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Preface

This volume is an effort to draw together contributions to the main areas in which
Jayanta has worked and continues to work. The papers naturally fall into 5 cate-
gories.

First, sequential estimation was Jayanta’s starting point. Thus, beginning with
that topic, there are two papers, one classical by Hall and Ding leading to a variant
on p-values, and one Bayesian by Berger and Sun extending reference priors to
stopping time problems.

Second, there are 5 papers in the general area of prior specification. Much of
Jayanta’s earlier work involved group families as does Sweeting’s paper here for
instance. There are also two papers dwelling on the link between fuzzy sets and
priors, by Meeden and by Delampady and Angers. Equally daring is the work by
Mukerjee with data dependent priors and the pleasing confluence of several prior
selection criteria found by Ghosh, Santra and Kim. Jayanta himself studied a variety
of prior selection criteria including probability matching priors and reference priors.

Third, between his work on parametric Bayes and nonparametrics, Jayanta took
an interest in model selection. Accordingly, three papers on model selection come
next. Bunea’s work on consistency echoes Jayanta’s work on consistency of the BIC.
Chatterjee and Mukhopadhyay’s work on data adaptive model averaging continues
the direction he started under Jayanta’s guidance. Chakrabarti and Samanta’s work
on the asymptotic optimality of predictive cross validation contrasts nicely with
standard Bayes model selection, via the BIC for instance.

Fourth, there are 5 papers generally on Bayesian nonparametrics. Some are ap-
plied as in Malec and Mueller’s work on semi-parametrics in small area estimation
or Guo, Dey and Holsinger’s work carefully using prior selection for modeling pur-
poses. And some are more theoretical: Choi and Ramamoorthi provide a review,
with some new results, on posterior consistency while James focuses on a class of
priors and van der Vaart and van Zanten focus on the role of Reproducing Kernel
Hilbert spaces in Bayesian nonparametrics with Gaussian process priors.

Finally, Jayanta has most recently turned his attention to high dimensional prob-
lems. On this topic, there are 5 papers from a variety of standpoints. For instance, it
is possible to make unexpected use of the information in the large dimensions them-
selves as in Sen’s work with Kendall’s tau. Others focus on the parametric parts of
a nonparametric model as in Ishwaran and Papana, or in Bhattacharya and Bhat-
tachcarya. A third tack in Clarke and Seo is the focus on selecting the dimensions
for use in emerging model classes. Finally, the work of Bickel, Li and Bengtsson
establishes a general convergence result for computing conditional distributions.

As can be seen, some papers fit comfortably into more than one section and
some only fit into a section if it is interpreted broadly. Even so, we would like to
think that the papers have achieved a nice tradeoff between clustering rather nicely
around the topic of each category and maintaining a reasonable diversity in line
with Jayanta’s work.

Despite his diverse research interests, asymptotics and their applications have
been the main recurring theme of Jayanta’s research since he published his first pa-
per in sequential statistics in 1960 (at the age of 23). So, as a generality, asymptotics
undergirds most of the material in this volume honoring him.

v
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Fortunately, asymptotic thinking pervades statistical inference, even in the most
applied contexts. So, this is hardly a limitation. On the other hand, asymptotics
has a way of being impenetrably abstract. However, all the papers here, are, in
Woodroofe’s memorable phrase, written at a level that would be ‘accessible to a
determined graduate student’. We encourage readers to have a look at least at the
introductions of papers outside their research area, just for pure love of the field
and the joy of intellectual stimulation. We suspect that once some one has read the
introduction, he or she will be ineluctably led to finish reading the whole paper.

As Editors, we have been delighted at the depth and quality of work our con-
tributors submitted. They all make foundational points in the spirit of Jayanta.
We believe each paper will be of interest to researchers, theoretical and applied,
who confront problems that are difficult enough that conventional solutions are
inadequate and closed form solutions are intractable in the several areas covered
here. We are deeply grateful to all contributors for offering their finest work to this
volume.

Of course, no volume such as this could have been possible without the free
and anonymous labor of referees: You folks know who you are, but for the sake
of confidentiality we cannot name you. We especially thank those who provided
extremely prompt reports when we badly needed them. If any of you meet one of
us at a conference, we owe you a drink. Probably two — you helped us immeasurably.

In terms of actually producing this volume, Jennifer Clarke provided invaluable
support. She helped us repeatedly with compiling complete versions of the volume.
In particular, the final, detailed copy-editing was her work; the balance of her
account in the Bank of Karma is astronomical. We can’t thank her enough.

Along the way there were many other people who gave us their time and ex-
pertise. Dipak Dey helped guide us as we prepared initial proposal. Rick Vitale,
the former Editor for the LNMS series, also did a first rate job in explaining the
details of how we had go about this kind of project, if we wanted it to be successful.
Rick then gave the initial approval — thanks, Rick! Anthony Davison, the current
Editor for the LNMS series, worked closely with us to get the volume in final form
and then gave it final approval. We appreciate the burden that you carried for us,
Anthony.

Finally, we are grateful that the IMS put its scarce resources into supporting this
volume. The IMS has a tradition of honoring it’s most illustrious members and, in
our view, Jayanta is most assuredly among them.

It was a pleasure to put this tribute together and we hope that in some small
way we have served the interests of the research world.

Bertrand Clarke
Subhashis Ghosal

November 2007
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Abstract: Professor Jayanta Kumar Ghosh has contributed massively to var-
ious areas of Statistics over the last five decades. Here, we survey some of
his most important contributions. In roughly chronological order, we discuss
his major results in the areas of sequential analysis, foundations, asymptotics,
and Bayesian inference. It is seen that he progressed from thinking about data
points, to thinking about data summarization, to the limiting cases of data
summarization in as they relate to parameter estimation, and then to more
general aspects of modeling including prior and model selection.
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1. Introduction

Professor Jayanta Kumar Ghosh, or J. K. Ghosh, as he is commonly known,
has been a prominent contributor to the discipline of statistics for five decades.

IDepartment of Statistics, University of British Columbia, 6356 Agricultural Road, Vancouver,
BC, V6T1Z2, Canada; e-mail: riffraff@stat.ubc.edu

2Department of Statistics, North Carolina State University, 12 Patterson Hall, 2501 Founders
Drive Raleigh, NC 27695, USA; e-mail: ghoshal@stat.ncsu.edu

AMS 2000 subject classifications: Primary 62; secondary 62

Keywords and phrases: Sequential Analysis, Foundations of Statistics, Edgeworth Expansions,
Second Order Efficiency, Bartlett Corrections, Noninformative prior, Semiparametric Inference,
Posterior Convergence, Bayesian Nonparametrics, Model Selection
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2 B. Clarke and S. Ghosal

The spectrum of his contributions encompasses sequential analysis, the founda-
tions of statistics, finite populations, Edgeworth expansions, second order efficiency,
Bartlett corrections, noninformative, and especially matching, priors, semiparamet-
ric inference, posterior limit theorems, Bayesian nonparametrics, model selection
and Bayesian hypothesis testing, high dimensional data analysis as well as some
applied work in reliability theory, statistical quality control, modeling hydrocarbon
discoveries, geological mapping and DNA fingerprinting. By itself covering such
diverse topics in depth is a major career achievement. He has authored over 130
publications including three monographs and several edited volumes. His books,
one entitled Higher Order Asymptotics and published as an IMS monograph and
another entitled Bayesian Nonparametrics, co-authored by R. V. Ramamoorthi and
published by Springer-Verlag, continue to hold respected positions for researchers
in these areas. His recently published third book [34] is a fine graduate text on
Bayesian inference. In addition, his service to the profession, especially as the edi-
tor of Sankhya has been invaluable.

In spite of the variety of his work, asymptotics has been central to his thinking
across a wide range of problems. Accordingly, in what follows, we outline some of
his work, in roughly chronological order, focussing on those contributions which are
intimately connected to asymptotics. In the course of reviewing his work, we try
to characterize the progression of thinking that naturally connects the topics that
J.K. Ghosh has done so much to develop.

2. Sequential Analysis

J. K. Ghosh started his research career in Sequential Analysis in the early sixties as a
Graduate Student in the Department of Statistics at Calcutta University. Wald had
recently introduced his sequential probability ratio test (SPRT), but its properties
were not well understood in the composite case. This was the first topic to which
Ghosh turned his attention. Through his work, many of the properties of SPRT
and related procedures were established and better understood. For instance, in the
testing context, double minimaxity essentially means simultaneous minimization of
average type I and II error probabilities. In his first published work [26], Ghosh
clarified a result of Wald on the double minimaxity of the SPRT for normal two-
sided alternative hypothesis (with unknown scale) separated from the null by 4.

It is well-known that the power function is monotonic in many common families
for fixed sample sizes. Ghosh established an analog of this result in [27], namely
that the operating characteristic function of the (generalized) SPRT continues to
be monotonic. Also in the sequential context, [28] considered the admissibility of
sequential tests based on a simple identity which later became known as the Ghosh—
Pratt identity. Ghosh compared the SPRT not just with the class of all tests with
finite expected sample size but also within other classes, for instance, the class which
requires at least one observation or which requires no more than a predetermined
number of observations to reach a conclusion.

Following this, Ghosh continued to elucidate more properties of the SPRT,
and its variants, which could be seen as analogs of the corresponding properties
Neyman—Pearson or Bayes tests for fixed sample size. In [29], he proved that for
exponential families, truncated or untruncated Bayesian sequential decision rules’
terminal decisions describe regions in terms of sufficient statistics, and also showed
that for testing problems, truncated generalized SPRT’s form a complete class.

About two decades later, Ghosh returned to sequential problems, along with
various co-authors. In [33], he studied an invariant SPRT to identify two normal
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J. K. Ghosh’s Contribution to Statistics 3

populations with equal variance and obtained bounds for error probabilities. Most
recently, similar bounds for an invariant SPRT with respect to an improper prior
have also been obtained in [50].

Two-stage procedures are closely related to sequential procedures. Recall Stein’s
famous problem of finding a bounded length confidence interval for the normal mean
with unknown variance. Stein proposed a two-stage procedure for doing this: In the
first stage, the sample variance determines how many samples are to be taken in
the second stage. An obvious shortcoming of the procedure is that the second stage
sample variance is not used in the construction of the interval. So, it is natural to
ask whether one can improve Stein’s procedure by using the second stage sample
variance. Surprisingly, it is impossible to better Stein’s procedure as shown in [38].

However, the procedure can be improved in a different, and perhaps more ap-
propriate sense. The confidence coefficient does not in general properly reflect the
true sense of confidence about a parameter after observing data. For instance, if
two observations are obtained from a U(6, 0 + 1) family, then the assessment of 6 is
very precise when the two observations differ in magnitude by nearly 1, while the
assessment is much less precise if the two observations are close to each other. This
means that classical confidence intervals fail to indicate the true difference in the
level of confidence after observing the sample.

Motivated by this, Kiefer suggested letting the confidence coefficient depend on
the data. After all, in reality, for a given random interval I, we often want to predict
the indicator function 1{f € I}. Since this object is unknown, it is traditionally
estimated by a constant, the best constant being the expectation Py(6 € I), which
becomes fixed (or asymptotically fixed) for many classical intervals. However, from a
prediction theory point of view, it makes more sense to let the predictor of 1{6 € I'}
depend on the observed data. The predictor considered in this way is called the
random confidence coefficient associated with the confidence interval I. It is shown
in [39] that the second stage sample variance can be used to boost the random
confidence coefficient of a bounded length confidence interval.

3. Foundations of Statistics

From the examination of individual data points as they relate to the testing prob-
lem, Ghosh shifted his attention to data summarization, focussing on the relation-
ship between sufficiency and invariance. Sufficiency isolates features of the collection
of observations from those of the individual ones which are independent of the fea-
tures of the collection. Invariance, on the other hand, summarizes data by imposing
symmetry constraints. In practice, both sufficiency and invariance restrictions are
applied, but their order of application is an issue of interest.

Consider a statistical model (X, 4, P) where a group of transformations G is
acting on the sample space and attention is limited to invariant procedures. To find
a sufficiency reduction, one needs to find a sufficient sub-o-field ¥ of the invariant
o-field .#. However, in practice, it is typically easier to invoke invariance on the
data after it has been reduced by sufficiency. Let .7 be a sufficient o-field. To justify
the application of invariance restriction after a sufficiency reduction, it is enough
to establish . N . is sufficient for .#. This problem was addressed by W. J. Hall,
R. A. Wijsman and J. K. Ghosh, independently and roughly simultaneously. Once
they realized they had compatible results, they published a combined paper [65].
Their main result can be described briefly as follows. A statistic T is called almost
invariant if, for every g € G, T(z) = T(gx) a.s. Under conditions that imply that
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4 B. Clarke and S. Ghosal

every almost invariant set is equivalent, up to null sets, to an invariant set, it follows
that . and .# are conditionally independent given . N ., and hence .¥ N . is
sufficient for .#.

Another notion which relates two sequences of o-fields in sequential experiments
is that of transitivity, introduced by Bahadur. Two sequences of o-fields 4, C <7,
are said to be transitive if for every %, ,1-measurable function f, E(f|%,) is %,
measurable. In the usual sequential set up, .7, N .%, is transitive for .#,, where
the extra index n indicates the sample size. Several implications of this result were
discussed in [65].

In many application areas, sample surveys for instance, discrete models arise,
where the probability is concentrated on a countable set but the models do not
have common support, i.e., the support set is different for different parameter val-
ues. Clearly, such a family is not dominated and the Halmos—Savage theorem on suf-
ficiency does not hold. Nevertheless, as shown in [2], minimal sufficient o-fields exist
and the Neyman factorization theorem holds good. These results were extended for
pairwise sufficient o-fields and condition for existence of minimal pairwise sufficient
sigma-field was found in [37].

Another basic question is whether a fixed-dimensional sufficient statistic inde-
pendent of sample size actually exists. In exponential families, it is well known
that fixed-dimensional sufficient statistics exist. Outside of exponential families,
however, sufficient statistics are hard to find. Some distinguished nonregular cases
like U(—0, 0) provide additional examples. In [54], it is shown that if the support
(a(8),b(0)) is shrinking or expanding, as in the support of U(0, 8) for example, then
the density must be of the form g(6)h(x) to have a real-valued sufficient statistic.
If a(#) and b(#) are both increasing, or both decreasing, as in U(6,0 + 1), then an
R2-valued sufficient statistic can exist only in special cases.

4. Asymptotics

The asymptotic point of view undergirded Ghosh’s thinking, even in problems that
were not primarily focussed on asymptotic properties. In a sense, much of his work
on sequential analysis, Bayesian analysis and Bayesian nonparametrics are also, at
least implicitly, work on asymptotics. In fact, many of the most important asymp-
totic ideas, such as higher order asymptotics and Edgeworth expansions, were pio-
neered by him. Moreover, in terms of how his thinking progressed, asymptotics can
be regarded as the next natural conceptual step after thinking about data points
in sequential analysis, and sufficiency or invariance as a data summarization tech-
nique. That is, once we have gathered and summarized our data, we want to see
where it seems to be leading us.

Ghosh’s asymptotic work can be broadly grouped into seven categories. He
worked on the Bahadur-Ghosh—Kiefer representation for a quantile. He made foun-
dational contributions to establishing the existence of Edgeworth expansions. In
higher order asymptotics, Ghosh examined second order efficiency, Bartlett correc-
tion and contributed to our understanding of how Wald, Rao and likelihood ratio
tests compare. Then he turned his attention to Bahadur efficiency and the vexing
Neyman—Scott problem.

4.1. Bahadur—Ghosh—Kiefer Representation

Bahadur represented a sample quantile as an average of i.i.d. random variables.
To get this representation, Bahadur assumed the existence of two derivatives of
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J. K. Ghosh’s Contribution to Statistics 5

the c.d.f.; the second derivative is bounded and the first derivative is positive on a
neighborhood of the p-th population quantile &,. Then Bahadur showed that the
error in the representation is O(n=3/4(logn)?/*). The order of error in Bahadur’s
representation is nearly sharp, cf. the exact order n=3/%(logn)'/?(loglogn)/* ob-
tained by Kiefer.

One of the reasons this is important is that the order of error is small enough
to obtain asymptotic normality for the sample quantiles. However, assuming the
existence of two derivatives is somewhat strong. For instance, it rules out the lo-
cation family from the double exponential density. On the other hand, for most
statistical purposes, where only the asymptotic distribution is important, having
an error term of order op(n’l/ 2) is enough. Therefore it is of interest to weaken
Bahadur’s assumptions at the expense of weakening the conclusion to op(n_l/ ).
This is possible, even for a variable point p,, depending on n, as shown in [30], using
only the assumption of positive first derivative at &,.

Actually, the idea of representing a quantile approximately as an average of i.i.d.
observations occurred to Ghosh independently in the mid sixties at the same time
Bahadur was working on the problem. Ghosh was looking at the problem in the
more general multivariate multisample framework in connection with asymptotic
normality of multivariate rank tests. He did not record his proof then since it did
not extend to the multivariate set up at that time.

4.2. Edgeworth Expansions

Edgeworth expansions are natural refinements of asymptotic normality results in
that they give error terms of asymptotically smaller order by including more terms
in addition to the leading normal term. However, for a long time, Edgeworth expan-
sions were only heuristically justified. In the pioneering paper [7], it is shown that
under conditions of finiteness of certain moments and a condition on characteristic
function known as Cramér’s condition is the literature, the r-th order Edgeworth
expansion of a smooth function of sample averages admits error O(n~(*+1/2) In
particular, it follows that for the sample average, finiteness of the 2r-th moments
is required to justify an Edgeworth expansion of order r. The follow-up paper [8]
relaxes some moment conditions. A thorough and lucid treatment of Edgeworth ex-
pansions and related higher order asymptotics is given in Ghosh’s IMS monograph
[32].

Another angle on Edgeworth expansions comes from the idea of Fisher consis-
tency. Consider an exponential family with density proportional to exp[Z?Zl w;(0)t;
In this context, an estimator T,,, which is a function of the k-dimensional sufficient
statistic (3°1; t1(Xs)s ..y D oiey tk(X3)), is Fisher consistent if T}, (w(f)) = 6. As-
suming sufficient smoothness conditions and linear independence of the component
functions w1 (0), . .., w(0), a Fisher consistent estimator can be written as a smooth
function of sample averages, and hence has an Edgeworth expansion. In [62], this
Edgeworth expansion is compared with that of the MLE, which is another Fisher
consistent estimator. Interestingly, for any bowl shaped loss function, the MLE has
better second order risk properties than any other Fisher consistent estimator. Con-
sequently, this gives a way to discriminate among estimators which are first order
asymptotically equivalent. This property is called second order efficiency and will
be discussed in the next subsection.

Edgeworth-type expansions need not be restricted to asymptotically normal esti-
mators. Other limiting distributions can appear naturally. Recall that log-likelihood
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6 B. Clarke and S. Ghosal

ratio type statistics are among the most common statistics converging to non-
normal limits such as a chi-square distribution. For locally quadratic functions of
sample averages, such as the log-likelihood ratio, asymptotic expansions have been
obtained in [13]. They have a leading chi-square term. Subsequent terms appear
as coefficients of powers of n~/2 and are finite linear combinations of chi-square
distributions of degrees of freedoms p, p + 2, p + 4, etc., where p is the degree of
freedom of the leading term. Similar expansions hold even under contiguous alterna-
tives with non-central chi-squares replacing the chi-square leading term as shown in
[14]. The subsequent terms are finite linear combinations of non-central chi-square
distributions with degrees of freedoms p, p + 2, p + 4, and so forth.

4.3. Second Order Efficiency

Second order efficiency (also called third order efficiency by some authors) is the
natural way to compare two asymptotically efficient estimators since they are first
order equivalent. In particular, it was widely believed that the MLE, or some suit-
able variant of it, had, asymptotically, the smallest possible risk up to the second
order. Ghosh, among others like Efron, Chibisov, Pfanzagl, Akahira and Takeuchi,
made pioneering contributions towards rigorous justification of this assertion in
[64]. His main result may be roughly described as follows: Let T, be an efficient
estimator and consider a modification T, = T, +m(T},)/n. Then T} can be beaten
by 0, = 0, + g(6,)/n, a modification of the MLE 6,,, where the function g depends
on T, and m. Here, by a better estimator, we mean that

lim n?[Eg{W(T},0)} —Eo{W(6,,,6)}] >0,

for all # € ©, for a truncated squared error loss W. This paper also contains other
impressive results such as Bhattacharya-type bounds, a Bayesian connection with
second order efficiency and a notion of second order asymptotic sufficiency. Similar
results about second order efficiency of the MLE for Pitman closeness and any
bounded bowl shaped loss function are in [63].

In addition to second order efficiency, there is a notion of second order admis-
sibility. An estimator is second order admissible if there is no estimator which has
uniformly smaller second order risk with strict inequality for at least one point. In
[59], for estimators of the form 6, + g(6,)/n, a necessary and sufficient condition
for second order admissibility under squared error loss is obtained.

These second order optimality properties of modified versions of the MLE raise
the issue whether the MLE has optimality properties beyond the second order.
A nice counterexample in [60], however, concludes negatively. On the other hand,
questions on second order admissibility go beyond the MLE to any BAN estima-
tor 6,, modified to 6,, + g(8,) + op(n~"). The condition for second order Pitman
admissibility is obtained in [58], and its multiparameter version in [49].

Another natural question in the context of second order admissibility is the fol-
lowing. If two or more statistics are separately second order admissible, for two
different components of a parameter with bias o(n=1), then, is it true that they are
jointly second order admissible? The question has a curious answer given in [16].
For two dimensions, they are jointly second order admissible, but for three or more
dimensions, they are not jointly second order admissible. This result is reminiscent
of Stein’s phenomenon on ordinary admissibility with respect to the squared error
loss for estimating the normal mean. Intuitively, asymptotically, all regular experi-
ments are normal experiments and thus a phenomenon under normality continues
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to hold asymptotically under any regular model. The interesting part of the result
is that the phenomenon shows up in the second order.

4.4. Bartlett Correction

Bartlett introduced a remarkable technique, which bears his name, to improve the
chi-square approximation to the distribution of a log-likelihood ratio statistic. The
idea is embarrassingly simple: rescale the chi-square distribution with the second
order expansion of the mean of the statistic. It is surprising that such a simple
strategy improves the approximation so much.

