬁsmk’%iijrZslbt + %Fci’jlik’ezizklﬁjg.

First we consider E{R}. Noting that n'/2Z; = U; is given by (36) and 1; is given by (48), we
have E{U;} = E{Y,U;} = 0 for any «, hence E{R} = 0.

Next, consider

RR'\ KW Zinhi kP Zyal,
Biy) = F { W }
= Kk (P)).
T
E [ZiZk {Aj L UOj<I>_1(P)} {‘W - (A‘ZTY + W@*(P)) <I>_1(P)H (51)

a0 g0 a0 g0 00

combining (46), (48) and (50).
To evaluate (51), we need expressions for E{Z;Z;Y.} and E{Z;Z,Y.Y;} where Y, and Y; are
arbitrary components of Y. By (36),
1
E{ZZY) = ~E{UUY)
_ g Quel - owelN [ dunt  dun
T o \\"PTagi T Pgpr |\ Tger T 90 gpE | e

= Hi,k(Xn)e (52>
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where we write Y, = (Xn).+e. and exploit the fact that all terms including e, translate to odd-order
moments of zero-mean Gaussian variables and are therefore 0.
Similarly, we have

1
E{ZiZyY Yy = —E{UURYYc}

1 Ows Ows dwr® Awd
= 471E{<U“589i_6“6ﬁ80i> (“véaek“fv%ek Ye¥e

= Rik(Xn)e(Xn)¢
1 ow’ ow*? ow”’ owr?
+%E { (Ua/gaei - eaeﬁaei> (’U,yéaek_ — 67668@“) eeeg} . (53)

For the second term in (53), we need moments of up to sixth order, recalling (43) and
E{eaegeresecect = 0apUysVec + VaglyeVsc + VafUy¢Use + Vay¥a5Vec + VayUBeUs¢ + VayVB¢Use

TUasVByVe¢ F VagVBely¢ F VasVpclye T Vaclpyls¢ + VacVasUy¢ 1 Vaclpclys
FVaVByVse + VacVB5Vye + VacVBeVys- (54)

Combining (43) and (54), we have

E{(vap = caep)(vys — ey€5)ecect = VayUpsUec + VanVaelsc + VarVpcUse T VasVyVe¢ + VasVpets

FUASVBCVUye T VaeVByVs¢ T VaeVBsV~¢ + VacV8yUse + Vac V35 Vye-

Hence (53) reduces to

1 owB guw?

in 067 96F
FVasVByVe¢ + VasVBeVy¢ + VasVB¢Vye + VaeVByUs¢ + VaeVBsVy¢ + ValV3yVse + 1)041)/351)75)

1 (. OW. oW 1(..OW. aW
— ki p(X0)(X wkin+ vy i) § 7asaadh Vasaddn
ki (Xn)e( ”)4”4“7”n{vaezvaekv}€<+n{Vaekvaezv}eg%)

E{Z;Z}Y. Y} = kip(Xn)e(Xn)e + VaryUBsVe¢ + VayUBeUsc + Vary VB¢ Use

where { . } denotes the (e, ¢) entry of the matrix enclosed in brackets, and we have used the fact
¢

af 9 af s . . .
that %%”va%vm = ﬁ&aﬂgi Vas %UTZU@Y is one of several equivalent expressions for x; .

We use (52) and (55) to simplify (51). We write )\;‘FY = A5Yc where AS is the eth component
of Aj. We also note that because AT X = z{ (independent of ), we also have )\;‘-FX = (0. Because
of this, the terms involving (X7). or (Xn)¢ in (52) and (55) become 0 when substituted into (51).
We write

2

E{RR/} = 2241 (PY)SL(P)(1 - 7(P))

(G4 o0 00
y - OGNS 1( OW_ oW 1( OW_ oW
—K ’J/Qk‘,fqb((l) 1(P))(I) I(P) ég |:UECK/’L‘,]€ + E {VWVW“V}€C + ﬁ {VWVWV}EC]
. ; 1
— ﬁj7e¢(©7l<P))q)il(P) {0'0;-((2?0[(1 — (I)*l(P)Q) _ U(%AJTV)\Z}
” 1 ow __ oW ow _ oW
ikl oy e (P (P (T v Ty 2L )
IR o0 (PO (P) s (WV GV GV e+ XV GV gV (56)
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Continuing the calculation of (17), we must next evaluate E{S;}, which is the sum of three
terms:

B {2y 20} (57)
1 o

§E {nl’rnj’sﬁk’tﬁiijrZs@bt} , (58)
1 -

5 F {Hwﬂk’fzizkw} . (59)

First consider (57). By (36), (37) and (48), this reduces to the expectation of
. Y
_IiZ’Jﬁk’f(b((I)_l(P))Ziij {f + O—OZ(I)_I(P)} .
g o)y

In this expression, all the terms involving Y have expectation 0, for essentially the same reasons as
in (51), so (57) reduces to

—kHIE (@7 (P) DT (P) T ki . (60)

g0

Next consider (58). By (36) and (48), this is the expectation of

1 .. . ATy
—2mz’rm]’smk’tﬂijkqﬁ(@_l(P))ZTZS{ t +0(”<1>—1(P)}.

o0 00
Once again the terms involving Y have expectation 0, and the rest reduce to

1 . .
—§nlvwﬂvsﬁ’f7twk¢(<p*1(P))@*%P)ﬂm
00
1 .. _ _ o
— _5,.@%%’%%]-@(@ L(P))® 1(p)?°j. (61)

Finally we evaluate (59). By (36), (49), this is the expectation of

1 ..
—iﬁl’]ﬁk’ZZiZk :
MY o0e)Y oo \TY ag 200500¢ & — -
H _ w0 A Y o0it g1 py _ 290590 g1 py g1y
o og oty 00 90
My ; Ty
+{ 2 +U°”«I>—1(P)}{Af+W<I>‘1(P)}@_I(P)cb(@‘l(P))} (62)
00 o) 00 00