In the seminal paper [9], a variant on Wilks theorem tuned to the goal of un-
derstanding the Bartlett correction was presented. Recall that Wilks theorem is
the statement that the log-likelihood ratio is asymptotically chi-square. However,
the chi-square is the result of squaring normals. To see how this might apply to
the log-likelihood ratio statistic, let X7, X5, ... be i.i.d. observations from a para-
metric family governed by § = (1,...,0P) and let L(6) be the log likelihood. For
ji=1,...,p, let éj be the MLE of  under the null hypothesis ' = 6§,...,07 = 96,
and let Tj = 2n(L(6;_1) — L(6;))"/?sign(d;_, — ;), where f, stands for the un-
restricted MLE. Note that squaring 7; gives the usual object in Wilks theorem
with limiting chi-square behavior. However, now, without the square, (T1,...,T),)
is asymptotically normal with error O,(n~%/2) under the grand null hypothesis.
This property of T} gives rise to the Bartlett correction in the multidimensional
setting.

Another result developed in that paper is a Bayesian version of the Bartlett
correction. This is a Bartlett correction to the posterior distribution, conditional
on the data, obtained by letting the prior tend to the degenerate distribution at the
true parameter value. The relation between the Bartlett correction and the Bayesian
correction gives a deeper understanding of the Bartlett correction phenomenon and
leads to a variety of generalizations.

Following this path, [41] studied the asymptotic equivalence of the frequentist
and Bayesian Bartlett corrections for the likelihood ratio and the conditional like-
lihood ratio statistic (CLR) introduced by Cox and Reid. In particular, the con-
ditions for equivalence are instrumental for giving a simple proof of the existence
of the frequentist Bartlett correction for the CLR statistic. This was extended to
the multivariate case in [40]. A variant on the likelihood ratio called the adjusted
likelihood ratio (ALR) was introduced by McCullagh and Tibshirani. In [45], it was
shown that the ALR statistic has behavior similar to that of the CLR statistic, in
that it admits a Bartlett correction and its power under contiguous alternatives, is
equivalent to that of the CLR up to the order o(n~'/2). In terms of average power,
the agreement continues up to o(n=1).

4.5. Comparison of the Likelihood Ratio, Wald’s and Rao’s Statistics

The problem of comparing the likelihood ratio (LR), Wald’s and Rao’s tests, with
regard to power has received significant attention in the statistics and econometrics
literature. It is well-known that, up to the first order of approximation and under
contiguous alternatives, these three tests have the same local power as dictated
by the noncentral chi-square distribution. Discrimination among them, therefore,
calls for comparison via higher order power. However, while the LR test is locally
unbiased up to a higher order of approximation, the same does not hold in general
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for the other two tests. From this perspective, to make them really comparable,
Ghosh suggested considering locally unbiased versions of Wald’s and Rao’s tests.
This work, done under his supervision, eventually led to an optimum property of
Rao’s test in terms of third order local power. A review of these developments is
available in [31].

In addition, the power properties of the three tests as well as their Bartlett
adjustability, when they are developed on the basis of a quasi-likelihood rather
than a true density-based likelihood was discussed in [48].

4.6. Bahadur—Cochran Deficiency

To compare the asymptotic performance of two tests, one may look at their Bahadur—
Cochran relative efficiency, which is the limit, as § — 0, of the ratio of the smallest
integers which make the sizes less than 0. For many pairs of reasonable tests, the
ratio turns out to be 1. To compare them at a finer level, it is sensible to look at
their difference, which may be called the Bahadur—Cochran deficiency. The limit
inferior (or superior) of the difference, reflecting the relative advantage of one test
over other, was calculated in [12] for some common test statistics.

4.7. Neyman-Scott Problem and Semiparametric Inference

Ghosh made notable contributions in the Neyman—Scott problem also. In the Neyman—
Scott problem, a new observation X; is governed by a common parameter 6 and
an additional parameter §;, depending on i, but only the parameter 6 is of inter-
est. The problem is notoriously difficult in that common estimators, such as the
MLE, are usually inconsistent. For instance, if X;; are independently normally dis-
tributed with mean y; and variance o2, i = 1,...,n, j = 1,...,k, then the MLE
of o2, (nk)=t 31, Z?:1(Xij — X;)?, where X; = k7! E?Zl Xij, converges to the
wrong value (1 — k~1)o?. Although it is easy to correct the MLE in this particular
situation, in general identifying the correction is a hard problem.

Ghosh proposed constructing an asymptotically efficient estimator for 6 by view-
ing the &; as random variables arising from an unknown distribution G. The semi-
parametric model resulting from this can then be explored to find efficient esti-
mators for 6. In addition, efficiency in the Neyman—Scott model can be defined in
terms of the semiparametric model so the two models have many interesting links
between them. These links may be exploited and are studied in detail in [4], [5] and
[6].

5. Bayesian Inference

Ghosh was always very fond of Bayesian ideas and, later in his career, he became
more convinced that the Bayesian approach to statistics is more natural and fruitful.
Over the course of his investigations, Ghosh examined each aspect of the Bayesian
formulation, from construction of a prior to model selection, to asymptotic proper-
ties. And again, this can be seen as a continuation from his asymptotic work. After
all, once the asymptotics are developed, we want to see how they can be used in
a complete inference problem and the Bayesian setting provides a unified context.
Indeed, Ghosh’s contributions helped speed the development of several branches of
Bayesian analysis because of his asymptotic orientation.
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Ghosh was always pragmatic and thought that a good statistical method should
have good frequentist properties as well as sensible conditional properties. Moreover,
as in the frequentist case, asymptotics often play a vital role in Bayesian inference
and one of the recurring themes in Ghosh’s work was the quest for frequentist
properties of posterior distributions. As one of the leaders in developing objective
Bayesian methods, he regularly worked to reconcile the two schools of thought.
The paper [57] elaborately reviews issues and developments in objective Bayesian
methodology.

Ghosh’s Bayesian work can be broadly grouped into four categories. He worked
on frequentist matching and other objective priors. He worked on determining the
limiting behavior of posterior distributions in the parametric context. Then, he
turned his attention to richer model classes, examining Bayesian nonparametrics
and model selection.

5.1. Matching and Other Objective Priors

Ghosh was never very keen on the term noninformative to describe priors that are
constructed through some automatic mechanism rather than through a subjective
assessment of odds. His preference was to use these priors as objective or default
priors in the absence of genuine subjective information. To him, such priors can be
obtained by any one of various techniques including matching what a frequentist
might obtain, invariance, entropy-type maximizations (reference priors), approxi-
mation, or anything that seem reasonable.

The idea of a Bayesian choosing a prior so as to match frequentist inferences
was originally introduced by Peers and Welch, but the term “probability matching
prior” was first used by Ghosh and Mukerjee [42] and the approach became popular
after Ghosh’s presentation in the Valencia meeting. The basic idea is quite simple:
choose a prior so that Bayesian notions like credibility approximately agree with the
corresponding frequentist notions like confidence level. However, when asymptotic
normality of the posterior distribution holds (discussed in the next subsection), it
means that the variability according to the posterior distribution of a parameter is
asymptotically equivalent to the sampling fluctuations of the MLE in the frequentist
sense. This implies that Bayes-frequentist matching occurs for any prior under
minimal restrictions. Consequently, to identify a prior uniquely, first order matching
of limits is not enough. Satisfyingly, agreement continues to the next order, but only
if the prior is of a certain form. Thus matching can be used to characterize a prior,
which may then be thought of as objective at least in the sense that it was not
chosen according to the personal views of the experimenter.

Of course, neither Bayesian credibility sets nor frequentist confidence sets are
unique, so when 6 is a scalar, it is natural to look at one sided intervals. If W
is a properly centered and normalized version of the parameter, then equating
the posterior probability P,(W < ¢|X3,...,X,) with the frequentist probability
Po(W < t) for t and ensuring both sides are 1 — a up to o(n~'/?) for each « leads
to a differential equation. The Jeffreys’ prior is the solution to this equation.

A multiparameter version of this frequentist-Bayesian matching was used in [43].
In higher dimensions, the components of W may be defined by successively comput-
ing the regression residual of the current component over the earlier components.
Naturally, this depends on the ordering of the parameters, but the dependence is
not, present when the parameters are orthogonal. In these cases, the matching cri-
terion leads to partial differential equations. Curiously, Jeffreys’ prior is a solution
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in some cases, but not in all cases: the location-scale problem is an important ex-
ception. In fact, it is well known that Jeffreys’ prior, which is also the left Haar
measure, may be an inappropriate choice in this case, so the matching criterion
genuinely leads to sensible solutions even in high dimensional cases.

The matching prior is closely related to other important objective priors such
as the reference prior. Reference priors often depend on the role of the parameter;
nuisance parameters are treated differently from parameters of interest. Interest-
ingly, in the two parameter case, a cute observation of Ghosh is that the reverse
reference prior, rather than the reference prior itself, is probability matching. Here,
by reverse reference prior, we mean the reference prior computed by reversing the
roles of the parameter of interest and the nuisance parameter. More details and
discussion of other properties, such as weak minimaxity, may be found in [42].

Although matching posterior probabilities does yield useful insight, highest pos-
terior density (HPD) regions are more efficient credible sets from a Bayesian stand-
point. Accordingly, matching the coverage probability of HPD regions with the cred-
ibility is an alternative that might be more appealing to some Bayesians. When this
matching is done to o(n~1), it leads to differential equations characterizing prior
distributions. These were derived in [44]. In some cases, Jeffreys’ prior solves these
equations and so is a matching prior in the sense of coverage probability as well.
A related paper is [46]. Matching the coverage of one-sided posterior credibility
intervals for parametric functions up to O(n~1) was studied in [17].

Alternatively, instead of characterizing a prior through matching, one might ask
if there is some adjustment to make matching work for any prior satisfying mild
general conditions. Indeed, in [47], it is shown, with examples, that if the center
of the (1 — a)-HPD ellipsoid is appropriately shifted by a o(n~'/2) amount, where
the correction is obtained by solving an equation depending on the prior, then the
resulting perturbed HPD ellipsoid’s coverage is 1 — a + o(n™1).

Of course, there are many sensible notions of objectivity for a prior other than
matching. Invariance is often the driving force in group models, where a group of
transformation is acting on the parameter space and the parameter of interest is the
maximal invariant parametric function. In [18], a detailed study of various priors
such as the Chang—Eaves prior for group models is given in the light of matching
and the marginalization paradox.

5.2. Limits of Posterior Distributions

One of the most intriguing results in statistics is the Bernstein—von Mises theorem,
which states that the posterior distribution of the parameter centered at the MLE
and scaled by /n times the square root of the Fisher information converges to
the standard normal distribution almost surely, as the sample size increases to
infinity. This parallels the frequentist result that \/ﬁ(é — Oirue) is asymptotically
normal with variance given by the inverse Fisher information. In essence, posterior
normality implies that in an asymptotic sense, at least to first order, any sensible
Bayesian must agree eventually with frequentist notions of variability.

Ghosh worked to extend posterior normality in a variety of directions. One natu-
ral idea is to look at higher order properties so that the usual normal limit is viewed
as merely the first term in an asymptotic expansion. This parallels the sense in
which an Edgeworth expansion is an improvement over the standard central limit
theorem. Johnson pioneered such expansions, but the probability statements in his
expansions are in terms of the true distribution of the sample. Often, a Bayesian
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is more interested in bounds that are uniform on sets with high probability in the
marginal distribution of the sample. In [61], precise conditions were given so that
Johnson’s expansion of posterior distribution holds on a set with marginal proba-
bility 1 — O(n™"), where r is the extra number of terms in the expansion, i.e., not
counting the leading normal. It was also shown, by counterexamples, that some of
the earlier published results in the field are incorrect.

Sometimes it is meaningful to condition on a statistic rather than the full data to
obtain the posterior distribution. In particular, since the sample mean is a widely
used summary measure, it is natural to ask if a version of the Bernstein—von Mises
theorem holds when the posterior is computed given only the mean. Provided that
expectation and variance are smooth functions, and the eigenvalues of the covari-
ance matrix are uniformly bounded and bounded away from zero, it is shown in
[15] that a normal limit for the posterior distribution is obtained. The variance of
the limiting distribution can equal the variance of an observation, but in general,
the normal limit can differ from that in the usual Bernstein—von Mises theorem,
unless the sample mean is asymptotically sufficient. The proof is based on an Edge-
worth expansion for the sample mean and a local limit theorem. The idea extends
to independent but non-identically distributed observations.

More broadly, the Bernstein—von Mises phenomenon in a parametric family may
be seen as the convergence of the posterior density of the standardized parameter
to a non-degenerate distribution, where in general, the centering need not be at the
MLE, the scaling need not be y/n and the limit distribution need not be normal.
Indeed, in some nonregular families such as the uniform distribution on [0, ] or the
location family of the exponential distribution, centering by the Bayes estimator
and scaling by n yields an exponential limit. This leads to the following question:
For which families will a limit of the posterior distribution exist? When it does
exist, what is the correct centering, scaling and limiting distribution? This problem
is germane to approximating posterior distributions numerically when n is large.

Under the general set up of a parametric family considered by Ibragimov and
Has’minskii in their book, a very elegant characterization was given in [35] and [23]
in terms of the behavior of the limiting (local) likelihood ratio process of the model,
Zn(u) = p(X™; 0 +r,u)/p(X™; 0), where X™ is the observation at stage n and 7y, is
the appropriate normalizer for the problem. Usually X™ = (X7, ..., X;,) and n is the
sample size. Let Z(u) stand for the weak limit of Z,,(u) and {(u) = Z(u)/ [ Z(v)dv,
a random probability density. Under the natural scaling in the family, the posterior
distribution converges to a limit, after appropriate centering, if and only if £(u) =
g(u + W) for some fixed probability density g and a random variable W, i.e., as a
random element in Lq, {(-) is a random location shift of a fixed probability density
g. When this holds, g is the limit of the posterior density. Clearly, this is a stringent
representation, so in many nonregular cases the posterior distribution will not have
a limit.

Interestingly, in the regular cases, local asymptotic normality implies that £(u) =
g(u+ W), in which g is normal and W is a random normal shift. Thus this yields a
Bernstein—von Mises theorem under an extremely general condition. A similar limit
theorem holds with an exponential limit whenever densities are positively supported
on an interval [a(6), b(#)], where the support is either expanding or contracting.

While it is disappointing to find that posterior limits exist only in relatively rare
cases, it does not rule out the possibility of finding useful approximation to the
posterior distributions depending on the sample size n. For change-point problems,
where the the density jumps from a positive value to another positive value at an
unknown location but is otherwise smooth, a useful approximation was obtained in
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[24] by normalizing an approximation to the likelihood ratio process. It turns out
that a certain mixture of n» many truncated and shifted exponential densities is a
good approximation.

5.3. Bayesian Nonparametrics

Ghosh’s involvement with Bayesian nonparametrics started in the mid 90’s with the
paper [51] attempting to determine whether the priors used for survival analysis lead
to consistency under censoring. This paper showed that for the Dirichlet process,
the posterior under censoring can be represented as a Polya tree process whose par-
tition depends on the data, and then consistency can be obtained from the tail-free
property of Polya tree processes. The question is followed up in subsequent papers
[53] and [36]. Since then, Ghosh has continued to be one of the most important
contributors to understanding the asymptotics of Bayesian nonparametrics.

For instance, the search for a noninformative prior for infinite dimensional mod-
els, as an extension to the finite dimensional case, is ongoing. One approach is
to generalize the notion of a uniform distribution. This was proposed in [19] us-
ing uniform distributions on discrete approximations to a space found by maximal
e-dispersed sets. Even in the parametric setting this approach is fundamental and
leads to Jeffreys’ prior. The approach gives consistency in infinite-dimensional cases
also.

More typically, Ghosh was strongly motivated by the examples of inconsistency
of posterior distributions in infinite dimensional models. While he appreciated those
illuminating examples, he was always hopeful that Bayes’ methods would work if
priors were constructed properly. He was particularly fond of the Kullback—Leibler
property which requires that the true distribution be in the support of the prior
when distances are measured in terms of Kullback—Leibler divergence. That is, the
prior should assign strictly positive probability to every Kullback—Leibler neighbor-
hood around the true distribution.

Because of this, Ghosh thought the Dirichlet process was inappropriate in many
contexts, despite its evident utility, since its discreteness means it fails to have
anything in its Kullback—Leibler support. In [20], it was shown that a prior with
the Kullback—Leibler property, such as a suitable Polya tree or a Dirichlet mixture
process, can overcome the inconsistency property of Dirichlet processes for esti-
mating a location parameter. Essentially the same phenomenon appears in linear
regression models as shown in [1]. In that paper, the first extension of a general
posterior consistency theorem to independent non-identically distributed variables
is also developed.

In Bayesian nonparametrics, consistency often combines testing concepts with
sieves. A celebrated result of Schwartz emphasizes the role of tests for the true
density fo versus the complement of a neighborhood, say V', around it. The basic
idea is to construct tests, by covering V¢ with many small balls, say B;’s, and
testing fy versus B; for each ¢ using powerful tests. One can then simply look at
the maximum of all tests against each small ball, whose type II error probability
is clearly under control and the type I error probability bounded by the common
exponential bound for error probability multiplied by the number of small balls
required to cover V€. Thus the concept of metric metropy, which is the logarithm
of the number of balls required to cover a set, comes into the picture. Generally
V¢ is not compact, and it is not possible to cover it by finitely many small balls.
The difficulty can be overcome by using a sieve, which is a sequence of increasing
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subsets of a parameter space that gradually fill out the whole parameter space. One
may ignore the portion of the parameter space outside the sieve as long as that part
has exponentially small prior probability. Now one requires to control the metric
entropy of the sieve to ensure that it does not grow faster than a small multiple of n.
This style of proof gives consistency for density estimation with Dirichlet mixtures
of normal kernels as shown in [21], providing a large sample justification for the
most widely used Bayesian density estimator.

The approach works for density estimation with other priors in place of the
Dirichlet mixtures. In [68], consistency is obtained for the logistic Gaussian prior
for a density, that is, a prior on densities obtained by exponentiating and then
normalizing a Gaussian process.

The importance of entropy for posterior consistency appeared in [21]. There
it is seen that in the nonparametric setting prior positivity at the true density
must be satisfied, but in terms of special neighborhoods given by the Kullback—
Leibler number. Moreover, it must be possible to choose a sieve whose entropy
grows no faster than the rate O(n), while ensuring that the prior probability of the
complement of sieve is exponentially small as n increases. This perception led to
the derivation of the results on posterior convergence rates in [25] in the sense that
the conditions for rates can be viewed as quantitative analogs of the conditions for
consistency.

For instance, instead of just requiring that the prior for a fixed € neighborhood
in the Kullback—Leibler sense has positive probability, one now needs to show that
the I‘ZJrior probability of the Kullback-Leibler neighborhood of radius €, is at least
e ™ where €, is the intended rate of posterior convergence. In a similar manner,
requiring that the e,- entropy of the sieve be bounded by a multiple of ne? is also
reminiscent of the condition that the e-entropy of the sieve should be bounded by a
small multiple of n. Thus, for fixed €, this reduces to the condition for consistency.

The paper also constructs a prior achieving optimal rates of convergence by
bracketing densities above and below by two functions — choosing a finite collection
of functions to provide upper and lower bounds for any probability density in the
given class, ensuring they approximate any function within the bracket together
with a control over likelihood ratios. This can be viewed as a refinement of the
construction proposed in [19]. Other approaches to optimal rates are also discussed,
most notably, through exponential families generated using a B-spline basis.

Many aspects of Bayesian asymptotics for infinite dimensional models are neatly
summarized in the review [22], and thoroughly discussed in [52], which to date is
the only book dealing with asymptotic results in Bayesian nonparametrics.

5.4. Model Selection and Bayesian Hypothesis Testing

Testing hypotheses is a major area where frequentist and Bayesian procedures often
differ substantially. There is a tendency for frequentist methods to over-reject just
as there is a tendency for Bayes’ methods to under-reject, as in the Lindley paradox.
Results such as the consistency of the Bayesian information criterion (BIC) bridge
the gap somewhat because the BIC approximates Bayes’ factors and is frequentist
consistent for model selection under appropriate conditions in the sense that the
BIC selects the correct model with probability tending to one.

These properties of the BIC are valid only if the dimension of the model p remains
fixed. For many applications, especially for complex data containing numerous vari-
ables commonly arising nowadays, the BIC may fail to adequately approximate the
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Bayes’ factor as well as failing to be consistent, as pointed out by Stone. The main
reason for the failure is ignoring certains terms in an expansion of the Bayes’ factor
which are not negligible when p — oo. The difficulty could be avoided by paying
proper attention to these terms. In [3], a correction is proposed by introducing two
more terms, one is proportional to p and the other to log p, as well as changing the
meaning of the sample size to the number of replications. The resulting ‘generalized
BIC’ then selects the correct model with increasing high probability. Another gen-
eralization of BIC is developed in [11] which works in a general exponential family.
These generalizations of BIC are powerful tools to overcome the challenges posed
by high-dimensional data problems of contemporary statistics.

In model selection problems, the definition of optimality is often tricky. An ap-
pealing approach is comparison with the oracle, that is, with the best procedure
(for a given loss function) which uses the knowledge of the correct model in making
decisions. A parametric empirical Bayes’ (PEB) approach approximates the Bayes’
factor by deriving the rule in a parametric model but estimating the parameters
in the penalty function by a penalized likelihood criterion with data dependent
penalty. In the paper [66], the relative performance of a PEB, the AIC and the
BIC were thoroughly studied through asymptotics and simulations under both 0-1
and prediction loss. The conclusion is that the BIC performs badly, but PEB rules
perform quite satisfactorily, and so does the AIC. If Bayes’ estimates are used in
making prediction, instead of least squares estimators, a PEB performs better than
the AIC.

One particular difficulty with the Bayes’ factor is that it is undefined when
improper priors are used in individual models. Various remedies are proposed in
the literature, based on the idea of using a part of the information contained in
the data (training portion) to make priors proper and use the remaining portion
in Bayesian analysis with the obtained “proper prior”. Since this typically depends
on the ordering of the data, some kind of averaging, through bootstrap or cross
validation, over different choices of the training portion is desired. A particularly
popular candidate among these Bayes’ factors is obtained by taking a geometric
average. In the paper [67], such Bayes’ factors are studied through asymptotics
as the proportion of the training sample varies, and conditions for consistency are
obtained as the total sample size goes to infinity. It is also concluded that predictive
optimality of the ‘geometric Bayes’ factor’ as it is generally claimed is not entirely
correct.

There are many other significant papers on model selection authored by Ghosh.
In [10], optimality of the AIC in inference about Brownian motion is shown. The
reviews [56] and [55] contain wealth of information about Bayesian model selection.

6. Concluding Remarks

Overall, Ghosh’s work in statistics reveals a progression. He began with individ-
ual data points, proceeded to data summarization, and then to the asymptotics of
inference. Ghosh’s results there were a successful attempt to map out where the
accumulation of data points. In a sense, asymptotic limits are the ultimate data
summarization. Then, putting it all together, Ghosh turned to the Bayesian for-
mulation, examining each of its components, prior, model, posterior, in turn, to
permit a comprehensive and unified study of the statistical problem. Indeed, his
recent work on Bayesian nonparametrics is a further generalization, again a logical
step because it builds on his earlier work by using ever richer model classes.
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In fact, Ghosh worked in many more areas of statistics, apart from what is out-
lined above, as well as working on a variety of applications. These topics include
distribution theory, decision theory, robustness, finite population sampling, reliabil-
ity, quality control, modeling hydrocarbon discovery, geological mapping and DNA
fingerprinting.

Finally, every great researcher has a strategy, a method or a drive, often sum-
marized in a maxim, that guides or motivates their intellectual endeavors. One of
Ghosh’s maxims was the injunction: “Settle the question!” By this he meant formu-
late a question so that answering it gives you something definite for the formulation
of another question. As can be inferred from the progression of his work, his ques-
tioning led him to an ever broader view of the statistical problem, culminating in
a Bayesian treatment of high-dimensional models, nonparametric or not. Ghosh’s
injunction to settle questions has helped, and will continue to help, researchers all
over the world to think deeply about the most important issues.
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1. Introduction

Bayesian analysis using objective or default priors has received considerable atten-
tion; cf. Datta and Mukerjee [17], Bernardo [6, 7] Berger and Bernardo [4], Berger
[3], Ghosh, Delampady and Samanta [21], and references therein. The latter book,
in particular, contains an excellent discussion of the issues and controversies involv-
ing objective priors, reflecting the many years of leadership of J.K. Ghosh in the
field (along with his many coauthors). See, for example, [13, 20, 22, 23].

A common objective prior is the Jeffreys’ prior [27], which is proportional to the
square root of the determinant of the Fisher information matrix. The Jeffreys’ prior
is quite useful for a single parameter model, but can be seriously deficient for multi-
parameter models; this has led to preference for reference priors in multiparameter
situations (cf. Berger and Bernardo [5], and Bernardo [7]).
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Almost all results on objective priors have been for fixed sample size experiments.
In practice, however, statistical experiments are often conducted sequentially, with
a known stopping rule (cf. Siegmund [30], and Ghosh, Sen and Mukhopadhyay
[24]). Bartholomew [2] and Geisser [19] introduced the notion that objective priors
for a sequential experiment should depend on the expected stopping time. Ye [38]
derived the reference prior for sequential experiments when the expected stopping
time depends on the parameter of interest only. In this paper we generalize Ye’s
result in various directions, and provide some new computational tools for use with
priors that depend on expected stopping times.

The paper is arranged as follows. Section 2 reviews the Fisher information
matrix for sequential experiments with a known stopping rule, derives the Jef-
freys’ /reference prior for illustrative one-parameter examples, and then provides an
expression for multiparameter reference priors when the stopping rule satisfies a
certain property. In Section 3, reference priors and matching priors (cf. Datta and
Mukerjee [17]) are derived for Bar-Lev and Reiser’s [1] two-parameter exponential
family. Illustrations are given for normal distributions with several commonly used
stopping times.

Computation of expected stopping times is often difficult, so that utilization of
reference priors for sequential experiments is typically challenging. In Section 4,
an approximation to the reference prior for sequential experiments is introduced
which is exact under some circumstances, seems to be a reasonable approximation
in general, and allows for much simpler computation.

2. Noninformative Priors with a Known Stopping Rule
2.1. Notation and the Jeffreys’-rule Prior

We assume that X, X5---, is an i.i.d. sequence of random variables with den-
sity f(z | ) that is regular (Walker [35].) Here 0 is a ¢ x 1 vector of unknown
parameters. Let N denote a proper stopping time for the sequential experiment
— see Govindarajulu [25] for a definition, which also is a source for the following
well-known lemma:

Lemma 2.1. Let I(0) be the Fisher information matriz based on Xy. Under the
proper stopping time N, the Fisher information based on (X, -+ ,Xn) is

(2.1) I = Eo(N)I(8).

The Jeffreys’-rule prior [27] for € is defined as the square root of the deter-
minant of the Fisher information matrix. In the fixed sample size case, this is
77(0) o |I(@)|'/2. For the sequential experiment, it follows from the above lemma
that Jeffreys’ prior is

(2.2) m5(8) o< {Eg(N)}**[L(0)['/? o {Eg(N)}*/*7,(6).

Example 2.1. Let N, be a random variable with a negative binomial distribution
NB(r,p), where r is a positive integer and p € (0,1). Let X1, Xo,--+ be a sequence
of Bernoulli random wvariables with success probability p. N, can be viewed as a
stopping time for this Bernoulli sequence as follows:

N,,.:inf{nzl: X1—|—-~-—|—X”=T}.
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The probability of N, is

k-1
P(erk):( 1)pr(1—p)k_r, fOTk:’I",’I"—Fl,-'-
r—
An easy computation yields E,(N,) = r/p. Since the Jeffreys’ rule prior for a
Bernoulli random variable is wy(p) < 1/4/p(1 — p), it follows from (2.2) that the
Jeffreys’ rule prior for the negative binomial distribution is

y T 1
w5 (p) x —my(p) X ——.
5(0) o Ls(p) ¢ e
This, of course, is well known from a direct computation with the negative binomial
distribution, as discussed in Geisser [8] and Bernardo and Smith ([19], Example
5.14, p. 315).

We next consider an example with a continuous stopping time.

Example 2.2. Let {Z(t) : t > 0} be a Brownian motion with constant drift 0 and
variance 1 per unit time, so Z(t) ~ N(0t,t). Let —co < a < 0 < b < 00, and let
Tup denote the random stopping time

(2.3) Ty =inf{t >0: Z(t) < a or Z(t) > b}.

It follows from Hall [26] that

e2b9 -1

1
“lb—(h—a)——— |, o +£0,
E@(Tab) = 0 ( )62(1770’)9 -1 f #

—ab, if 0 = 0.

Note that the constant prior is the Jeffreys’ prior based on stopping at a fized time
(Polson and Roberts [29]; Sivaganesan and Lingam [31] ), from which it follows
that the Jeffreys’ or reference prior for this situation is

7T(0> =\ E@(Tab).

This is of additional interest because of the study in Brown [10], which showed
that the commonly used estimate Z(T)/T, which is the posterior mean under a
constant prior for 0, is inadmissible under estimation with squared error loss. Brown
[10] further suggested that prior distributions which behaved like |0|~! as |0] — oo
were optimal for this situation. The Jeffreys’/reference prior has behavior \19|’1/2
as |0] — oo, and so is not of this form, but admissibility is very dependent on the
loss function used. Indeed, it can be argued that a weighted-squared error loss is
appropriate for this situation, and the reference prior is likely admissible for an
appropriate weight.

2.2. Reference Priors

Reference priors depend on a grouping and ordering of the parameters; see Berger
and Bernardo [4, 5]. Suppose that @ = (81, ,6(,)) is an m-ordered grouping,
where the dimension of component 6;) is ¢; for i = 1,:-- ,m. Datta and Ghosh
[14] considered the special case in which the (fixed sample size) Fisher information
matrix is diagonal, with the diagonal elements being products of functions of the
0i)- Our first result is a generalization of their result.

imsart-lnms ver. 2007/09/18 file: SunBerger.tex date: November 19, 2007



22 D. Sun and J.O. Berger

Theorem 2.1. Suppose that the Fisher information matriz corresponding to a
single observation X1 is of the form

(2.4) 1(6) = diag (H G1i(0), H i (0(1) )

=1

where Gy; is a q; X q; matriz. Assume further that the expected stopping time is of
the form

(2.5) E(N) = Hgi(e(i))~
i=1

Then the reference prior for 0 in the sequential experiment is
(2.6) Th(0y, - 0um) < [Tli(0a)I > 7ROy, -+ Oy,

i=1
where Tr(61y, -+ ,O(m)) is the reference prior based on the single observation X1,
given by
(2.7) TR(O(1), () = H |Gii(8)) |2

Proof. The proof is essentially identical to that in Datta [12], noting that, under
(2.5), the sequential Fisher information matrix has the product structure of Datta
and Ghosh [13-15]. O

This theorem can also be considered to be a generalization of Ye [38], who con-
sidered the case where Eg(NN) depends only on 6 y), the parameter of interest.

Berger and Bernardo [5] suggested that one should always try to use a one-
at-a-time reference prior, where each component of the grouping of parameters
contains only one parameter, and much of the subsequent literature has validated
this suggestion. We thus take it as given here that a one-at-a-time reference prior is
the desired target. The following result is an immediate corollary of Theorem 2.1.

Corollary 2.1. Suppose that the conditions of Theorem 2.1 hold. If ¢; = 1, for
i =1,---,m = k, then the resulting one-at-a-time reference prior for @ in the
sequential experiment is

mR(0) oc \/Ee(N)Tr(01,- - ,0k).

For later purposes, we also note another corollary of Theorem 2.1, which applies
if the dimension of each component of the grouping of parameters has dimension 2.

Corollary 2.2. Suppose that the conditions of Theorem 2.1 hold. If all g; = 2,
then the reference prior for 6 in the sequential experiment is

FE(G) 0.8 EQ(N)WR(G(D, te ,G(m)).
3. A Two-Parameter Exponential Family
3.1. The Model and Reference Priors

Bar-Lev and Reiser [1] considered the following density function of the generic
two-parameter exponential family:

(3.1)  flz]61,02) = a(x)exp{01Ui(x) — 01G5(02)Usz(x) — ¥ (61,02)},
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where 01 < 0, 02 = E{U2(X) | (01,02)}, Gi(:), (i = 1,2) are infinitely differentiable
functions satisfying GY > 0, and

P(01,02) = —01{02G5(02) — Ga(fa2)} + G1(62).

This is a large class of distributions, which includes, for suitable choices of G1, G,
Uy and U,, many popular statistical models such as the normal, inverse normal,
gamma, and inverse gamma. Table 1, reproduced from Sun [32], indicates how each
distribution arises.

TABLE 1
Special cases of Bar-Lev and Reiser’s [1] two parameter exponential family, where
h(01) = —01 + 61 log(fel) -+ log(F(ﬂ‘)l)).

G1(61) G2(62) Ui () Uz (x) 01 02
N(p,0?) —% log(—261) 02 x2 x —1/(202) I
Inverse Gaussian —% log(—261) 1/62 1/x x —a/2 \oo/u
Gamma h(61) —logfy | —logzx T -« m
Inverse Gamma h(61) —log 62 log x 1/x —« I
Let X7, X, -+ be a sequence of random variables from (3.1). The Fisher infor-

mation per observation is
_ ([ GY(6) 0
106, 62) = ( 0 —61GY(62) )

The two parameters ¢; and 62 are orthogonal in the sense of Cox and Reid [11].
Thus the Jeffreys’ prior for a single observation is

(32) 7, (61,05) o \/101]\/ G (61) G5 (62)-

When either 6; or 6 is the parameter of interest, it is shown in Sun and Ye [33]
that the one-at-a-time reference priors are

(3.3) T (61,02) = 1/ GY(01)G5 (02).

The parameter 6, is the expectation of Uz(X7). Bose and Boukai [9] considered
inference about #- in sequential experimentation with the following stopping time:
a2
(3.4) N, = inf{ano 1Y, <nG3(——2)}, a>0,
n

where Y, = n='>""  Ui(X;) — Go{n™ ' 301 Us(X;)} and mo > 2 is an initial
sample size. From Theorem 2 of Bose and Boukai [9], we have

N, 1
3.5 lim — = a.s.
( ) a—oo @ /|91|

N, 1
3.6 lim E = .
(36) e 9( a ) V1]

Bar-Lev and Reiser [1] showed that the distribution of ¥;, does not depend on
the parameter 65. So condition (2.5) satisfies when either 6 or 65 is the parameter
of interest. The following result is immediate from Theorem 2.1 or Corollary 2.1.
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Fact 3.1. (a) The Jeffreys’ prior for (01, 63) in model (3.1) with the stopping time
(3.4) and when a is large is approximately

(b) The one-at-a-time reference prior for (01,62) in model (3.1), when either 6y
or Oy is the parameter of interest, the stopping time (3.4) is used, and a is large
enough, s approximately

(3.8) mr(01,02) G (61)G5(62).

1
|91|1/4

Example 3.1. Suppose X1, Xa, -+, are a sequence of N(u,0?) random variables.

Then 6y = —1/20%,05 = p, G1(01) = —1/204, and Y,, = > (X; — X,,)%. The
stopping rule (3.4) becomes

N, = inf{n >mo:nt Zn:(Xz -X,)? < n2/(2a2)}.

So the priors (3.2), (3.8), (3.7), and (3.8) are, respectively,

1 1 1 1
2 2 * 2 * 2
mr(p,0%) o W7 mr(p, o )“?7 T (p,0%) o o2’ Tr(k, 07) W

or equivalently,

1 1 1 1
7T-J(Ma U) X §7 WR(/,L,O') X ;7 7T-‘](/"'70') X ;7 ,R—R(M7J) X %

3.2. Probability Matching Priors for a Sequential Fxrperiment

Asymptotic frequentist coverage is an often-used criterion to compare objective
priors; see Welch and Peers [36], Peers [28], Tibshirani [34], Datta and Ghosh [13],
Datta, Ghosh, and Mukerjee [16], and Datta and Mukerjee [17] for discussion and
references. The most common approach is to find a ‘matching prior,’ i.e., a prior
which results in posterior one-sided credible intervals that are also accurate as
frequentist confidence intervals. Another type of matching prior, considered by Sun
and Ye [33], is a prior such that the confidence interval based on the signed squared
root transformation of the log-likelihood ratio is also a Bayesian credible interval.
Almost all of the literature considers the fixed sample case for i.i.d. observations;
exceptions are Ye [38] and Sun [32].

For sequential experiments involving the Bar-Lev and Reiser [1] two-parameter
exponential family, let [,,(61,02) be the log-likelihood function of (61,6s), given
X, = (Xy,--+,X,), and let (énl,éng) be the maximum likelihood estimator of
(017 92) Write

Yn = TL71 Z Ul(X7) — Gg{’ﬂil Z UQ(X
=1 =1

Then, on {Y,, € G4(©1)} N{n~' 31, Us(Xi) € O3}, B, is the solution of V,, =
G (Bp1), and B0 = n~ ' 327 Ua(X;). Define

Ii(wi,01) = Gi(01) — Gi(wr) — G (w1)(01 —w1), wi,01 € Oy,

Ir(w2,02) = Ga(wa) — Ga(02) — G4H(02)(we — 02), wa,0; € Oa.
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From the convexity of GG; and G, these two functions are nonnegative. From Sun
[32], the log-likelihood ratio is I, (01, 0n2) — 1n(61,02) = (Z2, + Z2,)/2, where

(Zm) B {201, (0,,1,601)}1/2 sgn(6y — 0,1)
Zna {=2n0,15(0,2,05) Y2 sgn(6s — 0,2)

is a generalized signed square root of the log-likelihood ratio.

Let P, 6,) denote probability over X, Xo,..., given (61,62), and, for a fixed
prior 7(61,63), let P™(- | X,,) denote posterior probability given X,,. Suppose we
are considering a stopping time, N,, such that N, — oo almost surely as a — oo.
An asymptotic frequentist matching prior in this sequential setting is a prior 7 such
that

(3.9) P™(Zn,1 < c1,ZN,2 <o | Xn,)
= P(ghgz)(ZNa,l <c1,Zn,2 < c2) + O(ail)a

for all ¢; and c¢p in Py, ¢,)—probability.
Suppose now that the stopping rule satisfies

N, .
(3.10) — —71(0), in L.

a
From Sun [32], the unique prior satisfying (3.9), and hence the unique asymptotic
matching prior, is

(3.11) 7 (61,02) o< [ 7(B)GY (01)G3(6)

As an immediate example, for the stopping time defined in (3.4), property (3.6)
establishes that (3.10) holds; hence the reference prior given in (3.8) is also the
asymptotic matching prior, a very desirable situation.

Example 3.1 (continued). In deriving the sequential likelihood ratio test to see if
(1, 02) = (o, 03), Woodroofe [37] considered the following stopping rule,

(3.12) N, = min(bga, inf {n > bia: ZXZZ —-n— nlog(frfl) > 2a}>,
i=1

where 0 < by < by < 0o are two prespecified numbers, 62 =n=t 3" (X; — X,)?,

n =

and X, =n~' 31" | X;. Theorem 8.3 of Woodroofe [37] implies that

b, zpr(H) < 1/b2,
=L 020, if1/bs < p2(0) < 1/by,
b i 020) > /by,

in Py, 0,)—probability, as a — oo, where

@
Nq

(3.13) p*(0) = G1(6;) — G1(—0.5) — G} (—0.5)(A, + 0.5) — 0,63
= {(p® +1)/0” +log(0?) — 1}/2.

Thus (3.11) gives an asymptotic matching prior for this situation. Note, however,
that the expected stopping time is not of the form (2.5), so that we cannot assert
that this prior is also a one-at-a-time reference prior.
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4. Computation

If Eg[N] is available in closed form, as in the examples in this paper, computation
with any of the sequential priors can be done using common MCMC techniques.
Hence we only consider here the case in which Eg[N] can only be computed nu-
merically.

4.1. Brute Force Computation

All the Jeffreys’, reference, and matching priors that have been discussed for a
sequential experiment are of the form U(Eg[N])mr(0), where ¥ is some operator
and 7 is the corresponding prior for the fixed sample size experiment. The posterior
distribution corresponding to this prior is

(4.1) (0| Xy) o< W(Ee[N)mr(0) [ F(X:16),

i=1

where Xy = (X3,---, Xy) is the data.
The brute force method for simulating from this posterior distribution is the
following Metropolis algorithm:

Step 1. Sample a proposed 0’, from the fixed sample size posterior density of 8,
which is proportional to 7 (8) [T, f(X; | 6).

Step 2. Numerically estimate Fg/[IN]. For instance, one could repeatedly sample N
from its distribution given €', by simply repeatedly simulating the sequential
experiment for the given ', observing thg_]\\f that results from each simulation,
and averaging to obtain the estimate Eg/[N].

Step 3. Perform a Metropolis step: sample u ~ uniform (0, 1) and, with € denoting
the previous value the parameter, accept 6’ if

u < min {1, \I/(EBIN])} )
U(Ee [N])

and set 8’ equal to the previous 0 otherwise.

If one cannot directly draw from the posterior in Step 1, one could instead
using any MCMC scheme, e.g. Gibbs sampling or Metropolis-Hastings. If doing so,
however, be sure to iterate Step 1 many times before moving on to Step 2. This
is because Step 2 is typically extremely expensive, as it may involve thousands of
simulations of the entire experiment simply to compute one Metropolis acceptance
probability. In situations where one dependent step is much more expensive than
others, it pays to iterate first on the others.

4.2. The Two-Dimensional Case
If using the Jeffreys’ prior in a two-dimensional problem or the reference prior in
the situation of Corollary 2.2, the posterior distribution is of the form

N
(4.2) 7 (0| Xn) o Eo[N|mr(6) [[ £(Xi16).

i=1
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This allows a remarkable simplification in the computation, by introducing N as a
latent variable.

To avoid confusion, we will label the latent variable as N it is a variable with
the same distribution as N, but is independent of N. Write the density of N given @
as p(N | ). Then the joint density of (N, 0), given the data Xy = (X1, , Xn),
is proportional to

N
(4.3) p(N|O)N7r(0) [] £(X:16).

i=1

Sampling (N, 8) from this distribution will result in @ from (4.2), as can easily be
seen by marginalizing over N in (4.3).
Here is a Metropolis algorithm for sampling from (4.3).

Step 1. Sample a proposed €', from the fixed sample size posterior density of 6,
which is proportional to 7 (0) Hivzl f(X;10).

Step 2. Sample a proposed N’ from p(N | ). This can always be done by simply
simulating the sequential experiment once, given 6’.

Step 3. Perform a Metropolis step: sample u ~ uniform (0,1) and, letting (N, 0)
denote the previous value the parameter, accept (N 10 if

, N
u <ming 1, =— 5,
N/

and set (N',8') equal to the previous (N, @) otherwise. (Note that, if N’ < N,
one would always accept the candidate.)

The reason that this is a vastly more efficient algorithm than the brute force
algorithm is that one need only simulate a single draw of N’ in Step 2, whereas
thousands (lf\ draws would be needed in Step 2 of the brute force algorithm to
compute Fg/[N]. Again, of course, Step 1 could be replaced by any convenient
dependent MCMC scheme. Whether one then needs to iterate Step 1 before moving

on to Step 2 will be context dependent.

4.83. Modified Reference Priors

The most desirable prior is the one-at-a-time reference prior given in Corollary 2.1,
resulting in the posterior distribution

N
(4.4) (0] Xn) o« \/Eo[N7r(6) [[ f(X:i16).

i=1

Unfortunately, the latent variable trick is not available for sampling from this dis-
tribution.
Interestingly, however, it is frequently the case that

(4.5) VEg¢[N] ~ E¢[VN].

When this is the case, the latent variable trick can be applied, and the algorithm
from Section 4.2 can be utilized by simply replacing N/N’ in the Metropolis step

with /N/N'.
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In the remainder of the section, we discuss the reason that the approximation
(4.5) often holds. The first is that the sampling distribution of N may be rather
concentrated in a region of large N, in which case the approximation is clearly
good.

Example (Bar-Lev and Reiser [1]) (continued). For the stopping time N,
defined in (3.4), it follows from (3.5) and (3.6) that

lim Eg(\/N,/a)=1/]6:)"/%.

a— 00

[N, . / N,
lim Fg\/— o« lim {/FEg (—)
a— 00 a a— 00 a

Example 2.1 (continued). Let N, have the negative binomial distribution N B(r,p).
Note that E,(N,) =r/p and Var,(N,) = rp/(1 — p)%. Asr — oo, we have

We then have

VN, /r — 1/\/p in probability

and

Ep(V N [1) = [ Ep(Nr /1) = 1//p.
To see the difference between E,(\/N,/r) and \/E,(N, /1) for moderate r, they are

plotted, as a function of p, in Figure 1 forr =1 and r = 9. Forr =9, the curves
are essentially indistinguishable; even for the minimal r = 1 they are quite close.

It is also interesting to look at the posterior distributions for this example. In
Figure 2, we plot the posterior densities of p for three priors

my(p) o< 1/4/p(1-p),
Tr(p) o< 1/y/p,
mu(p) o< Ep(v/Nj/r).