Once again the linear terms in Y have expectation 0. Those terms in (62) that do not depend on
Y have expectation

1 . ) . )
o (P (p) { T - 2% 4 T gy (63
2 00 lony on

The quadratic terms in Y within (62) reduce to

NS
1 .. P

—5/1“%’“’%(@_1(P))@‘l(P);—QeZZ»ZkY&Yg
0
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and after taking expectations using (55), that becomes

1 .
— (@ H(P)) 2 (P)AV A
200

s (o (P)e 1 (P) AV

oW oW o OW AW
801‘/89]“‘/)%—'_)\ Vagkvael‘/)\g> (64)

Thus, (59) is the sum of (63) and (64).

Based on (17), the approximation to nE{y(z2p ; Y,0) —(zp ; Y,0)} is (56) minus the sum of
(60), (61), (63) and (64). After collecting terms together, we get the result (18).

To derive (19), we start with (18) and add

E{Sl - S2} = E{ %"fuk"f ’]’fk 677/)@ - 71%]"‘7 7 ¢ZQ] } . (65)

We need the expectations of v; and 1;;. However from (48), (49),

E{gi} = J@w L))~ Y(P),
E{yi} = {—U;;J + 2”2%0 % _ ”“;g°j¢—1(P)2 — JlgA?V)\j} (@ H(P)dL(P).

Hence we evaluate (65). Adding the result to (18), we deduce (19).

8.5 Derivation of (21) and (22)
From (16) and the fact that E{R} = 0, we have

RR S 1 RW’} (66)

nE{zP_ZP} E{¢/2_¢/_2 wl?)
The first two terms are the same as in (18) or (19), multiplied by % = W. The third term
1 (66) is

4 y MY oy L
Lo B) prrey = Loa i ppinp 22, (S + amipy) (2L 4 o))
25(01(P)) : w0 wo

As in several calculations in Section 8.4, all linear terms in Y have expectation 0. The terms that
do not depend on Y reduce to

oojooe 1 3 00i00j
) ——P I(P) Hl’] 107

1
*(I)_I(P)S ,]Kké
2 a0 2 ao

which the quadratic terms in Y reduce to

1 ..
5(I)_l (P)xi ,.{W)g)\gE{ZiZkYeYC}'
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Using (55), this becomes

1 AV 1 > oW _ oW oW oW
7(1)—1 P) b i J (I)—l P)ibd k,l ()\T A )\T >
S P et g Y (DIRE AN VgV e VA AV ggr Y g VM
Hence
1 R%y" 1. 1,3 ;:00i00f ATV
BT — o L p)ghd 20 q) P)gbd =TI
{ 2 ¢’3 } 2 (P)"s 0o T3 ( ) 00
1 y oW __ oW oW __ oW
q)—l P) I k,l < T T ) .
o (P)k" K )\]V(‘)@lvé)QkV/\e—i_)\]V@QkV@G Ve (67)

Finally, combining (67) with (66) and the previous calculations of (18) and (19), we deduce (21)
and (22).

8.6 Derivation of (29)

Using 0" — ' ~ n~Y2k40 7, write (25) as n~'kiF i e)\f»)\jc-E{ZngYng}. Then apply (55). After
some rearrangement of terms, equation (29) follows.

9 Summary and Conclusions

In this paper, we have considered the properties of predictive inference in spatial statistics, or
more generally Gaussian processes whose mean is a combination of linear regressors and whose
covariance is parametrically specified. We use REML estimators for the covariance parameters and
linear predictors (universal kriging) to derive a predictive distribution for an unobserved variable of
interest. Direct application of the REML estimator leads to the “plug-in” approach. As an alter-
native to that, we propose a Bayesian predictive distribution with arbitrary smooth prior density.
We also compare with previous frequentist corrections due to Harville and Jeske, and Zimmerman
and Cressie, and their refinement suggested by Abt. We compute the coverage probability bias
associated with the P-quantile of the predictive distribition, and also the expected length of a
prediction interval, suggesting that the latter may be used as a criterion for network design.

The key results of the paper are (18) and (19) for the coverage probability bias of the plug-in
and Bayesian predictive distributions, and the results (21) and (22) which (together with (23))
define the expected length of a prediction interval. From the point of view of coverage probability
bias, although there does not appear to be any universal comparison that Bayesian predictors are
better than the plug-in approach, it does appear that in the tails of the predictive distribution,
the Bayesian approach is superior, regardless of the prior. However, our results also suggest the
existence of a matching prior, solving (20), for which the second-order coverage probability bias is
0. Previous frequentist corrections do not have this property, but we use our second-order results
to suggest a new frequentist correction, equation (31), which does.

If we use an estimator of the predictive distribution for which the second-order coverage prob-
ability bias is 0, then the expected length of the prediction interval takes a particularly clear-cut
form. When interpreted as a criterion for network design, we derive a combined “estimative” and
“predictive” criterion parallelling recent work of Zhu and Stein. However the relative weights of
the two components depend on P, i.e. on the coverage coefficient of the prediction interval. This
appears to be a novel feature of the present approach.
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The results are restricted to linear regressions and the REML estimator. Initial calculations
suggest that because of the loss of orthogonality properties that the present paper has exploited, the
results would be considerably more complicated in the case of nonlinear regressions or the ordinary
maximum likelihood estimator. We have also not considered numerical consequences of our results,
either for Bayesian inference or for network design, nor have we examined algorithms for finding
network designs under the new criteria. All these remain promising possibilities for future research.
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