Here mp/(p) is an approximate prior. For even the very small r = 2, the posterior
densities under the two priors 75 and ) are quite close, yet substantially different
from that under m;. For a moderate r = 10, the posterior densities under 7% and
s are almost identical. Note that the posterior densities of p under 7; and 7}; are
Beta (r, N, —r +0.5) and Beta (r = 0.5, N,. — r 4+ 0.5), respectively. The posterior
densities of p under my; were computed using 5000 Metropolis samples.

As a final indication of the similarity of the true and approximate reference
priors in this example, and of the value of using the sequential reference priors, we
compare the frequentist coverage probabilities that result from their use in obtaining
confidence intervals for p. Table 2 considers the frequentist coverage of one-sided
5% and 95% Bayesian credible regions, based on the fixed sample size Jeffreys’ prior
7y, the sequential Jeffreys’/reference prior 73 and the approximate prior mys for
various combination of r and p. The fixed sample size Jeffreys’ prior performs worse
then the other two, indicating the value of using the sequential versions, while the
reference prior and the approximate prior are almost equally good.
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— P12
- =1
- r=10

0.0 0.2 0.4 0.6 0.8 1.0

Fi1Gg 1. Negative binomial example: comparison of v/ Ep(Ny/r) and Ep(/Ny/r) for r =1 and

r=29.

TABLE 2
Coverage Probability of one-sided 5% (95%) Bayesian credible sets for the negative binomial

Example 2.1, under the three priors mj(p) = 1/4/p(1 —p), 75(p) = 1/(pv/1 —p), and

v (p) = Ep(4/ Ny /7).

r p Ty Th s

2 0.1 | .1142(.9738) | .0516(.9511) | .0487(.9509)
2 0.5 | .0002(.9652) | .0010(.9381) | .0008(.9455)
2 0.9 | .0001(.9724) | .0003(.9700) | .0000(.9729)
8 0.1 | .0751(.9642) | .0474(.9498) | .0465(.9534)
8 0.5 | .0552(.9688) | .0522(.9536) | .0568(.9517)
8 0.9 | .0000(.9307) | .0001(.9310) | .0002(.9339)
30 | 0.1 | .0617(.9571) | .0508(.9497) | .0516(.9523)
30 | 0.5 | .0556(.9594) | .0512(.9495) | .0525(.9503)
30 | 0.9 | .0426(.9369) | .0438(.9410) | .0442(.9368)
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(a). Posterior Densities of p, Given (r, N_r) = (2, 5)

2.0

1.0

0.0

0.0 0.2 0.4 0.6 0.8 1.0

(b). Posterior Densities of p, Given (r, N_r) = (10, 25)

c-o- pid
— pi*_R

0.0 0.2 0.4 0.6 0.8 1.0

FIG 2. Posterior densities of p based on the priors wj(p) = 1/4/p(1 —p), 7h(p) = 1/(pv/1T = p),
and wp (p) = Ep(£/ Ny /1) for r =1,10; (a) (v, Nr) = (2,5); (b) (r, Nr) = (10, 25).
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Abstract: Often in sequential trials additional data become available after
a stopping boundary has been reached. A method of incorporating such in-
formation from overrunning is developed, based on the ‘adding weighted Zs’
method of combining p-values. This yields a combined p-value for the primary
test and a median-unbiased estimate and confidence bounds for the parame-
ter under test. When the amount of overrunning information is proportional
to the amount available upon terminating the sequential test, exact inference
methods are provided; otherwise, approximate methods are given and eval-
uated. The context is that of observing a Brownian motion with drift, with
either linear stopping boundaries in continuous time or discrete-time group-
sequential boundaries. The method is compared with other available methods
and is exemplified with data from two sequential clinical trials.
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1. Introduction

Suppose a sequential trial is carried out to test a null hypothesis about a real
parameter 6. Once the trial is concluded, a non-sequential trial is conducted, with
a test of the same hypothesis. The trials are connected in that the amount of
information in the non-sequential trial may depend on data accumulated in the
sequential trial. How can the results of the two trials be combined, and a single
overall test constructed? The context is that the data, or incremental information,
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in the non-sequential trial represent ‘overrunning’, from ‘lagged’ data from the
sequential trial.

T. W. Anderson [1] considered the problem of incorporating lagged data in an
accept-reject rule following a sequential probability ratio test and proposed an (ap-
proximate) likelihood ratio test. In the context of modern-day clinical trials, the
problem of how to incorporate data from overrunning was raised and discussed
by Whitehead [16, 17], and he gives an admittedly ad hoc solution, later named
the deletion method [14]. This latter paper includes a comparison of the deletion
method with methods described herein, under certain limited conditions. Another
solution is presented in Hall and Liu [4]—actually, an extension of Anderson’s like-
lihood ratio method—along with a discussion of the possible structure of overrun-
ning information in a sequential clinical trial. However, their method utilizes the
mazximum-likelihood ordering of the sample space, requiring specification of the de-
tails of the stopping rule beyond the time a stopping boundary was first reached,
in contrast to stagewise ordering. In this paper, we focus on procedures that do not
require such specification. See these references for further introductory material.

In the context of monitoring a Brownian motion with drift by periodic observa-
tions—the context considered herein—Whitehead [16] proposes treating the final
analysis that incorporates the overrunning data as if it were a scheduled analysis,
but ignoring the analysis that led to stopping, and hence involving a deletion. He
uses a stepwise ordering (as defined in [6], for example) for computing p-values and
carrying out further inference.

Here we provide another solution, based on the ‘adding weighted Zs’ method of
combining p-values (Stouffer et al. [15], Mosteller and Bush [10], Liptak [7]); one p-
value is derived from the sequential experiment (without the overrunning) and the
other is based solely on the incremental overrunning data. We recommend weighting
the two p-values using observed information. This is fully legitimate only if (i) the
amount of information in the non-sequential trial (overrunning) is proportional to
that available at termination of the sequential trial or (%) the sequential trial was
actually nonsequential (and test statistics are normally distributed). For discussion
of (i), see ([4], Section 2).

Another issue that arises in popular group-sequential trials is that if stopping
does not occur until the last scheduled analysis, such an analysis will ordinarily not
be done until lagged data are available, in which case a p-value will be computed
by standard group-sequential methods with a re-scheduled final analysis. (This is
consistent with the deletion method.) A modification of our method, which combines
p-values for such trials only when stopping early, is evaluated numerically.

Another application of the combination method could be to a double sampling
study in which the second sample size depends on the outcome—e.g., on the ob-
served variability—of the first sample. These methods are also appropriate for a
meta-analysis of two (or more) experiments, whether sequential or not.

Brannath, Posch and Bauer [2] proposed p-value combination rules in a differ-
ent context, namely that of adaptive group-sequential sampling. In their setting,
allowance is made for the possibility of not carrying out the second stage. (In our
context, this would constitute ‘preventing overrunning’.) If the second stage is car-
ried out, the two p-values are combined in a way that (i) preserves an overall
significance level and (%) recognizes the stopping rule. As here, the second stage
p-values may be conditional on results from the first stage. They extend to multiple
stages recursively. Numerical integration may be required.

The ‘adding weighted Zs’ combination method is described in Section 2 and
extended to an ordered sequence of possibly dependent experiments. In Section
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3, this method is applied to sequential clinical trials with overrunning. Special
attention is given to the case of a constant amount of overrunning information, the
case considered in [14], or to an amount proportional to the amount available at
the end of the sequential trial. It is shown that the latter assumption justifies the
use of weights related to the observed (and hence random) amounts of information.
Otherwise, the use of such random weights leads to a null distribution of the p-value
which is only approximately uniform. Still, we recommend this usage so long as the
approximation is adequate.

In Section 4 we show how to use the combination p-value method to compute
estimates and confidence intervals, and in Section 5 provide formulas for evaluating
the true confidence coeflicients associated with these methods, thus enabling an
evaluation of approximations noted above. Some evaluations are summarized in
Section 6.

In Sooriyarachchi et al. [14], the issue of reversals in the conclusions after in-
corporating overrunning, from rejection to acceptance of a null hypothesis or vice
versa, was raised. They found, in the cases treated numerically there, that both the
deletion method and the combination method might lead to an uncomfortable level
of reversals, with the deletion method doing so less frequently. They also noted that
both methods (in cases treated) sometimes lead to reduced power. We consider
these issues in Section 7 and indicate a modification of the combination method
that reduces these effects.

The methods are applied to data from the MADIT trial [8] in Section 8—for
both the actual linear-boundary design and for an imagined group-sequential ver-
sion. Results are compared with those from the deletion and ML-ordering methods.
Results from a second example [9] are briefly summarized.

Some final comments appear in Section 9, including a summary comparison of
the alternative methods for incorporating overrunning.

2. Combining P-Values by Adding Weighted Zs and an Extension

We suppose some potential data X are to be available for testing a null hypothesis
about a real parameter d belonging to an interval A. For each §, € A, we consider a
test of § = §, versus § > 4, with p-value p(z;d,) when X = z is observed. Suppose,
for each d0,, P = p(X;d,) is uniformly distributed on (0,1) when § = §, and that,
for each z, p(z;0) is increasing in 6. Then P = {p(+;0,)|0, € A} defines a proper
family of p-values for this testing problem.

This is an overly strict definition. We have restricted attention to test func-
tions with continuous distributions, and stochastic ordering (increasing or non-
decreasing) of p-values would allow for differing sample spaces, but the conditions
given meet our application. We usually omit the word ‘proper’.

The ordering is needed to avoid possible inconsistencies. Data considered to
be ‘more extreme’ than that observed should have higher probability under an
alternative hypothesis than under the null. Moreover, it facilitates construction of
consistently defined confidence bounds. Simply equate the p-value for testing &,
to v (1 — ~, resp.) and solve for §, to obtain a lower (upper, resp.) confidence
bound with confidence coefficient 1 —~. Choosing v = 0.5 yields a median-unbiased
estimate.

Suppose p; and py are independent p-values for the same null hypothesis, and let
2(u) = @~ !(u) with ®(z) = 1 — ®(z) and ® being the standard normal distribution
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function. Let w; and wy be positive numbers for which w} + w3 = 1. Then

(2.1) p = @(wiz(p) + w2 z(p2))

is the adding weighted Zs combined p-value [7, 10, 12, 15]; also see [13]. It is readily
seen that the argument of ® in (2.1), with p; replaced by the random variable P;, is
distributed as standard normal under the null hypothesis, and hence P in (2.1) is
distributed as U(0, 1). Moreover, p tends to be small whenever both p; and p» are
small. More precisely, it is seen to be proper whenever p; and p, are proper—the
p;’s are increasing in J,, so the z(p;)’s are decreasing, as is any positively-weighted
linear combination, and hence p is increasing in §,.

The interpretation should be clear: z(p;) is a standardized normal deviate that
corresponds to the test statistic on which p; is based (whether or not p; was based
on a normally distributed statistic), and the argument of ® in (2.1) represents a
(weighted) pooling of normal deviates for the two independent tests, with p the
resulting p-value.

This combination method may be extended to settings where p; and py are
derived from overlapping data sets but ps is a conditional p-value for each subset
of data on which p; is based. A possible context is that a second experiment was
designed based on the outcome of the first experiment, and a conditional test was
used in the second experiment. Formally,

Proposition 2.1. Suppose p1 = p1(z;9) and p2 = p2(z,y;9), and P1 = {p1(-;9,)|0s
€ A} is a family of p-values and Py = {p>(z,-;0,)|0, € A} is, for each X = z,
a family of conditional p-values. Then Ps is a family of unconditional p-values,
p(X,8,) L po(X,Y;6,) (independent) for each §,, and (2.1) defines a family of
p-values.

Proof. Since py(X,Y;d,) is conditionally U(0, 1) for every X, it is unconditionally
U(0,1), and the needed monotonicity also follows. For each §,, the joint distribution
function of (P, P,) is

Pr{P <wu1, P, <us} = E{l(pl(X) <wuyp)- E[l(pz(Y,X) < Uy | X]}
= E{1(m(X) <w)-us} = uius,
from which independence follows, and this is sufficient for the claim about p. [

Now what about the weights? Ordinarily, they might be related to sample size
or information. Specifically, if the p;’s are derived from tests based on means of n;
normally distributed observations (with common variance), then a combined p with
w; o« y/n; would yield the same p as that from a pooling of the two samples. So far,
we have only assumed the weights to be positive constants—depending neither on
d, nor on the data. Here are some partial extensions; examples of each appear in
the next section.

The weights may depend on 6, without affecting the null distribution of P in
(2.1), but the monotonicity in d, may be destroyed except for special choices.

The weights may be random (depending on X) without affecting the monotoni-
city in é,, but would typically disturb the uniformity of the null distribution of P.

It should be emphasized that all p-values considered above are for one-sided
alternatives. After including overrunning, the usual convention of doubling them
for 2-sided alternatives may be appropriate.

Finally, we note that all of this can be directly extended to an ordered set of
several p-values, each involving new data and conditional on all past data, and
combined in the “adding weighted Z’s” fashion.
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Specifically, let p;, be a p-value for the incremental stage-k data, conditional on
data from all prior stages. Then define a stage-k combination p-value by replacing
the argument of ® in (2.1) by Ele w:2(p;) with stage-k weights all positive,
satisfying Y8 w2, =1, and wl,; = w} ;- (1—w2,) for i < k. Equivalently, (2.1)
may be applied recursively, replacing p; by a combined p from earlier stages with
weight wy for this new p; and ws for the incremental data, with w? + w3 = 1.

3. Incorporating Overrunning by Combining P-Values

We now assume a sequential experiment takes place, resulting in an observation of
(T, X), say. We focus on the context of observing a Brownian motion X (¢) with
drift &, with a stopping time T' and X = X(T) upon stopping, but other contexts
may be treated similarly. After stopping, some additional data become available,
represented by further observation of the process for t, = t,(7, X) units of time.
Conditional on t,, a sufficient statistic for the overrunning data is the increment
Y observed during the overrunning time increment ¢,. In other words, a sequential
experiment is followed by a non-sequential one, with sample size (observation time)
depending on the outcome of the sequential trial. There may be additional random-
ness in t,; it is sufficient to let ¢, (¢, z) be the conditional expectation of overrunning
information, given (T, X) = (¢,z). See ([4], Section 2) for discussion supporting ¢,
being a constant, o v/%, or o t as possible approximations to reality.

Upon reaching a stopping boundary, a p-value p; for a null hypothesis about the
drift parameter is defined: ¢ = §, versus § > d,. And at the end of overrunning, a
conditional p-value ps is simply ®((y — d.t,)/v/%o), given t, = t,(t,z). A combina-
tion p-value is therefore given by (2.1). (Here, (T, X) plays the role of X in Section
2.) Hence,

Corollary 3.1. Suppose w; and ws are positive constants for which w? + w2 = 1.
Then
(3.1)

p(t,2,9;0,) = @ (w1 2(p1(t,2500)) + waly — doto)/vo) 5, €A,

to=to(t,z)
defines a family of p-values.

But how should the weights be chosen? It is tempting to choose them to be
proportional to the square-root of information in the respective parts of the exper-
iment. Then each summand in (3.1) would have variance or conditional variance
equal to the information in that part of the experiment. Using expected informa-
tion, w} = Es,(T)/[Es,(T) + Es,t,(T, X)] and w? = 1 — w?. But, as noted in
Section 2, this would not typically preserve the needed monotonicity of p(d,) in
(3.1). Moreover, knowledge of the functional form of the dependence of ¢, on (¢, )
would be needed. If ¢, were constant, this would yield

o = [[Bs, (D] 2(p1(80)) + y = oto
p(t,z,y;0,) = @ ( [Bs.(T) + t,]\/2 ) )

This could be used as a p-value for a single null hypothesis, but it would not
be suitable for construction of confidence bounds, unless Ejs, (T') was replaced by
Es (T) for a fixed §;,. Because of these limitations, we abandon this approach.
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Suppose instead we use the square-roots of observed information, namely +/t and
Vt,, yielding

_ e t1/2z(p1(t,x;(50)) + y — Ooto(t, )
(32) p(taxayado) =@ ( [t =+ to(t,.fll')]l/2 ) )

Monotonicity in §, (for each (¢,z,y)) is maintained, but the uniformity of the null
distribution would appear to be in doubt. However, to compute p, no knowledge of
the dependency structure of ¢, is required, only its observed value.

We now consider the special case of (3.1) and (3.2) with ¢, ¢, say t, = ct. Since
wi=t/(t+ct) =1/(1+c) and w3 = ¢/(1 + c), this yields constant weights; and ¢
is known once T' = t and t, are observed. Hence, the use of observed information
in this case is justified.

Corollary 3.2. If, for some constant ¢, t,(x,t) = ct for all (z,t), then (8.2) defines
a family of p-values.

For the group-sequential case with up to K analyses and stagewise ordering, we
modify the combination p-value (3.2): For testing d,, with t,x = t,(k), the modified
p-value is defined as
(3.3)

. é(tl/zz b 36,)) + 4 — Ootor] /(b + to 1/2) itk < K
o (b 2.93,) = { 3% 21 (b 3 60)) + = Sotor]/ (b + tor)

pi(tr + tox, +y;0,) ifk=K

where p; (¢, x; d,) is the group-sequential stagewise p-value for testing & = §, versus
larger values when the analyses are scheduled at ty,...,tkx_1,t% = tk + tox with
early-stopping sets Si (k < K) (each the complement of an interval). This matches
the deletion method when stopping has not occurred early.

For a group-sequential ML-ordering, the ML-ordering method [4] may be more
suitable.

We show in Sections 5 and 6 that use of p in (3.2) or (3.3), for several choices of
the dependency of t, on (¢, ) and two popular sequential designs, for constructing
confidence bounds and intervals may yield adequately accurate confidence coeffi-
cients. This leads us to recommend the use of (3.2) or (3.3) as if it were a bona
fide combination p-value, if the design chosen and the likely form of dependency
are similar to those considered in Section 6.

One last variation permits further adjustment of the weighting: Use weights with
squares proportional to T and pt,(T) for a specified weighting factor p > 0. For
motivation, see Section 7.

4. Computing P-Values and Confidence Bounds

Here we act as if ¢, o< t, and discuss the use of (3.2) and (3.3) for obtaining p-values
and, by inversion, confidence bounds and intervals.

For any particular null value é,, the combined p-value p(d,) may be computed
from (3.2) or (3.3) with ¢ (or tx), z, y and ¢, the observed values, and using software
that enables computation of p;(d,). For general linear boundaries, such software
is available from the authors (based on formulas in [3]), and the PEST software
[11] provides such output for a limited selection of linear boundaries and group-
sequential modifications of them. For group-sequential boundaries with stagewsie
ordering, a program—built around software for p; (d,) from Jennison [5]—is avail-
able from the authors.
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To obtain an upper confidence bound with confidence coefficient v, we need to
solve p(§) = v for § = oy, or equivalently, solve z(p(d)) = z(y). A little algebra leads
to the equivalent problem—except in the group-sequential case with ¢ = tx —of
solving § — h(8) — [y — v/#° 2(7)] /t, = 0 where t° = t +t, and h(8) = v/t 2(p1(6))/to-
Starting from a trial solution §°, and computing h(4°) and h(6° + €) for some small
€, an improved solution is

8 = W) = [y = VE 2]/t

0 =9 = Y — (e + 0))/e

We find that two or three iterations provide good accuracy. (When ¢t = tx, we only
need solve p; (t%,z + y;0) = 7.) Alternatively, a trial-and-error approach works
quite satisfactorily.

5. True Confidence Coefficients

We now evaluate the true confidence coefficient for a confidence bound or interval
determined by using (3.2), whether or not ¢, is proportional to T'. Let ¢., be an upper
confidence bound determined by the method of the previous section for a nominal
confidence coefficient . The question is: what is the true confidence coefficient?
We need to evaluate, for given v and 6, ¢,(§) = Ps(§ < &,) and determine
¢, = infs ¢,(9).

As noted in Section 4, 8, is the solution to § — h(8) = [y — VI°z()]/to =
9(y,t°,to,7). Since h is decreasing in 4, the left side is increasing in §, and hence
6 < 37 iff § — h(d) < g(y,t°to,7y). This latter event is equal to the event (y —
5t.) [V, > [—VEz(pi(t, z;8)) + V1 2(7)] //To. Therefore, conditioning on (T, X)
and hence on T, we have

(5.1)  ¢,(6) = EsP5(8 < 8|T, X) = Es® ( i

T2 2(py(T, X;6)) — T/ Z(v))> _

If this combination p-value were bona fide—that is, if T, oc T' —the result would
be «y identically in 4.

The true confidence coefficient for an (equal-tail) confidence interval based on
(3.2) may be obtained similarly. For an interval with nominal confidence coefficient
7, the true confidence coefficient is Q9 = inf; () where

(5.2) Qy(0) = q1—)/2(0) = G14)/2(9) -

For the group-sequential modification (3.3), (5.1) needs to be modified when T' =
Tk.

6. Computational Support for Approximations

Here we report on some numerical evaluations of the validity of using (3.2) or (3.3)
when %, is not proportional to the observed stopping time ¢, and the validity of
using the combination method only when stopping after an interim analysis. For
various special cases and many values of §, we computed (5.1) for v = 0.5 and (5.2)
for v = 0.9 and 0.95 to see how close they are to the respective nominal values of
0.5, 0.9 and 0.95. We summarize some of the findings here.
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A linear-boundary design: Consider triangular boundaries for testing 6 = 0 ver-
sus 6 = 1 with intercepts £5.99, slopes 0.75 and 0.25, and apex at ¢t = 23.97. This
design has both error probabilities 0.025. The design may be adapted for testing
d = 0 versus # 0 (as prescribed by the PEST software). The resulting one-sided
rejection region is the upper boundary for which the power at §; = 0.8233 is 0.9.
The expected stopping time is 7.776 at 6 = 0 (or 1) and 9.382 at d;, and has its
maximum of 11.217 at § = 0.5.

We considered t, & T', t, constant and ¢, VT. For the first case, we simply
verified the accuracy of our computer program, finding that the distribution of the
p-value was exactly uniform, and that the true confidence coefficients matched the
nominal ones exactly.

For the constant case, we considered t, = ¢ Es, (T') with ¢ ranging from 0.1 to
0.5. Here are selected results:

c = 0.1 c = 0.5
0.487 < ¢q5 < 0.513 0471 < g5 < 0.529
0.900 < Qo < 0.908 0.899 < Qo < 0.917
0.950 < Q.95 < 0.955 0.949 < Q.95 < 0.960

For ¢ = 0.1, the true confidence coefficients @2, for nominal 90% and 95% confidence
intervals are therefore correct (to 3 decimal places), and only slightly below the
nominal values for ¢ = 0.5. However, the median-unbiased estimate may have a
few percentage points of median-bias, depending on the true §. We also found that
q5 < 0.5 for § > 0.5 and vice versa. Computations for c-values between 0.1 and
0.5 yielded bounds between the respective ones in the display above. Results for
to oc /T were uniformly better than those for ¢, constant.

An O’Brien—Fleming group-sequential design: Consider an O’Brien-Fleming two-
sided design for testing 6 = 0 with significance level 0.05 and power 0.9 at § = £1,
with a maximum of 5 analyses. We assume equally spaced interim analyses, at 0.2,
0.4, 0.6, 0.8 times t5 = 10.781, with boundary values of £6.6988 (obtained from [6]).
Again, we considered t, oc T' for the unmodified combination p-value to confirm the
accuracy of our programs. For the modified p, we considered t, constant, namely
= cty, and t, = cty; in each case, ¢ ranged from 0.02 to 0.1.

Here are some of the results:

to = cts to = cty
c=0.02 c=0.1 c=0.02 c=0.1
q5% 0.475 0.445 0.478 0.451
Q% 0.894 0.887 0.894 0.888
% 0.947 0.943 0.947 0.943

Again, although ¢% may be as small as 0.44 (and by symmetry 0.44 < ¢5(8) < 0.56),
we found that ¢ 5 was usually within +0.01 of 0.5. Indeed, this occurred for all but
1%, 7%, 1% and 4%, respectively (reading from left to right in the display above)
of the range of §-values within +2.5.

7. Reversals and Power

Sooriyarachchi et al. [14] raised concern about the frequency of reversals of ac-
ceptance and rejection conclusions after inclusion of overrunning information, but
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stressed their desire not to ignore such information. In simulation studies of the
deletion and combined p-value methods, with constant amounts of lagged data (in-
dependent of the results at the time of stopping), they found levels of reversals that
they considered worrisome, especially for the combination method—perhaps 3 or
4 percent. However, in popular group-sequential designs such as O’Brien—Fleming,
reversals were rare and only defined when the trial stopped early, as an analysis at
a final scheduled time would ordinarily await lagged data before execution.

Of more concern to us, is their finding that both methods may lead to reductions
in power. Intuitively, when a rejection occurs “early”, overrunning can reverse it but
the chances of compensating with reversals in the other direction may be minimal.

With constant overrunning information, our computations (not reported here)
confirm theirs, but we find reversals to be somewhat less frequent when overrunning
information increases with stopping times, and losses in power are then rarer.

A possible compromise method is as follows: down-weight the overrunning p-
value in the combination formula. By introducing a factor p (see end of Section
3), it is possible to maintain power and depress the frequency of reversals but
still not ignore the lagged data completely. However, computations show that some
situations will require extensive down-weighting (small p). Choice of a suitable p will
require computational trial-and-error, with assumptions about overrunning needed.
For this purpose, we provide the following formulas.

When the true drift is § (and stopping is in continuous time), the probability
of rejection upon stopping followed by acceptance after inclusion of overrunning,
when ¢, x t, is

(7.1)
P~ ) = [ @{{0+p0) (oo 220 = [ (0N 2 U1) ~ e 2 aPY ()
0

with 21 (U, t) being the standard normal deviate for which the right-hand-side tail
area beyond it is P (t) (the p-value when the upper boundary U is crossed at time
t), P(;U (t) being the probability of crossing the upper boundary before the lower one
prior to t, and a being the one-sided significance level for testing 6 = 0. For group-
sequential tests, the integrator in (7.1) is dP{ (z,t), indicating a need to integrate
over x-values where ¢t = t; and the upper boundary has been reached, but ¢ may
be restricted to {tx|k < K} since reversals at a final analysis have no role.

Similarly, Ps(A — R) is given by (7.1) with U replaced by L (for lower boundary)
and ® replaced by ®. Finally, the power after inclusion of overrunning, when the
power of the original design is pow(d), is

ovpow(d) = pow(d) — Ps(R—> A) + Ps(A—> R).

(Software is available from the authors.)

8. An Example: the MADIT Study

MADIT (Multicenter Automatic Defibrillator Implantation Trial [8]) was a ran-
domized clinical trial conducted to evaluate the effectiveness of an implanted de-
fibrillator compared with conventional drug therapy to reduce mortality associated
with ventricular arrhythmias. Monitoring was based on the logrank statistic plot-
ted against its estimated variance [17]. This behaves like a Brownian motion with
drift § = —log(HR) where HR is the hazard ratio of the treatment-to-control arms
(assuming proportional hazards). The essential features were reviewed in [4] and
are summarized here.
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A triangular design was used that assures a two-sided significance level of 5%
and a power of 90% at a hazard ratio of 0.537 (drift = 0.6218). Monitoring was
carried out weekly over the five years of the trial, thereby yielding nearly-continuous
observation of the logrank process. The stopping boundaries were u; = 7.935+0.189¢
and l; = —7.935+ 0.566t, with the early part of the lower boundary (l;) a rejection
region for superiority of the control arm.

Interpolating, the upper boundary was reached at ¢t = 12.145 with = 10.230,
later corrected to ¢t = 12.037 and = = 10.210. The incremental coordinates for
overrunning were t, = 1.240 and y = 2.957, showing an upturn in the sample path
after reaching the boundary.

Respective p-values and estimates of the drift and of the HR are presented below,
contrasting results of analyses without and with the use of the overrunning data.
Values in square brackets are those reported in [4] for the ML-ordering method,
assuming t, o v/t; with linear boundaries and no overrunning, stepwise ordering
and ML-ordering are identical.

overrunning 2-sided p med-unb-est 95% confidence interval

Inference about the drift ¢

without ~ 0.0084 0.786 (0.204, 1.361)

with 0.0009 [0.0020]  0.938 [0.939]  (0.388, 1.484) [(0.329, 1.543)]
Inference about the hazard ratio HR = exp(—9)

without 0.0084 0.456 (0.256, 0.815%)

with 0.0009 [0.0029]  0.391 [0.391]  (0.227, 0.678) [(0.214, 0.720)]

Both methods reflect the upturn in the sample path during overrunning as the
‘with’ p-values are smaller and the estimates farther from the null values. But the
combination method gives the smaller p-value and narrower confidence intervals;
this may reflect the different orderings being used by the two methods.

Values reported in [8] were based on Whitehead’s deletion method; they are iden-
tical to the ‘without overrunning’ values in the display above, as the deletion method
essentially ignores overrunning when the path continues in a similar direction and
there is near-continuous monitoring. (It was this observation that inspired the devel-
opment of alternative methods for incorporating overrunning.) In such settings, the
deletion-method p-value cannot be smaller than when computed upon first hitting
an upper boundary, irrespective of the nature of the overrunning data. (For, when
reaching the upper boundary at time ¢, with the prior analysis a short time earlier,
at time ¢t~ say, and then overrunning to z° at a later time ¢°, the deletion one-sided
p is the null probability of {T' < ¢t~ and X(T) > uy} U {T > tand X(t°) > z°}.
These two events are disjoint, and the former is virtually the extremal set without
overrunning.)

We now consider a group-sequential variation on MADIT as described in [4]. We
pretended that an O’Brien-Fleming 5-analysis design was used for testing § = 0
versus # 0 with power 80% at a HR of 0.537. It would have stopped at the third
interim analysis with the results obtained upon hitting the boundary in MADIT.
Results of analyses are reported below; for comparison, values in square brackets
are those reported in Table 2 of [4] using the ML-ordering method and assuming
t, o v/t. Values for the deletion method—which treats the analysis after overrunning
as a replacement for the third scheduled analysis—are also given.

In each case—i.e., without or with overrunning—results from the group-sequential
combination method indicate a more significant departure from the null value of
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HR =1 than do those by the group-sequential ML-ordering method. At least for
the ‘without’ results, this is attributable to the different orderings used. This time
the deletion method gives results similar to those from ML-ordering. (These re-
sults are not directly comparable to those in the previous table since the pretended
group-sequential design has reduced power.)

overrunning  2-sided p med-unb-est of HR 95% confidence interval

Group-sequential inference about the hazard ratio
without 0.0039 [0.0041] 0.431 [0.468] (0.244, 0.762) [(0.295, 0.775)]
with 0.0004 [0.0011] 0.373 [0.384] (0.217, 0.641) [(0.221, 0.672)]

Deletion method 0.0014 0.384 (0.221, 0.680)

Here is a brief summary of results from a second defibrillator trial, MADIT-II [9],
in which the combination method was pre-specified. The design was again triangular,
with a 5% 2-sided significance level and power 95% at a HR of 0.627: w; = 11.77+
0.1273t and l; = —11.77 + 0.3819 ¢. This time (¢,,t,,y) = (45.415, 17.551, 0.483,
1.441). The results were:

overrunning  2-sided p med-unb-est of HR 95% confidence interval

Inference about the hazard ratio in MADIT-II
without 0.028 0.708 (0.525, 0.962)
with 0.016 [0.023] 0.688 [0.689] (0.511, 0.932) [(0.504, 0.948)]

Again, the deletion method of incorporating overrunning would have agreed with the
‘without’ analysis, and results from the ML-ordering method (in square brackets)
are mainly intermediate.

9. Final Remarks

Proposition 1 applies to other methods of combining p-values, such as Fisher’s
summing of —log(1 — p;). (For a description of such methods, see [12] or [13].)
We chose the ‘adding Zs’ method for two reasons: (i) It lends itself naturally to
weights—it would be unreasonable to give equal weights to a long trial and a small
amount of overrunning—and (%) it reduces to standard normal-theory methods
when the sequential component is replaced by a non-sequential one—equivalently,
if a naive analysis is done after stopping rather than one recognizing the stopping
rule.

Here are some of the pros and cons of various methods for incorporating over-
running;:

(a) Deletion method: Not suitable for near-continuous monitoring. Ignores the
fact that, at the boundary-hitting stage, the monitoring statistic was in a stopping
region but is the natural approach in a group-sequential trial when early stopping
has not occurred. Simple to use. Results in approximate p-values and final inference.
Limited computations show that a loss in power may occur.

(b) Combination p-value method: Makes direct use of the analysis that led to
stopping. Approximate except when ¢, « T, and even then for common group-
sequential designs. Uses stage-wise ordering, and hence free of any direct dependence
on future stopping boundaries. Needs no formal assumption about the form of ¢,.
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Computations show a loss in power may occur. May be modified to reduce the
chance of reversal after overrunning and loss in power.

(¢) ML-ordering method: Based on a minimal sufficient statistic, and hence ig-
nores which boundary was first reached and when. Exact, up to needed assumptions
about overrunning information (and Brownian motion approximation). Requires an
assumption about the form of ¢,(¢), but not very sensitive to it in the practical cases
examined. Uses ML-ordering and hence depends on stopping boundaries beyond
those when boundaries were first reached.

Sooriyarachchi et al. [14] conclude that (a) is preferable although they only
considered constant amounts of overrunning whereas our focus has been on settings
where the amount of overrunning information is likely to increase with increased
stopping times. They highly stress the possibilities of reversals, but such possibilities
cannot be avoided once one agrees to utilize lagged data. The chances can be
reduced within the combination method by reducing the weight given to lagged
data, but this would need to be considered in advance of the trial.

We recommend (c) in settings where the design is likely to be followed closely.
A numerical study of reversals and power with the ML-ordering method will be
presented elsewhere. Otherwise, we think the combination p-value method, possibly
with a down-weighting of overrunning information, is a competitor worthy of con-
sideration, especially when overrunning increases with increasing stopping times.

We encourage investigation of the combination method in other settings, includ-
ing meta-analyses and double sampling.
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Abstract: We revisit the question of priors that achieve approximate match-
ing of Bayesian and frequentist predictive probabilities. Such priors may be
thought of as providing frequentist calibration of Bayesian prediction or sim-
ply as devices for producing frequentist prediction regions. Here we analyse
the O(n~1) term in the expansion of the coverage probability of a Bayesian
prediction region, as derived in [4]. Unlike the situation for parametric match-
ing, asymptotic predictive matching priors may depend on the level a. We
investigate uniformly predictive matching priors (UPMPs); that is, priors for
which this O(n™!) term is zero for all . It was shown in [4] that, in the
case of quantile matching and a scalar parameter, if such a prior exists then
it must be Jeffreys’ prior. In the present article we investigate UPMPs in the
multiparameter case and present some general results about the form, and
uniqueness or otherwise, of UPMPs for both quantile and highest predictive
density matching.
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1. Introduction

Prior distributions that match posterior predictive probabilities with the corre-
sponding frequentist probabilities are attractive when a major goal of a statistical
analysis is the construction of prediction regions. Such priors provide calibration
of Bayesian prediction or may be viewed as a Bayesian mechanism for producing
frequentist prediction intervals.

It is known that exact predictive probability matching is possible in cases in
which there exists a suitable transformation group associated with the model. The
general group structure for parametric models starts with a group of transforma-
tions on the sample space under which the statistical problem is invariant. This
group of transformations then gives rise to a group G of transformations on the
parameter space. From an ‘objective Bayes’ point of view, it makes sense to choose
a prior distribution that is (relatively) invariant under this group. In particular,
this will ensure that initial transformation of the data will make no difference to
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predictive inferences. The two fundamental invariant measures on the group G are
the left and right Haar measures. The left (right) Haar measure is the unique left-
(right-)translation invariant measure on G, up to a positive multiplicative constant.
These measures give rise to invariant left and right Haar priors on the parameter
space. In the decision-theoretic development, under suitable conditions it turns out
that the right Haar prior gives rise to optimal invariant decision rules for invariant
decision problems; see, for example, [1]. The left Haar prior, however, which coin-
cides with Jeffreys’ invariant prior, often gives inadmissible rules in multiparameter
cases. These facts provide strong motivation for the use of the right Haar prior. In
relation to predictive inference, following earlier work in [10] and [11] this intuition
was further reinforced in [13], where it was shown that if such a group structure
exists then the associated right Haar prior gives rise to exact predictive matching
for all invariant prediction regions. Thus the predictive matching problem is solved
for models that possess a suitable group structure when the prediction region is
invariant.

When exact matching is not possible one can instead resort to asymptotic ap-
proximation and investigate approximate predictive matching. This question was
explored in [4] for the case of n independent and identically distributed (i.i.d.) ob-
servations. For regular parametric families the difference between the frequentist
and posterior predictive probabilities is O(n™1) and a concise expression for this
difference was obtained in [4] by using the auxiliary prior device introduced by P.
J. Bickel and J. K. Ghosh in [3]. This technical device has proved to be extremely
valuable for the theoretical comparison of Bayesian and frequentist inference state-
ments, or simply as a Bayesian device for obtaining frequentist results. It has been
particularly useful for deriving probability matching priors (see, for example, [8],
[9] and the review in [5]) and for studying properties of sequential tests ([16]).

In order to find an approximate predictive probability matching prior, one sets
the O(n~!) discrepancy to zero and attempts to solve the resulting partial differen-
tial equation (PDE); a number of examples are given in [4]. We briefly review the
main results in [4] in Section 2. Two main issues arise from this analysis. Firstly,
the PDE for a predictive matching prior may be difficult to solve analytically. The
second, and more fundamental, issue is that, except in special cases, the resulting
matching prior will depend on the desired predictive probability level «. If there
does exist a prior that gives rise to predictive probability matching for all o then
we shall refer to it as a uniformly predictive matching prior (UPMP). Of course, in
the case of a transformation model and an invariant prediction region we already
know from [13] that the right Haar prior must be a solution of the PDE. It is in-
structive to demonstrate this directly and this is done in the Appendix for quantile
matching. Since the definition of the right Haar prior depends on a specific group
of transformations on the parameter space, we need to study the effect of param-
eter transformation on the quantities appearing in the PDE. For this reason, it is
natural to regard Fisher’s information, g, as a Riemannian metric tensor so that
transformational properties of g and the other quantities that appear in the PDE
can be studied.

In the case of quantile matching and a single real parameter, it has already been
shown in [4] that if there exists a UPMP then it must be Jeffreys’ invariant prior.
This result therefore extends the exact Haar prior result for transformation models
to the most general models for which approximate uniform matching is possible.
However, it is clear from examples discussed in [4] and from the general theory for
transformation models in [13] that this result will not hold in the multiparameter
case. For example, the unique UPMP for the normal model with unknown mean and
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variance is the right Haar prior, or Jeffreys’ independence prior, whereas Jeffreys’
prior is the left Haar prior.

The main purpose of the present article is to investigate the general form of
UPMPs whenever they exist. In particular, we explore the uniqueness or otherwise
of the right Haar prior as a UPMP for quantile matching in the case of a transfor-
mation model. Although UPMPs can exist outside of transformation models, such
situations would seem to occur rarely. The main results are given in Section 3 and 4.
In Section 3 we explore the form of the UPMP for quantile matching. In addition to
confirming that the right Haar prior is a UPMP in suitable transformation models,
as discussed above, we obtain the general form of the UPMP whenever one exists
and show that this prior is unique. In particular, it follows that for transformation
models there are no priors other than the right Haar prior that give approximate
uniform predictive quantile matching. In Section 4 we consider probability match-
ing based on highest predictive density regions, which are particularly relevant for
multivariate data. The scalar parameter case is clear-cut and was essentially treated
in [4], where it was shown that if there exists a UPMP then it is unique. However,
unlike quantile matching, this UPMP is not necessarily Jeffreys’ prior. The situ-
ation is less straightforward in the multiparameter case. We show that, under a
certain condition, if there exists a UPMP then it is unique. If this condition is not
satisfied then either there will be no UPMP or there will exist an infinite number
of UPMPs. This section provides predictive versions of results for highest posterior
density regions obtained by J. K. Ghosh and R. Mukerjee in [8] and [9]. We end
with some discussion in Section 5.

2. Review of predictive probability matching priors

We begin by introducing the notation and reviewing the main results in [4] on pre-
dictive probability matching priors. We consider only the case of i.i.d. observations
in this article, but the results would be expected to hold more generally under
suitable conditions. Suppose then that X7, X, ... is a sequence of independent ob-
servations having the same distribution as the (possibly vector-valued) continuous
random variable X with density f(-;6), where 8 = (01,...,6,) € Q is an unknown
parameter and € is an open subset of RP. Consider the problem of predicting the
next observation, X, 1, based on the first n observations, d = (X1, Xo,... X,,).
We assume regularity conditions on f and 7, as detailed in [4]. In particular, the
support of X is assumed to be independent of 6.

Consider first the case of univariate X. Let ¢(7, , d) denote the 1 —a quantile of
the posterior predictive distribution of X,, 11 under the prior w. That is, ¢(m, o, d)
satisfies the equation

(2.1) P (Xp41 > q(m,a,d)|d) = .

Let ¢(0, ) be the 1 — « quantile of f(-;6); that is

(2.2) /00 flu;0)du = .

(0,a)

Write 9, = 9/90; and let fi(u;6) = 0,f(u;0). Define

(2.3) pi0.0)= [~ fwio)du.

(0,2)
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Finally, let g(6) be the per observation Fisher information matrix, which we assume
to be non-singular for all § € Q, and let gy; and ¢g** be the (s,t)th elements of g
and g~! respectively.

Using the approach of [3] and [7] in which an auxiliary prior is introduced and
finally allowed to converge weakly to the degenerate measure at 6, it follows from
equations (3.3) and (3.4) in [4] that

O (O)ul0,0)7(0))
nw ()

Here and elsewhere we use the summation convention. We will say that 7 is a level-a
predictive probability matching prior if it satisfies the equation

(2.5) 9.9 (6)14(6,2)m(6)} = 0.

From (2.4), such a prior m matches the Bayesian and frequentist predictive proba-
bilities to o(n~1). Clearly, in general a solution of (2.5) will depend on the particular
level a chosen. This is demonstrated in [4] for the specific example in which the
observations are from a N(6,6) distribution. Recalling the discussion in Section 1,
we refer to a prior for which (2.5) holds for all « as a uniformly predictive matching
prior (UPMP). In the case p = 1, it was shown in [4] that if there exists a UPMP
then this prior must be Jeffreys’ prior. As noted in [4], when no UPMP exists
then the formula on the left-hand side of (2.5) may still be useful for comparing
alternative priors.

Moving to the multiparameter case, examples in [4] illustrate that the above
result on Jeffreys’ prior no longer holds. An illustration of this is Example 2 in
[4], which is the location-scale model f(x;60) = 05" f*(65'(x — 61)). In this case
there exists a UPMP given by m(#) 9;17 which is the right Haar prior for this
model under the location-scale transformation group, whereas Jeffreys’ prior is the
left-invariant prior 7(#) oc 65 2 under this group.

In the case where X is possibly vector-valued, the coverage properties of highest
predictive density regions are investigated in [4]. This investigation mirrors that in
[8] and [9] for highest posterior density regions. Let m(6, &) be such that

/Af(u;ﬂ)du =a,
where A = A(0, ) = {u: f(u;0) > m(0,a)} and define

£(6,0) = /A £ (s 0) .

Let H(w,a,d) be the level-a highest predictive density region under the prior 7.
Then, as for quantile matching, it follows from the results in Section 5 of [4] that

_ 0:{g”(0)&(6, a)m(6)}
nm(6)

Thus 7 is a level-a predictive probability matching prior if and only if it satisfies
the equation

(2.6) 0.{g™(6)&(6, 0)m(8)} = 0.

Once again we see that in general the solution 7 will depend on the level a. Examples
are given in [4] in which there are no priors that satisfy (2.6) for all «. Moreover,
even in the case p = 1, if there does exist a unique prior satisfying (2.6) for all «
then it is not necessarily Jeffreys’ prior.

(2.4) Py(Xpi1 > q(m,a,d)) = « +o(nt).

Py(Xpt1 € H(m,a,d)) = « +o(n™h).

imsart-lnms ver. 2007/09/18 file: Sweeting.tex date: November 20, 2007



50 T. J. Sweeting
3. UPMPs: quantile matching

As discussed in Section 2 we know that when p = 1 and a UPMP exists for quantile
matching as in (2.1), then it must be Jeffreys’ prior. However, it need not be Jeffreys’
prior when p > 1. Under a suitable group structure on the model, the results in [13]
imply that the associated right Haar prior gives exact predictive matching, since
the prediction region here is invariant. Thus in these cases the right Haar prior
must also be a solution of equation (2.5). It is instructive to demonstrate directly
that this is indeed the case.
First note from the product rule that equation (2.5) is equivalent to

(3.1) 9% (0)11(0, )9 M(0) + 0s{ g™ (0) (0, 0) } = 0,

where A(0) = log (0). Suppose that there exists a group G of bijective transforma-
tions on the sample space under which the statistical problem is invariant. Further
assume, as in [13], that G = , a locally compact topological group. In this case
the distribution of X under 6 is the same as that of 6X under e, the identity ele-
ment of the group, with € regarded as an element of the transformation group G.
Then there exist unique (up to a multiplicative constant) left-invariant and right-
invariant Haar measures on G, giving left and right Haar priors on the parameter
space. In the following we denote the right Haar prior density on Q by «. The
proof of the following theorem is given in the Appendix.

Theorem 3.1. Under the above group structure the right Haar prior satisfies equa-
tion (3.1).

Two questions naturally arise. First, if the above group structure exists then
can there be UPMPs other than the right Haar prior? The answer to this question
turns out to be ‘no’, as follows from Theorem 3.2 below. Second, if the above group
structure does not exist can there still be a UPMP? The answer to this question is
‘yes’. An example in the case p = 1 is given in Section 3 of [4] for which there is no
suitable group structure but there is still a unique UPMP, which must of course be
Jeffreys’ prior.

We now establish the general form of the UPMP whenever it exists and show that
it is unique. This is a multiparameter version of Theorem 1 in [4]. Let F'(z;6) be the
distribution function of X, i(z; 0) = log f(x;0) and write Fy(x;0) = 05 F (z;0), ls(x;0) =
05 log f(x;0). Define the functions

ol
2 hy =gt [ (Fil, — Fol) S de
(32) s [ S tds

where the integration is over the (common) support of F(z;6). Finally write A’ =
log 7, where 77(0)  |g(0)|*/? is Jeffreys’ prior.

Theorem 3.2. Suppose that there exists a UPMP, m, for quantile matching. Then
7 is the unique UPMP and the partial derivatives of A\ = log are given by

(3.3) INO) = AT (0) + h(6) .

Proof. We begin by expressing ¢(#) in terms of the functions p(6; ) defined at
(2.3). By differentiation of equation (2.2) with respect to a we see that — f(q; 0)0q/0a =
1, while differentiation of equation (2.3) gives

(3.4) O (0, ) /0 = — f;(q; 0)0q/0a = 1;(q; ),
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on substitution of d¢/da from the previous relation. It follows that

35 0,0) = [ L@ @os@nd= [ (2ed) (220 o

0

Suppose that there exists a UPMP . Differentiation of equation (3.1) with
respect to a and multiplication by du,. /O« gives the equation

Oy Opir Opur Ot
st YHL Yr st It —
9" "Ba da O A+ O 9549 O 0.

Since this relation must hold for all 0 < a < 1, integration over 0 < a < 1 gives

1 1
(3.6) gt { Ore Oty da} D\ + / Ot 5 (6 2V da — 0.
0 0 80{

da Oa O

But from (3.5) the left-hand side of (3.6) is ¢%%g40sA = 650\ = O, \, where 47 is
the Kronecker delta function. Also, since 95(g% gi) = 95(85) = 0, the product rule

gives
0= gst /18 81“7“ aﬂtd +/ a/””l‘ St aut do
0o\ da Oa

so that (3.6) becomes
1
5 a,ur 8/~Lt
__ st
oA =9 /0 as(@a) 8ada

This expression gives the partial derivatives of A = logw and, furthermore, estab-
lishes that 7 is the unique UPMP. We now show that this expression is equivalent
o (3.3).

We first obtain the partial derivatives of A/. From a standard result for the
derivative of a matrix determinant, we have

1
g°ta, / <a"8> (8’”) dazg‘“/ d, (8‘”) (8‘“) dev,
0 (90[ 80[

again using (3.5). The difference between the rth partial derivatives of A and A7 is
therefore

1
N = 5& log |g|

Lo o
_ J _ st _ t
(3.7) IN—0N =g /0 3 Orks = Ospir) 5 —da

Differentiation of (2.2) with respect to 6, gives, writing ¢ = ¢(0, ), ¢ f(q;0) +
(0, &) = 0, from which we obtain

D pia(6, ) = / Fra(w; 0)du — £1(g;0)gr = / Fro(us 0)du — (g5 0) 11, (6 ).
q q

Furthermore, we have

9q 9l5(g;0)
Oda  Jq

2 {ls(a: O (9, 0} = pe(0,0) + (0 0)1(0:6).
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It now follows from these two relations that

9 _ _ g (Ol(g;60)  0li(g;0)
e (Ot = 0ug) = 51 (Fo{E0),,,  OelE), )

Substituting into equation (3.7) gives

ol 3[
__ st ro_
(38) h. =g / <F€ dq aq) lydg

on the change of variables from « to ¢, using equation (3.4) and on noting that
us(0,a(q,0)) = —Fs(q; 9). Next note that the indefinite integral

/F )d = Fy(q;0)l-(q;0) —/ls(q;f))lr(q;ﬂ)dq

from which it follows by an integration by parts that (3.8) is equivalent to (3.2), as
required. O

In the case p = 1 we have h,, = 0 so the unique UPMP is Jeffreys’ prior, as given
in Theorem 1 of [4]. For the location-scale model f(x;6) = 651 f*(65* (xz — 61))
discussed in Section 1, it can be verified that the solution to (3.3) is () o 65,
which is the right Haar prior for this model under the location-scale transformation
group. In general a necessary condition for there to be a UPMP is that h, be a
derivative field. The condition is not sufficient, however, as Jeffreys’ prior always
satisfies equation (3.3) in the case p = 1 but we know from [4] that Jeffreys’ prior is
not necessarily a UPMP. When p > 1 the condition that &, be a derivative field is
a very strong one when the model is not transformational. We have been unable to
construct a two-dimensional example that is not transformational and that satisfies
this condition. Even given a model satisfying this condition, the resulting prior may
still not satisfy (2.5) for all a.. Thus it would seem that UPMPs rarely exist outside
of transformation models. The major point of Theorem 3.2, however, is to show
that if a UPMP does exist then it is unique.

Note that, whether or not a UPMP exists, when h, is a derivative field then
(3.2) defines a unique prior © which, from the proof of the Theorem 3.2, satisfies

the equation fo (8‘“) (aa) da = 0, where €(, ) is the O(n™1) error term (2.4).

Assuming that du,. /0« is well behaved at @« = 0 and « = 1, integration by parts
shows that this is equivalent to

1 92
0% iy
da=0
/Oaa260é

for all 8 and r. These relations give some sort of average prediction error, but it is
unclear what precise interpretation can be given to them.

Finally, when there exists a suitable group structure as discussed earlier then we
know that 9;A must be 9;A . Furthermore, since Jeffreys’ prior is the left Haar
prior, it follows that h;(0) = 9;log A(6~1), where A is the modulus of 2 and 6!
is the group inverse of 6.

4. UPMPs: highest predictive density region matching

We consider now the case where X is possibly vector-valued. The question of the
existence of UPMPs for highest predictive density regions in this case is not so
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straightforward as the quantile matching case discussed in Section 3. In particular,
if there exists a suitable group structure, as in Section 3, since the prediction region
H(rm,a,d) defined in Section 1 is not invariant under transformation of X (unless
the group is affine), the associated right Haar prior is not necessarily a UPMP. We
also know that when a UPMP does exist it may not be unique. This was illustrated
in Example 4 in [4] of the bivariate normal model with unknown covariance matrix;
we will return to this example in Example 1 below.
The scalar parameter case is straightforward, however. For each « the prior

m(0) o< g(0){&:1 (0, )}

is the unique solution to (2.6). It follows that there exists a UPMP prior if and only
if £1,(6, ) = Q(0)R(«x), as was noted in [4] where examples are given in which this
condition does and does not hold. Unlike the case of quantile matching, however,
the unique solution when it exists is not necessarily Jeffreys’ prior. For example,
in [4] it is shown that a unique UPMP exists for the N(6,6) model but this is not
Jeffreys’ prior.

The multiparameter case is more difficult. The simplest situation is when &;(0, «)
is of the form

(4.1) &0, a) = Qi) R(a).
Then every UPMP will be a solution of the Lagrange PDE
(4.2) 0s{g™ (0)Q:(0)m(0)} = 0.

This equation may have no solutions or an infinite number of solutions.

Example 1. Consider the bivariate normal model with zero means and unknown
standard deviations 01,09 and correlation coefficient p. Let ¥ be the covariance
matrix of X. We work with the orthogonal parameterisation

(60
r —<9293 6, )

where ¥ = TT” and T is the left Cholesky square root of ¥. It can then be shown
that the information matrix is

9(0) = diag(26; 2,202, 0,263) .
Furthermore, by transforming to Z = T~ X, it can be shown that
m(eva) = 9192(1_05)/(277-)7 51(0705) = el_lR(a)a 62(9, Oé) = 92_1R(a)7 53(0?04) = 07

where R(a) = —(1 — a) log(1 — a). Thus &:(6, «) is of the form (4.1). Therefore the
UPMP priors are all the solutions of the PDE (4.2) with Q1(0) = 67, Q2(0) = 65 *
and Q3(0) = 0. The general solution is found to be

7(0) o< 072h(05 101, 03),

where h is an arbitrary positive function. Notice that the leading term 6 2 s
|9(0)|'/2, so Jeffreys’ prior is a UPMP. In terms of (01,02, p) we have

0, = 01_1, 0y = 02_1(1 — p2)_1/2, 03 = —,00'1_10'2
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3

with Jacobian of transformation o7 30, (1 — p?)~3/2. With suitable re-expression

of h we find that
(43) 77(017 02, p) X 7T'J((-’rla 02, p)H(01_1027 (1 - P2)1/2) )

where 77 (01,09, p) o oy Loy (1 — p?)73/2 is Jeffreys’ prior and H is an arbitrary
positive function. This is a very wide class of priors. In particular, taking h(x,y) =
x%y®, we see that all priors of the form 77 (o1, oo, p) (07 *02)%(1 — p?)® are UPMPs.
Taking a = 1,b = 1/2 we obtain o; 2(1 — p?)~!, which can be shown to be the
right Haar prior arising from the group of transformations 7-'X on the sample
space, where T is a lower triangular matrix with positive diagonal elements. This
group is isomorphic to £ and since in this case the region A is invariant it follows
from [13] that this prior must be a UPMP. Similarly, all right Haar priors arising
from transformations of the form T-'MX, with M a fixed non-singular matrix,
are included in (4.3).

We now return to the general analysis of equation (2.6). In Theorem 4.1 below,
when we say that the functions & (0, «) are linearly independent we shall mean that
they are linear independent as functions of « for fixed 6.

Theorem 4.1. Suppose that the functions £(0,«) are linearly independent and
that there exists a UPMP, 7, for highest predictive density region matching. Then
m is the uniqgue UPMP and the partial derivatives of A\ = logm are given by

i ! afT st agt

where (b7 (0)) is the inverse of the non-singular matriz function (b;;(0)) with (i, 5)th
element

s b 6) /01 (a@gz oz)) (a@ égi a)) da

Proof. We begin by showing that the matrix (b;;(6)) is non-singular for all § € Q
if and only if the functions & (6, ) are linearly independent. From the definition
(4.5), we see that in general (b;;(¢)) is positive semidefinite and is therefore singular
for all # € Q if and only if, for each 6, there exist functions z(6), not all zero, for
which b;;(0)z*(0)z7 () = 0. This is equivalent to the condition

/01 (8xt(9);;(9’a)>2da:07

which in turn holds if and only if d(z*(0)& (6, «))/0a = 0 for all # and «. Since
&(0,1) = 0 it follows that a necessary and sufficient condition for the singularity
of (b;;()) is the existence of z*(f), not all zero, such that z*(0)& (0, a) = 0 for all
6 and «. That is, the functions & (6, «) are linearly dependent.

We now apply the product rule to (2.6) to give equation (3.1) with u; replaced
by &;. Exactly as in the proof of Theorem 3.2, we differentiate this equation with
respect to «, multiply by 9¢,/0a and integrate over 0 < o < 1 to give

1
T b d A+ / %o, (g% da = 0.
o Oa Ja

Finally, under the condition of the theorem the matrix (b;;(¢)) is non-singular
and equation (4.4) follows on multiplying both sides of the above expression by
brigij. U
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In the case p = 1 we know that a UPMP exists if and only if & (6, o) = Q(0) R(«),
in which case

b (6) = {Q(O))? / (R(a)}2da.

Equation (4.4) then becomes d\/df = dlog(g~'6)/df, giving m(0) < {Q(0)}1g()
in agreement with the earlier discussion. In the multiparameter case, unlike The-
orem 3.2, there does not appear to be any simple further development of (4.4).
Returning to the univariate location-scale model f(z;60) = 651 f*(65* (z — 61)), it
can be verified that the functions & (6, «) are linearly independent and, as in Sec-
tion 3, that the right Haar prior 7(f) o 65 * under the location-scale transformation
group is the solution to (4.4). When p > 1 the condition that the right-hand side of
(4.4) be a derivative field is very strong when the model is not transformational and
we have been unable to find a two-dimensional example that is not a transformation
model satisfying this condition. Again, as in Section 3, even for such an example the
resulting prior may still not satisfy (2.6) for all a. Thus it would seem that unique
UPMPs rarely exist outside of transformation models. As with Theorem 3.2, the
major point of Theorem 4.1 is to show that, under the conditions of the Theorem,
if a UPMP does exist then it is unique.

Note that when p > 1 Theorem 4.1 does not apply to the case (4.1) since the
functions &(6, a) are linearly dependent and hence the matrix (b;;()) is singular.
A more general sufficient condition for linear dependence of the & (0, «) is

(4.6) &(0,a) =U(0)S(0, ) .

Note that this is also a necessary condition for linear dependence in the case p = 2.
Suppose that (4.6) holds and that there exists a UPMP x. Then from equation
(2.6) we see that

gStUtasA + gStUtBS IOgS + as(gStUt) =0

for all o, which implies that the function g**(0)U;(0)0s1og S(0,a) must be free
from «. Since no boundary conditions are imposed on the solutions to the resulting
Lagrangian PDE, it follows that @ must be one of an infinite number of solutions.
Thus, under condition (4.6), either there is no UPMP or there is an infinite number
of UPMPs. Note that (4.1) is a special case of (4.6).

It might appear at first sight that it is also possible to have an infinite number
of UPMPs in the case of quantile matching, which would contradict the result of
Theorem 1. However, using a parallel argument to that given above, we see that the
structure (4.6) for p: (0, @) cannot occur, as this would imply singularity of Fisher’s
information matrix.

Finally, the case

(4.7) §i(0, ) = Qt(0)Re ()

which is a generalisation of the simple case (4.1), is of some interest. It is easily
seen that in this case the linear independence of the functions & (6, «) is equivalent
to the linear independence of the functions R;(c). Furthermore, the matrix (b;;(6))
will be non-singular for all 8 if and only if the matrix with (4, j)th element

Y /OR;\ (OR;
w= (w)(w)da
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is positive definite. This turns out to be the case for the location-scale models
discussed earlier.

Example 2. Consider the multivariate location model with density f(x;0) =
f*(x1—01,...,2,—0,). The region A here is invariant under the group of transfor-
mations = + a, a € RP and it follows from [13] that the right Haar prior is an exact
UPMP. Here the right Haar prior is also Jeffreys’ prior, both being constant. We
now investigate conditions under which this is the unique UPMP. As in [4], we find
that m(6, a) = m(a), free from 6, and & (0, «) = Ri(«), which is of the form (4.7)
with Q¢+(0) = 1 for all t. It follows from the above discussion that Jeffreys’ prior is
the unique UPMP if and only if the functions R;(«) are linearly independent. In
that case, since both g*' and &; are free from 6, the right-hand side of (4.4) is zero
and, again, the unique UPMP is the uniform prior.

For many standard models, however, the functions Ri(«) will be linearly de-
pendent. Suppose, for example, that f* is elliptically symmetric, so that f*(z) =
H(%'Cz) for some positive definite matrix C. Then it can be checked that R(a) =
Q+R(a), which is of the form (4.1) with Q; free from 6. The functions R;(«a) are
clearly linearly dependent and hence, since we know that there exists at least
one UPMP, there will be an infinite number of UPMPs. For example, in the
case where f* is spherically symmetric, we have @); = () and the Lagrange PDE
(4.2) becomes Y O\ = 0. The solutions of this equation are of the form 7(6)
exp{h(f2—061,...0,—061)}, where h is an arbitrary function. In particular, all priors
of the form 7(0) oc exp(_, a;0;) with 3, a; = 0 will be uniformly matching in this
case.

A similar analysis may be carried out for the multiparameter location-scale model
with different location parameters, as described in [4]. Whether or not the scale pa-
rameters are assumed to be equal, there is an appropriate group of transformations
for which the corresponding right Haar prior will be a UPMP. In either case &(0, «)
is again of the form (4.7) so that whether or not the right Haar prior is the unique
UPMP will depend on the linear independence or otherwise of the functions R;(«).

When the model has no suitable group structure, we conjecture that the functions
&-(0, ) will always be linearly independent. To see the plausibility of this, note that
the &.(0, «) are linearly dependent if and only if there exist functions x*(6), not all
zero, such that [, {z*(0)l;(2;0)} f(x;0)dx = 0 for all § and a. Since the density
f(x;0) cannot be standardised by transformation, the only way that this would
seem to be possible is if z'(0)l;(z;60) = 0 for all theta. However, it is easily seen
by partial differentiation w.r.t 65 that this condition leads to g being singular. This
analysis therefore suggests that if the model is not transformational then there will
either be no UPMP or a unique UPMP, which is then given by (4.4).

5. Discussion

Although it is known that exact matching of invariant prediction regions is achieved
by the right Haar prior under a suitable group structure on the model, we have
seen in Section 3 that there can be other priors that achieve approximate uniform
predictive quantile matching, and that uniformly matching priors can exist when
there is no suitable group structure, although these are rare. In common with other
work on probability matching priors, predictive matching priors arise as solutions
to a particular PDE, which in general can be very difficult to solve. However, in the
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case of uniform quantile matching, if a UPMP exists then it is unique and explicit
formulae for its partial derivatives are available from Theorem 3.2.

Except in special cases, derivation of the UPMP for quantile matching via equa-
tion (3.3), or even verifying that the derivatives in (3.3) are consistent, will be
intractable. An attractive alternative would be to use a data-dependent approxi-
mation of the UPMP based on a local prior of the form

N0, 00) = 0N (0) + hy(6g) -

See [14] for a derivation of data-dependent matching priors for marginal posterior
distributions. Furthermore, since a data-dependent prior of this form will always
exist, there may be cases for which it will be uniformly matching even when there
is no a-free solution of (2.5). Although the posterior distribution arising from such
a prior would not always have a strict Bayesian interpretation, use of the corre-
sponding predictive distribution could provide a useful mechanism for constructing
frequentist prediction regions with good coverage properties. It would be of inter-
est to conduct simulation experiments in order to assess the predictive coverage
afforded by such priors.

The case of highest predictive density regions is more complex. As discussed
in Section 4, this will either be the unique solution or else there will be infinitely
many solutions, depending on the linear independence or otherwise of the functions
&-(0,c). Thus in any particular example it is necessary to examine carefully the
structure of the functions (0, «). If the statistical model has a suitable group
structure then this task is usually eased. One could also investigate local priors
when the matrix (b;;(6)) is invertible.

In the case of univariate observations, the results provide some guidance on the
choice of objective prior if the main goal is to carry out Bayesian prediction and
low predictive coverage probability bias is desired. In relation to the determination
of an objective prior, for multivariate data the situation is less clear. When the
functions &, (6, ) are linearly dependent, as often occurs in transformation models,
there will usually be an infinite number of UPMPs. Thus other considerations will
need to be invoked in order to narrow down the choice of prior. For example, one
might consider priors that are simultaneously predictive and posterior probability
matching, reference priors ([2]) or priors that are minimax under suitable decision
rules; in particular, for minimax prediction loss see, for example, [12] and [15].

Appendix: Proof of Theorem 3.1

Proof. Let a € Q and consider the transformation ¢ = af. Let J(0,a) = d¢/da be
the Jacobian matrix of this transformation for fixed 6. Then the right Haar prior is
7H(0) < |J(0,e)| 7L, where |J(6,a)| is the determinant of J(6,a); see, for example,
[1].

Write ¢7(0, a) = dé,(6,a)/das and define ¢-(0) = ¢7(0, €), where e is the identity
element of the group, so that 7 (6) o |(¢75(6))| ™. Finally, let (a3(6)) be the matrix
inverse of (¢7(0)). A standard result for the derivative of a matrix determinant then
gives

(5.1) OAT(0) = —a;!(0)0:6,,(0) ,

where M (0) = log 7 (6).
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Define ¢%(0,a) = Os¢, = O0¢,/00s, with matrix inverse 03(0,a) = 005/,
Since the definition of the right Haar prior depends on a specific group of transfor-
mations on the parameter space, it is natural to regard Fisher’s information as a
Riemannian metric tensor associated with the differentiable manifold of probability
densities f(+;0), 6 € Q. This facilitates the study of the transformational properties
of the quanitities g**(#) and p.(f,«) appearing in the PDE (3.1). First, from the
invariance of the problem under G' and the contravariant tensorial property of g°t,
we have g (¢) = g°'(0)¢l¢], where ¥ is the inverse Fisher information in the ¢-
parameterisation. Again using the invariance properties, it is seen that fi;(¢, a) =
(0, a)@f, where [i;(¢, o) is the function (2.3) in the ¢-parameterisation. Now write

u*(6,) = g (0)11(0, ) and @ (¢, @) = 3 (&)7ir(6, ). Then

@(p,0) = g*(0)ur(0, o) plpl0
(5.2) = g""(O) (9, a)dL6F = u*(0,a)el,

where 6F is the Kronecker delta function.
Now differentiate both sides of (5.2) with respect to a, to give

(5.3) 0’ (,2)(6, a) = u(6,)064(0,0)/Da, = u*(8,a)ds,.(6 ).
Finally, setting a = e and multiplying both sides of (5.3) by af (0) gives
(5.4) D' (6, @)a (0)53(8) = u* (6, a)al (6)0 1 (6) .

Since (a2 (f)) is the matrix inverse of (¢%(6)), the left-hand side of (5.4) is d,u’ (0, )5} =
dsu® (0, o), whereas the right-hand side is —u*(6, a)9, 2 (0) from (5.1). It follows
that the right Haar prior 77 is a solution of equation (3.1) and hence of equation
(2.5). O
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1. Introduction

Although empirical and related likelihoods have received significant attention (see
[11, 14] and the references therein), their study from a Bayesian perspective began
only in recent years. Lazar [10] pioneered an investigation on the validity of the
empirical likelihood for posterior inference and examined, mostly by simulation,
the frequentist properties of posterior empirical likelihood intervals. In another
significant development, Schennach [18] proposed a Bayesian exponentially tilted
empirical likelihood arising as a nonparametric limit of a Bayesian procedure which
places a kind of noninformative prior on the space of distributions. Starting from
a general class of empirical-type likelihoods for the population mean, Fang and
Mukerjee [7] characterized its members which admit probability matching priors in
the sense of allowing posterior credible sets with approximate frequentist validity.
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Along the line of what is traditionally done in parametric inference based on the
true likelihood, Fang and Mukerjee [7] entertained only priors that are free from the
data. They observed, among other things, that none of the standard empirical-type
likelihoods that have been proposed and widely studied in the literature, includ-
ing the usual empirical likelihood, admits a probability matching prior even with
margin of error o(n_l/ 2), where n is the sample size. This is somewhat disappoint-
ing and, given the popularity of these likelihoods, prompts one to investigate the
consequences of working with possibly data-dependent priors with the hope that
this may yield more positive results. The present article aims at exploring this issue
with reference to the same general class as in [7]. Satisfyingly, it is seen that at least
for the usual empirical likelihood, positive results then emerge even with margin of
error o(n™1).

Probability matching priors have been studied extensively in parametric infer-
ence - see, for example, [6], [9], [12], and [20]. A key difference with the parametric
case is that here we are not working with the true density-based likelihood and,
as such, a shrinkage argument, suggested originally by J. K. Ghosh to the present
author, that simplifies the frequentist calculations there ([6], Ch. 1) is no longer
applicable. As a result, one has to employ a direct Edgeworth expansion based on
approximate cumulants.

While the present work seems to be the first attempt towards exploring the
higher-order asymptotics on data-dependent priors with empirical-type likelihoods,
such priors have received considerable attention in recent years in parametric infer-
ence via the true density-based likelihood. A brief indication of this literature may
interest the reader. A key reference in this regard is [21], where it was found that
for certain mixture models, no data-free improper prior yields a proper posterior
and no data-free proper prior entails frequentist validity of posterior quantiles with
margin of error O(n~1), while both problems are solved by a data-dependent prior.
Furthermore, such data-dependent priors were shown to approximate data-free pri-
ors, in addition to enjoying desirable properties like asymptotic minimaxity. Prior
to [21], data~-dependent priors were considered, among others, by [15] and [17] in the
context of mixture models with an unknown number of components. Sweeting [19]
investigated the crucial role played by data-dependent probability matching priors
when the sample size is stochastic, as happens, for instance, with censoring or a
stopping rule. Reid et al. [16] reviewed and discussed a notion of strong matching
which requires data-dependent priors.

In the context of parametric inference, Clarke and Yuan [4] studied partial infor-
mation reference priors obtained through the maximization of conditional Shannon
mutual information. These priors are often data-dependent in the sense of involv-
ing statistics that are associated with nuisance parameters and capture helpful side
information. The information theoretic interpretation for these priors was also dis-
cussed at length by [4]. Clarke ([3], Subsection 7.2) discussed data-dependent priors
in the light of the Freedman—Purves Theorem [8], which often forms the basis of the
argument put forward by orthodox Bayesians against such priors on the grounds
of incoherence. He argued that the implications of this theorem are narrower than
commonly appreciated, suggested a remedy in the form of a criterion of information
boundedness, and observed that the data-dependent priors in [4], [16], and [21] are,
indeed, information bounded.

The interested reader may refer to the papers cited in the last two paragraphs
for further references on data-dependent priors in parametric inference.
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2. A General Class of Empirical-Type Likelihoods: Posterior Quantiles

Let X;,...,X,, be independent scalar-valued random variables from an unknown
common distribution with an unknown mean 6. The parameter space for 6 is the
real line or an open interval thereof. The X; are supposed to be absolutely con-
tinuous and the first four population moments are assumed to exist [2]. These
assumptions justify an Edgeworth expansion used later. Let X = n~! S X,
ms = n 1Y " (X — X)®, s = 2,3,..., g3 = ms/mY?, g5 = ma/m? and
y = y(0) = (n/my)'/?(0—X). Write ¢(-) for the standard univariate normal density.
As in [7], we consider a general class of empirical-type likelihoods of the form

L) o oyl +n"Y*{ai(gs)y + as(gs)y’}
(1) +n" " {bo (g3, 94) + b2(g3, 94)y° + ba(g3, 94)y™* + b (g3, 94)y°}
+op(n 1)),

where the a;(+) are polynomials in g3 and the b;(-) are polynomials in g5 and g4, the
coefficients therein being constants free from n. These polynomials depend on the
particular likelihood. Note that L(#) depends on 6 through y = y(6) but does not
involve any other population parameter, and that y is the standard pivotal quantity
for inference on # when the population variance is unknown. Furthermore, the terms
of order n~%/2 and n~! in (1) aim at taking care of the unknown skewness and
kurtosis of the population via their sample analogs g3 and g4 respectively. Indeed,
the class (1) is very wide and, as discussed later in Section 4, covers all major
empirical-type likelihoods proposed in the literature.

With reference to any likelihood in the class (1), we consider a possibly data-
dependent prior of the form

(2) m(0) = exp{y(0,m2, 93)},

where 1(-) is a smooth function with functional form free from n. We aim at char-
acterizing the a;(-) and b;(-) in (1) so as to allow the existence of a prior of the
form (2) that entails frequentist validity of the posterior quantiles of #, with mar-
gin of error o(n~'/2) or o(n™'). The class (2) can be motivated as follows. For any
empirical-type likelihood as in (1) and a data-free prior, up to the first order of
approximation, the quantity (6 — X)ms, 1/2 represents a standardized version of 6
in the posterior setup; see [7]. This prompts one to consider a data-dependent prior

of the form
(3) 7(6) = exp{(0 — X)my " *x(g3)}.

where the multiplier x(g3) is a smooth function of g3, with functional form free of
n, that aims at taking care of the population skewness (an attempt to take care of
the population kurtosis would involve a more elaborate data dependent prior and
a discussion of this is deferred till Section 5). Clearly, the prior in (3) is equivalent
to

(4) m(6) = exp{fm; " x(ga)},
because they both lead to the same posterior. The exponent in (4) is a smooth

function of 6, ms and g3, and the class (2) incorporates all priors that share this
feature.
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Let th;(t1,ta,t3) = O(ty, ta, t3)/Ots, hij(t1,ta, t3) = 0*h(ty, ta, t3) /Ot:Otj, Vi =
¥i(X,ma,g3) and ¥;; = ¥;;(X,me,93), 4,5 = 1,2,3. Then, analogously to the
parametric case ([6], Ch. 2), the posterior density of y = y(6), with reference to (1)
and under 7(-) as in (2), can be expressed as

T™WX) = o +n"3(Ry+ Rsy®)
(5) +n"H{Ro(y® — 1) + Ra(y* — 3) + Re(y® — 15)}] + 0p(n ")

where X = (X1,...,X,,) and

R = ai(gs) +my/ o,

Re = balgsg0) + mba(g0)r + gma(ions +02),
(6) Ry = as(gs),

Ry = bags.ga) +my  as(gs)n,

Re = be(g3,9a)-

The propriety of the posterior is assumed here. Let

w = R+ R3(22 + 2),
1
(7) us = 2ujzR3— §ufz + Ryz + Ry(2® + 32) + Rg(2° + 52> 4 152),

where z is the (1 — a)th quantile of a standard normal variate. As in [7], recalling
that y = (n/m2)'/?(0 — X), then it follows from (5) that the (1 — )th posterior
quantile of 8 can be approximated by

(8) 08 (1, X) = X + (ma/n) 2 (2 + n~2uy),
or
(9) 05~ (1, X) = X + (ma/n)?(z + 07 2uy + 0" tuy),

with posterior coverage error o,(n~'/2) or o,(n™') respectively.

3. Frequentist Coverage
3.1. Calculation of Frequentist Coverage

We next study the frequentist coverage of the interval (—oo, 95170‘) (m, X)]. The steps
are similar to those in [7] but more involved because of possible data-dependence
of the prior; for instance, additional terms appear in the expressions for W7 and ko
in (15) and (21) below.

With P representing the frequentist probability, by (9) and the definition of y,
the frequentist coverage is given by

(10) P{6 < 95170‘) (m, X))} = Py < z+n"Y2u; +n"tuy).

In order to obtain an expression for the above with margin of error o(n=1), we need
stochastic expansions for y, u; and us. To this end, let £ denote expectation for
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fixed 6 and write 0% = E(X; — 0)?, Z; = (X; — 0) /0, Bs = E(Z$), 1 < s < 4, and
A =n"1230 (28 53) =1,2,3. Then, as in [7],

1 1
(11) y=—Ar+5n 2 AAy —n TN (AT + %AlAé) +op(n ).

Turning next to u; and ug, we note from (7) that the randomness of these quantities
is only due to the R;. For each 4, let R;y be obtained from R; in (6) replacing X,
ma, g3 and g4 therein by the corresponding population parameters 6, o2, 33 and
(B4 respectively, i.e.,

Ry = al(ﬁ3)+0¢
(

Ry = b2(B3,84) + a1 (f3)y 0 4 t350 o? Yy (0) + {7/1§0)} ls
(12) R3y = a3(fs3),

Ry = b4(Bs,04) +0a3(53)¢ ,

Rep b6 (33, Ba),

where ) = (0,02, B5), ¥y = vi;(0,0% Bs), i,j = 1,2,3. Since
(13) X =04+n"Y2041, my=0>(1+n"Y2A45) +o0,(n"1/?),
and
_ 3 _
(14) g3 =3 +n "2 (A; — 34, — §ﬂ3A2) +op(n7Y2), g = Ba+o0,(1),

from (6) we get R; = Rio +n~Y/2W; + 0,(n"1/2), i = 1,3, and R; = Ry + 0,(1),
i=2,4,6, where

1
Wi = o2 QA+ a{iw@ + 0291 Ay
3
(15) o) (B) + 0viy }(As — 341 — 5 Bsda),
3
(16) Ws = a3(83)(As — 34, — 553142),

and af(+) is the derivative of a;(-). From (7), it is now evident that
U1 = u1g + n_l/Q{Wl + Wa(22 4+ 2)} + op(n_l/Q),ug = ugp + 0p(1),
where the leading terms
(17) u1p = Rio + Rso(2® + 2),
and

1
(18)  ugp = 2u102Rs0 — iufoz + Rooz + Rao(2® + 32) 4 Reo(2° + 52° 4 152),

are simply counterparts of (7) with the R; there replaced by the Ry.
From (10) and the stochastic expansions for u; and us as indicated above,

(19)  P{O <08 (m, X)} = P(j < 2+ n Y uig +n tugg) + o(nh),
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where § = y —n~H{W; +W;3(2% +2)}. By (11), (15) and (16), the first four approx-
imate cumulants of g are given by

Kin = n Y2k 4+o(n™),

Kop = 14+n Yk +o(n™),

Kspn = n"?ks+o(n™"),

Kin = n'ka+o(n™'),
where

1
(20) bi=350s  ks=205  ka=12+ 12532 — 284,
and
7 3
By = 3 05+ 2{al(5s) + ah(0s)(° +2) + 0w} (5 — 3 — 508)
1

(21) +20°04 + 2830 (5o + o))

The fact that W, and W3 are linear in the A; facilitates the derivation of (20) and
(21). From (19), consideration of an Edgeworth expansion for § now yields

(22) P{O<O ) (m X))} =1—a+ (n Y2A) + n ' AY)é(2) + o(n™Y),

with
1
(23) Ay =wuio— ki — 6163(2'2 - 1),
and
12 L2 1 >
AQ = U0 — §U102’ + Zulo{kl + 6](33(2 - 3)} - 5(]432 + k’l)Z
1 1 3 1.2 5 3

(24) (24k4 + 6k1k3)(z 32) 72k3(2 102° + 152).

3.2. Probability Matching Conditions

The frequentist coverage in (22) equals 1 — a + o(n~'/2) if and only if A; = 0
identically in z and the population parameters. Since by (12), (17), (20) and (23),

Ay = an(Bs) + 2a5(8s) + 0w — s+ {as(Bs) — 30517
recalling the definition of w@, it is clear that the above happens if and only if
(5)  as(s) = 305 and (0,07 55) = h(o®,B) — b0 an () + s
h(-) being any smooth function of 02 and 33. Note that the first condition in (25)
is on the empirical-type likelihood whereas the second condition concerns the prior.

Indeed, with #(-) as in (25), it is easily seen from (2) that the specific choice of h(-)
has no influence on the posterior. Hence, hereafter, we take h(c?, 33) = 0, i.e.,

(26) 7(6) = expl—0m3 /{ar(g5) + 595
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by (2) and (25), and continue with (25) to obtain further conditions that arise when
one wishes to work with margin of error o(n=1). Observe that the prior in (26) is
actually of the form (4) that motivated the class (2) of priors. From (12), (17),
(18), (20), (21) and (24), after considerable algebra, it can be seen that under (25),
Ag = Clz + 032’3 + 0525, where

Ci = ba(B3,84) + 3ba(B3, B1) + 15b (33, Ba) — %{al(ﬁ3)}2 — Bsa1(B3)

1 5 1
+ﬂﬂ§ - ﬁﬂ4 T3
Co = balBo,Ba) + Sbu(Bs. B) — 00 (Bs) + o3 — 1Ba+ 3,

Cs = b6(ﬂ3,ﬁ4)*%85§-

Thus, under (25), the frequentist coverage in (22) equals 1 — a+ o(n~1) for every z
and every possible 6, o2, 33 and 3y if and only if C;, C3 and Cs vanish identically
in the population parameters, i.e., if and only if

bl B) = Slar(B)+ 20 — 5B+ L
(27) bs(Bs, 1) = %53611(53) - %/332, + iﬂzx - %,
be (B3, 1) = %8532’

The conditions in (27) are again on the likelihood.

4. Implications

We now examine some major subclasses of empirical-type likelihoods in the light
of the conditions obtained in the last section. These are (i) likelihoods arising from
empirical discrepancy statistics ([5], Section 1) and hence from Cressie-Read dis-
crepancy statistics [1], (ii) generalized empirical likelihoods [13], and (iii) generalized
empirical exponential family likelihoods ([5], Section 4). As noted in [7] all these
belong to the general class (1). Moreover, it can be shown that the forms of the
a;(+) and b;(+) for the subclasses (i)-(iii) are as in Table 1. In this table, 73, 74, V3, 74
and p are constants that depend on the particular likelihood. The usual empirical
likelihood belongs to each of (i)-(iii) with

1

ai(gs) =0, az(gs) = 393

(28) bo(g3, g4) = ba(gs, g4) =0,
1 1 1

bi(g3,94) = 194~ 5(93 +1), be(93,94) = Egi,

while Schennach’s Bayesian exponentially tilted empirical likelihood [18] belongs
to (iii) with 4 = §. From (25) and Table 1, it is clear that each likelihood in the

subclass (iii) admits, with margin of error o(n~'/?), a data-dependent probability
matching prior of the form (2) for posterior quantiles. Since each of these likelihoods
has a1(gs) = 0, by (26), such a prior is given by

1 _
(29) w(0) = exp(—§9m2 1/293).
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TABLE 1
Forms of the a;(-) and b;(-) for the subclasses (i)-(iii)

Subclass  a1(g3) a3(g93) bo(gs,ga) b2(g3,94) bs(g3,94) be(93,94)
(i) 0 T393 0 0 Tags — %Tg(gg +1) %T\%g%
(ii) 0 7393 0 0 Y494 — %vﬁg% —3v3+ 3 517;?93
(iif) 0 193 0 0 pgs — (u+ )93+ 1) 1593

TABLE 2

Simulation results on the frequentist coverage of (—oo, 951_0‘)(#7 X)] for generalized empirical
exponential family likelihoods, with 7(0) as in (29).

Sample size Sample size
Distribution 1—« 8 12 16 20 11—« 8 12 16 20
Normal(0,1) .95 912 928 933 .938 .10 138 123 119 114
.90 863 .877 .884 .886 .05 .088 .074 .069 .064
Uniform(0,1) .95 934 944 946 949 .10 112 106 .102 102
.90 .887 .896 .897 .898 .05 .067 .056 .051 .051
Beta(1,2) .95 910 .928 936 .938 .10 110 .108  .106  .104

.90 .861  .880 .888  .890 .05 .061 .055 .055 .054
Exponential(1) .95 .850 .878 .898  .906 .10 111 113 111 111
.90 798 .827  .845  .854 .05 .063 .064 .063 .061
Rayleigh(1) .95 900 918 928 .931 .10 119 113 111 .108
.90 .849  .868 .878 .880 .05 .070 .064 .060 .056

From Table 1, it is also clear that none of the likelihoods in the subclasses (i)-(iii)
meets the first condition in (27) because a1(-) = b2(-) = 0 for any such likelihood.
Thus, even with possibly data-dependent priors of the form (2), none of them allows
frequentist validity of posterior quantiles with margin of error o(n=!). In Section 5,
it will be seen that at least for the usual empirical likelihood this difficulty can be
resolved by considering more elaborate data-dependent priors.

Before addressing this issue, we present some simulation results to indicate the
finite sample implications of the aforesaid probability matching property of the prior
(29) for the subclass (iii) of generalized empirical exponential family likelihoods.
Since this matching holds with margin of error o(n~'/2), it makes sense to study
the simulated coverage of the interval (foo,Hgl_a)(w,X )] in this context, where

9970‘) (m, X) approximates the (1 —a)th posterior quantile of § with coverage error
0,(n"1/2); see (8). For any likelihood in (iii), it can be seen from (6), (7), (8)
and Table 1 that 9%1_0‘)(7T,X) = X + (ma/n)"?{z + tn"12g3(22% + 1)}, under
(29). The simulation results, each based on 10000 simulations are presented in
Table 2. Five distributions for the population along with four choices of 1 — «,
namely 1 — «=0.95, 0.90, 0.10 and 0.05, are considered. In all cases, except for the
exponential distribution in the right tail, the convergence to the desired frequentist
coverage turns out to be reasonably fast. Thus the asymptotic results, even with
margin of error o(n~'/2), are well-reflected in finite samples.

5. More Elaborate Data-Dependent Priors

Observe that the prior in (26) is equivalent to
S\ —1/2 1
(30) m(0) = exp[—(0 — X)my {ar(gs) + 595},
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in the sense that they both lead to the same posterior; cf. (3) and (4). This motivates
us to consider possibly data-dependent priors of the form

(B1)  w(6) = exp{(6  X)my Vx(gs) + 5 (0~ X)mz Ags.99)),

where x(+) and A(-) are smooth functions. Since (31) can possibly involve X and g4
in addition to my and g3, it is more elaborate than (2). The introduction of A(+) in
(31) aims at taking care of the population kurtosis.

With reference to any empirical-type likelihood in the general class (1), if one
considers the posterior quantiles of § under (31), then algebra similar to but heavier
than that in Sections 2 and 3 reveals the following:

(a) Frequentist validity of the posterior quantiles holds with margin of error
o(n='/2) if and only if

(32) a5(0s) = 5 s and x(55) = ~{ar(B) + 565}

(b) Frequentist validity of the posterior quantiles holds with margin of error
o(n~1) if and only if in addition

bs(Bs, Bs) = %ﬂSal(&S) - %53% + iﬁa‘ - %,
() bo(3s, 3) = 755,
A(Bs, B1) = {a1(B3)}* — 2ba(Bs, B1) + Zﬁg? - §ﬁ4 +2.

A comparison between (25), (27) and (32), (33) shows that the last condition
in (33) is new and this helps. The first condition in (32) as well as the first two
conditions in (33) are on the empirical-type likelihood. From Table 1, it can be
seen that any likelihood in the subclasses (i)-(iii) meets these three conditions if
and only if the associated a;(-) and b;(-) are given by (28), which corresponds to
the usual empirical likelihood. Furthermore, if (28) holds then the last conditions
in (32) and (33) yield x(85) = —%63 and A(Bs,04) = %ﬁ% - %54 + 2, so that by
(31), the data-dependent prior

1 o - 1 - _1,5 2
(34)  m(0) = exp{—5(0 — Xymy g5 + 5 (0~ X)Pmy (03 — S0+ 2}

ensures frequentist validity of the posterior quantiles with margin of error o(n=1).

A comparison between the prior just obtained and the one shown in (29) is in
order. The one in (29) leads to probability matching to a lower order of accuracy
but at the same time enjoys the merit of being much simpler. Moreover, as the
simulation results reveal, it performs quite well in finite samples. Thus a choice
between the two is essentially a matter of taste. If one wishes to work with a simple
prior then the one in (29) is recommended. On the other hand, if a premium is put
on higher order accuracy from asymptotic considerations, then the one obtained in
this section appears to be more attractive.

The connection with a result in [7] is worth noting at this stage. They worked
with data-free priors and showed that a likelihood in the general class (1) admits a
probability matching prior, with margin of error o(n~!), for posterior quantiles if
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and only if
ai(fs) = _%ﬁ?n az(f3) = %ﬁ:ﬁ ba (B3, B4) = Zﬁ% - %54 +1,
1 2 1 1
ba(B3,54) = 1@1 - 56% — 3 be(B3, B4) = T8ﬁ§'

With the a;(-) and b;(-) as above, the conditions in (32) and (33) are met if and
only if x(83) = A(fs, 84) = 0. In conjunction with (31), one thus gets the flat prior
and this agrees with the findings in [7].

6. Concluding Remarks

The results in Subsection 3.2 show that if az(#3) = 1Bs then the prior in (26)
ensures frequentist validity of posterior quantiles with margin of error o(n_l/ 2).
It is satisfying to note that under the present assumption on the existence of the
first four population moments, this margin of error is actually O(n=1); vide (22).
Similarly, if the existence of the first five population moments is assumed, then
under the prior in (34), the frequentist validity of posterior quantiles arising from
the usual empirical likelihood holds actually with margin of error O(n=3/2).

By (13) and (14), the data-dependent probability matching prior in (34) satisfies
7m(0) = 1+ 0,(1) . The same holds for the prior in (30) which is equivalent to the
probability matching prior in (26) in the sense of yielding the same posterior. Thus
these data-dependent priors approximate the flat prior which is a natural data-free
prior in the present context; cf. [7] and a well-known result for fully parametric
location models ([6], Ch. 2).

There is scope for extending the present results in several directions. For exam-
ple, if instead of posterior quantiles, interest lies in the highest posterior density
regions, then the findings in [7] show that none of the standard empirical-type like-
lihoods proposed in the literature, including the usual empirical likelihood, admits
a data-free probability matching prior in a higher order asymptotic sense. A nat-
ural question is whether consideration of data-dependent priors, such as those of
the form (31), can yield more positive results. Another important issue concerns
the role of data-dependent priors in the multivariate case with vector 6. Then the
algebra will be rather complicated because the empirical-type likelihoods as well
as the data-dependent priors will involve multivariate pure and mixed moments in
place of ms, g3 and g4, and one would need to consider multivariate Edgeworth
expansions for the frequentist calculations. It is hoped that the present work will
generate interest in these directions.
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Abstract: This paper develops some objective priors for certain parameters of
the bivariate normal distribution. The parameters considered are the regression
coefficient, the generalized variance, and the ratio of the conditional variance of
one variable given the other to the marginal variance of the other variable. The
criterion used is the asymptotic matching of coverage probabilities of Bayesian
credible intervals with the corresponding frequentist coverage probabilities.
The paper uses various matching criteria, namely, quantile matching, matching
of distribution functions, highest posterior density matching, and matching via
inversion of test statistics. One particular prior is found which meets all the
matching criteria individually for all the parameters of interest.
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1. Introduction

Bayesian methods are becoming increasingly popular in the theory and practice of
statistics. It is needless to say that other than the likelihood, the key component in
any Bayesian analysis is the selection of priors. With sufficient information from past
experience, expert opinion or previously collected data, subjective priors are ideal,
and indeed should be used for inferential purposes. However, often even without
adequate prior information, one can use Bayesian techniques efficiently with some
‘default’ or ‘objective’ priors. Not too surprisingly, the catalog of such priors, over
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the years, has also become prohibitively large, and one needs to set some specific
‘objectivity’ criterion for the solution of such priors.

One such criterion which has found some appeal to both frequentists and Bayesians
is the so-called ‘probability matching’ criterion. Simply put, this amounts to the
requirement that the coverage probability of a Bayesian credible region is asymp-
totically equivalent to the coverage probability of the frequentist confidence region
up to a certain order. An excellent monograph on this topic is due to Datta and
Mukerjee [5] which provides a thorough and comprehensive discussion of various
probability matching criteria. Other review papers include [6], [7] and [9].

Again, as one might expect, there are several probability matching criteria. The
matching is accomplished through either (a) posterior quantiles, (b) distribution
functions, (c) highest posterior density (HPD) regions, or (d) inversion of certain
test statistics. However, priors based on (a), (b), (c), or (d) need not always be
identical. Specifically, it may so happen that there does not exist any prior satisfying
all four criteria.

In this article, we consider the bivariate normal distribution where the parame-
ters of interest are the (i) regression coefficient, (ii) the generalized variance, i.e. the
determinant of the variance-covariance matrix, and (iii) the ratio of the conditional
variance of one variable given the other divided by the marginal variance of the
other variable. We have been able to find a prior which meets all four matching
criteria for every one of these parameters.

As is well known, matching priors are obtained by solving certain differential
equations. In Section 2 of this paper, we have introduced an orthogonal reparam-
eterization ([3], [8]) of the bivariate normal parameters which greatly simplifies
these equations, resulting thereby in easily accessible solutions. Here, we have also
introduced a quantile matching prior which works for all the parameters given in
(1)-(iii). Section 3 establishes the distribution matching property of the prior found
in Section 2, once again for all three parameters of interest. Section 4 establishes
the HPD matching property of such priors, while Section 5 confirms matching by
inversion of the likelihood ratio statistic. The propriety of the posteriors and some
numerical computations are given in Section 6, while some final remarks are made
in Section 7.

2. The Orthogonal Reparameterization

Let (X1;, X2i),¢ = 1,...,n, be independent and identically distributed random
variables having a bivariate normal distribution with means p; and po, variances
o12(> 0) and 22(> 0), and correlation coefficient p(|p| < 1). We use the transfor-
mation (see, e.g., [1], [4] or [10])

1/ 1/2

(2.1) B = poajor, 0 = o102(1 — p?) 2a11d17:cr2(1—,02) /o1.

With this reparameterization, the bivariate normal distribution can be rewritten as

(2.2)
2 2
_ 1((Xo—po—0(X1 — X, —
f(X1, Xo) = (270) Lexpd — = ( 2 — 2 = B(Xa Ml)) +77( 1— 1)
2 o 0
where 3 is the regression coefficient of X, on Xi, 6% = 012022(1 . p2) is the

determinant of the variance-covariance matrix, and n? = V(X3|X1)/V (X1).
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With the above reparameterization, the Fisher Information matrix reduces to

A 0
(2.3) L(p1, p2, 8,0, m) = ( 0 Diag(n=2,072,n7?) )

where

This establishes immediately the mutual orthogonality of (u1, u2), 5, 8 and 7 in
the sense of [3] and [8]. Such orthogonality is often referred to as ‘Fisher Orthogo-
nality’.

Since the parameters of interest are orthogonal to (u1, ps2), and it is customary
to use a uniform (%?) prior on (p1, p2), we shall consider only priors of the form

(24) ’/TO(p’laN%ﬁvoan) O<7T(579777)7

and find 7 such that the matching criteria given in (a)-(d) are all satisfied for 3, 6
and n, each individually. This we are going to explore in the next three sections.

Here we also state a lemma which is used repeatedly in the sequel. The proof is
based on the independence of Xo — o — B(X; — p1) and X3 — p; along with the
fact that Xo — pg — B(X1 — p1) ~ N(0,60n) and Xy — py ~ N(0,6/n).

Lemma 2.1. For the bivariate normal density given in (2.2),
(2.5) E(dlog f/98)° =0, E[(dlog f/03)(0* log f /057)] = 0;

(2.6)
E(dlog f/08%) = 0, E(0®log f/05200) = (0n°) ", E(0°log f/05%0m) = n™;

(2.7) E(9%log f/0p06%) = 0, E(8° log f/030n°) = 0;
(2.8) E(0log f/00)® =2/63, E[(0log f/00)(0%log f/06%)] = —2/6°;

-1

E(9°log f/00°) = 4/0°, E(9°log f/06%0n) =0, E(9°log f/0001%) = (00°)

(2.10)
E(dlog f/0n)® =0, E[(dlog f/On)(9°log f/On*)] = —n~>, E(0°log f/On®) = 3n~>.

We consider in this section quantile matching priors, i.e., priors which ensure
approximate frequentist validity of one-sided Bayesian credible intervals based on
posterior quantiles of a one-dimensional interest parameter. The pioneering research
in this area is due to Welch and Peers [14] and Peers [11], while the recent stimulus
comes from Stein [12] and Tibshirani [13]. Specifically, one considers here priors
m(-) for which the relation

(2.11) Pp{0, <0, *(m, X)} =1—a+o(n"%)

holds for » = 1 or 2 and for each « (0 < « < 1). In the above, § = (04, . .. ,HP)T is the
unknown parameter, #; is the one-dimensional parameter of interest, 91170‘(7r, X)
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is the (1 — a)th posterior quantile of #; based on the prior 7 and data X =
(X1,...,X,)", while P(:|0) denotes the conditional probability given 6, the usual
frequentist probability. A prior satisfying (2.11) with r = 1 is called a first order
probability matching prior, while one with r = 2 is called a second order probabil-
ity matching prior. Clearly, second order probability matching priors constitute a
subclass of first order probability matching priors.

A second order quantile matching prior which works for 3, # and 7 is given by
(1, po, B,0,m) o (977)71. Back to the original parameterization, ((1, 2,01, 02, p)),
this reduces to the prior

_ —1
(2.12) (1, pi2, 01,09, p) = 01~ >(1 = p?)

This prior has been identified in [2] as the right-Haar prior as well as the one-at-a-
time reference prior for any arbitrary ordering of these parameters. Indeed, this prior
provides exact rather than just asymptotic matching for a variety of parameters of
interest including the ones considered here. Moreover, as shown in this paper, when
[ is the parameter of interest, any prior of the form 01’(3*‘1)(1 — p2)_1, a > 0, for
(1, p2, 01, 02, p) achieves exact matching, while when @ is the parameter of interest,
both the priors o1 72(1 — /)2)_1 and o1 " toy (1 — /)2)_3/2 achieve exact matching,.

However, Berger and Sun [1] have not explored other matching criteria. While
the quantile matching property is quite desirable for construction of one-sided cred-
ible intervals, the HPD matching or matching via inversion of test statistics seems
more appropriate for the construction of two-sided credible intervals. It is also true
that priors which satisfy a particular matching criterion, for example, the quantile
matching criterion, satisfies other matching criteria. As mentioned in the introduc-
tion, we will explore various other matching criteria in the subsequent sections. In
this way, we will lend further justification to one of the matching priors of [2] - the
one that we have developed here, as well.

3. Matching Via Distribution Functions

In this section, we target priors 7 which achieve matching via distribution func-
tions of some standardlzed variables. More specifically, when 6, is the parameter of
interest, (6s,. .. 9p) is the vector of nuisance parameters, 91 is the MLE of 6; with

—ai (I = (L), It = (19 ))) as its asymptotic variance, we consider the

random variable y = \/n(6; — él)/(Ill)l/Q. Specifically, if P™ denotes the posterior
of y given the data X, what we want to achieve is the asymptotic matching

(3.1) E[P™(y < w|X)|0] = P(y < w|0) + o(n™").

Under orthogonality of 6; with (02, ..., 0y), it follows from (3.2.5) to (3.2.7) of [5]

that such a prior 7 is of the form 111 9(92, ...,0,), where in addition one needs to
satisfy the two differential equations

(3.2)
_ 82 11 . i 11 B p D 9 { M L }

=g (11(0) = 255-(11(0)) Z;aas B(Sy i I w(0)
p P 8 aglogf o -
ZZ 891{ m)]lll 71'(9)}_0

s=2v=2

Ay

@
||
N
<
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and

(3.3) Ay =>">"

s=2v=2

{E(‘93 Ing)I“I”w(Q)} —0.

)
00, 90,200,

In the given problem, when f is the parameter of interest, (3.3) reduces to
0 ?®log f 2> log f
4 —(n*S 0*E ’E 0 =0.

By (2.6) of Lemma 2.1, (3.4) simplifies to 8/98{(6 + n)7(5,0,n)} = 0 which holds
trivially for any prior m(8,6,n) which does not depend on §, including the prior
(8,60,n) x (977)71, the one found in Section 2. Again, with 3 as the parameter
of interest, for any prior 7(3,0,7n) which does not depend on £, (3.2) simplifies to

8/90{(6m%) " n?6>m (8,0, 1)} + 8/On{n~nPnPx(5,6,n)} = 0, ie.,

550m(8.0.00] + 3 lyw(8,6.0)] =0,

Once again 7(3,60,n) x (07})71 will satisfy (3.3). To verify that a prior 7(83,6,n)
which does not depend on [ satisfies (3.2) with 1 = 3, we need to verify that

) 9% log f 931log f
9 5E(¢{E<ag$2w2+Ec5§§;wf}):o,

which reduces to

9 ., 0log f 9 . dlog f
292—E 4_E —
95> Capae2 ) T 95" a5, )
From (2.7) of Lemma 2.1, E(83 log f/@ﬂaez) = E(a3 log f/868n2) = 0, so that
(3.2) holds trivially for such a prior. Hence matching via distributions is achieved
with any prior of the form 7(p1, u2, 3,6,n) < h(8,7n), and in particular h(6,7)

(om~"
Next, when 6 is the parameter of interest, to find a prior satisfying (3.1) one
needs to first solve

o2 ( o ( on()\ 0 (.. 8 logf

0 0% log f B
(7 he0) <o

(3.6)

Hence, (3.6) simplifies to

o ( o ,or() ) B
2 () -5, (4250} -1 o) -o

Any prior 7(-) < 8~1g(83,n) will satisfy this equation. Such a prior also satisfies

3 O,
(3.7) %(9‘%(8 alaff)ﬁ(.)) =0.
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Finally when 7 is the parameter of interest, again, for finding a prior satisfying
(3.1), one needs to solve

0? 0 on () 0 3 log f
om0} 2% |~ g P

(3:8) 0 &% log f
2,2 _
o P} =0
and
0 21
(3.9) S B )m() o

Again, by Lemma 2.1, the prior 7(3,0,n) = §~'n~! satisfies the matching prop-
erty.

4. Highest Posterior Density (HPD) Matching Priors

We now turn our attention to HPD matching priors for each one of the parameters
8,0 and 7. In general, if 0 is the parameter (real or vector—Yalued) of interest, then
a HPD region is of the form {6 : w(0|X) > k}, where 7(0|X) is the posterior of
6 under the prior m and data X. We will consider priors which ensure that HPD
regions with credibility level 1 — « also have asymptotically the same frequentist
coverage probability, the error of approximation being o(n=1!).

We first consider a HPD region for 8. In view of the orthogonality result derived
in Section 2, such a prior mo(u1, g2, 8,0,m) < m(3,0,n) must satisfy (see [5], (4.4.1))

O 5.0, 0%l0gf O ( 4.,0%0gf
%<77 0 E( 93200 )71') —|——n<n E( a520n )7r>
0

0
d*log f 0?
i) )

Again, by Lemma 2.1, (4.1) reduces to

(4.1)

(1.2 507+ () = g () = .

Clearly the prior 7(3,6,7) o (0n) " satisfies (4.2).
Next consider 6 as the parameter of interest. Now one needs to solve

Ay 9°log f 9 (422 9 log f
ag(”gE( 0205 )™ | o\ O E (Ggag, )™

O [ 4., 0%logf A

By (2.8) and (2.9) of Lemma 2.1, (4.3) simplifies to

(4.3)

2
(4.4) 72%(9@ - %(ew) =0,

which is satisfied by the prior 7(83,6,n) o (6n) "
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Finally, when 7 is the parameter of interest, we need to solve
9] 3 log f O 5.00.,0%l0gf

E — E
ag( (Grzap )™ |+ 9 | T ECG 209 )

O [ 4., 0logf o,
e . = 0.
+ o <7] ( o s o\ 1T 0

From Lemma 2.1, (4.5) reduces to

0 0 0?
@(97) + a—n(m) ~ o2

(4.5)

(4.6) (n*m) = 0.

Again 7(3,0,1)  (87) " will do.

5. Matching Priors Via Inversion of Test Statistics

One traditional way to derive frequentist confidence intervals is inversion of certain
test statistics. The most popular such test is the likelihood ratio test. But tests
based on Rao’s score statistic or the Wald statistic are also of importance, and are
first order equivalent (i.e., up to o(n~='/2)) to the likelihood ratio tests. We consider
here only the likelihood ratio test.

We begin with the general case when 6; is the parameter of interest, while
02, ...,0, are the nuisance parameters. Let § = (61,...,0,), and let {(f) denote
the usual log-likelihood. The corresponding profile log-likelihood for 6, is given
by 1*(01) = 1(61,602(61), . ..,60,(61)), where 6;(0;) is the MLE of 6, given 6;(j =
2,...,p). Then the likelihood ratio statistic for #; is given by

(5.1) Myg' (61, X) = 20(6) — " (61)].

Then from Yin and Ghosh [15] (also from [5], (5.2.18)), a likelihood ratio match-
ing prior 7 is obtained by solving

(5 2)
—1 ISYE aBIng

0 4 om _1 Blogfazlogf P & ou 2 log f B
06, (IM {891 () B 06, 062 ;g E( 89189 00 0,060,008, 1) =

In the present case when [ is the parameter of interest, (5.2) reduces to

(5.3)
;9( 26 (61%) 171'(9)) + aan (77477_377(9)) + %(nQ{g—;
9 ,0l0 9%lo 2910 2 (1o
- 77{77 E(( 8§f)( aﬁgf» —0 E( 858%5) 7 E( 555§J>}}> -

From Lemma 2.1, (5.3) reduces to

0 0 0 Oom
570+ 5 0m) 0 5 (5 =

0,
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ie.,

0 0 0?m

25 (0m) + o~ o =0.

55 07)+ 5 () + 7 5
Again 7 o (6n) " provides a solution.

Next, if 0 is the parameter of interest, the LR matching prior 7 for  is obtained
by solving the differential equation

(5.4)

9 0 B 9
85{77292.0“(0)} + &7{7’292’0“(9)} T - (02{87g
01 521 831 931
B W{QZE« 5 ) (g )) (e aﬁ‘ggef) * E<—an—§§9f>>}}> "

Again from Lemma 2.1, (5.4) reduces to

or 2 2
2 —_ — — —
[0 {894—074—%9}} 0,

9
06

ie.,
2 2 87T
00

which holds for 7 o< (6) ",
Finally, when 7 is the parameter of interest, the LR matching prior is obtained
by solving

0 _. 0 1
0 0 01 0?1 0
o ({2 ) o

Once again, using Lemma 2.1, (5.5) reduces to

(5.5)

5507+ 5ol (G) = 7P (=) =0,

and the prior 7 (977)71 provides a solution.

6. Posteriors and Numerically Computed Coverage

The prior 7(p1, 2, 5,0,n) < (977)71 is improper. In this section, we write down
the marginal posteriors for 3,6 and 7, and discuss methods for finding the HPD
intervals for each one of these parameters. The analytical findings of Section 4 are
strengthened with some numerical coverage probability computations.

The marginal posterior of 3 is given by

o Sgo + 32511 — 26855\ "
7T(5|X17X2)0</ n" 2<n2+ 22 ¥ 750 — 20 12) dn.

Sll
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Putting 1 = 2[Say + #2511 — 26S12/S11]~1/? in the above integral, one gets after
simplification,

(61) ﬂ(ﬁ|X1,X2)O( <1+W)_T,
522.1

where Soy 1 = So9 — 5122/511. This posterior is a t-distribution with location pa-

rameter S12/511, scale parameter {Sas.1/(n — 2)}1/2

The posterior of § is given by

and degrees of freedom n — 2.

(6.2) m(0X1,Xz) oc 77D eXP(*Snl/QSQQ.l1/2/9)I[a>0},

so that 671 has a Gamma distribution with shape parameter n — 2 and scale pa-
1
rameter (S11.522.1)7 2.
Finally, the marginal posterior of 7 is given by

172,522 (n—
m(n| X1, Xa) xn 1/2(% +nSyy) ")

(6.3) s
n72( 2_|_ 22-1)7(7173/2).

e S11

The construction of HPD credible intervals is fairly simple. The posterior of
being a univariate-t (thus symmetric and unimodal), from (6.1), the 100(1 — a) %
HPD credible interval for /3 is given by S12/511 +{S22.1/(n — 2)}1/275”,2;&/2, where
tn—2;a/2 denotes the upper 100(a/2)% point of a Student’s t-distribution with n—2
degrees of freedom.

Observing that the posterior of 8 is log-concave, the 100(1 — «) % region for 6 is
given by [01, 62], where 67 and 0, satisfy

(6.4) 0,7V exp(=51112899 112 /01) = 0, "V exp(— 51112 S99.11/%/05)

and

92 o
(65) / 07(,1,1) exp(—Sn1/252211/2/0)(511522,1)"Tdﬁ =1-a.
01

It is important to note that if w = =, then the posterior pdf of w is given by

m(w|X1, Xz) o w™ % exp(—wS),>537).

Noting the log-concavity of this pdf as well, the HPD region [w,ws] for w is
obtained by solving

(6.6) w3 eXP(*UIlSnl/zSQQ.ll/z) = wy" 3 exp(7w28111/2522,11/2)
and
(6.7) /UJQ ﬂ exp(—wS11"/%822.1"/%)(S11 522 1)";2 dw=1-a.

Clearly the solution [wy, ws] of (6.6) and (6.7) is different from the solution [5 !, 8]
of (6.4) and (6.5).
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TABLE 1
Frequentist coverage probabilities of 95% HPD intervals for 3, 0 and n when o% =1 and a% =1

P n B 0 n

0.25 | 4 | 0952 0.947 0.949
8 | 0.946 0.955 0.950
12 | 0.954 0.952 0.948
16 | 0.952 0.954 0.950
20 | 0.945 0.948 0.950
0.50 | 4 | 0.950 0.952 0.949
8 | 0.944 0.952 0.948
12 | 0.954 0.953 0.944
16 | 0.946 0.950 0.949
20 | 0.952 0.948 0.949
075 | 4 | 0.955 0.952 0.953
8 | 0.953 0.948 0.949
12 | 0.950 0.946 0.947
16 | 0.948 0.946 0.951
20 | 0.956 0.946 0.951

Finally observing that the posterior of 7 in (6.3) is log-concave, the 100(1 — «) %
HPD interval [n;, 2] for 7 is obtained by solving

n— S Ay —(n— n— S, Ay —(n—
2 4 o) T g g 4 ) )
511 Sll

)

where

/m n—2¢ 2 S22.1 —(n—3/2) _
cf 0"+ ) dn=1-aq,
m S11

¢ being the normalizing constant.

Now we evaluate the frequentist coverage probability by investigating the HPD
credible interval of the marginal posterior densities of 3, # and 7 under our proba-
bility matching prior for several p and n. That is to say, the frequentist coverage of
a 100(1 — a)% HPD interval should be close to 1 — «. This is done numerically. The
results were fairly insensitive to the choice of o1 and oy. Table 1 gives numerical
values of the frequentist coverage probabilites of 95% HPD intervals for 3, 6 and 5
for 01 = 09 = 1.

The computation of these numerical values is based on simulation. In particular,
for fixed (u1, p2,0%,03,p) and n, we take 5,000 independent random samples of
(X1,X2) from the bivariate normal model. In our simulation study, we take p; =
e = 0 without loss of generality. Under the prior 7, the frequentist coverage
probability can be estimated by the relative frequency of HPD intervals containing
the true parameter value. An inspection of Table 1 reveals that the agreement
between the frequentist and posterior coverage probabilities of HPD intervals is
quite good for the probability matching prior even if n is small.

7. Summary

The paper considers several probability matching criteria, and develops a prior that
meets all the matching criteria individually for several parameters of the bivariate
normal distribution including the regression coeflicient and the generalized variance.
Future work will address development of matching priors when the parameter of
interest is the correlation coefficient. Possible multivariate extensions will also be
considered.
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Abstract: In the subjective Bayesian approach uncertainty is described by a
prior distribution chosen by the statistician. Fuzzy set theory is another way
to representing uncertainty. Here we give a decision theoretic approach which
allows a Bayesian to convert their prior distribution into a fuzzy set member-
ship function. This yields a formal relationship between these two different
methods of expressing uncertainty.
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1. Introduction

For a subjective Bayesian uncertainty about the unknown parameter or state of na-
ture can be expressed through a prior distribution. If # denotes a typical parameter
value and O the set of all possible parameter values then the prior distribution over
© summarizes their knowledge and beliefs about the parameter.

Fuzzy set theory, introduced in Zadeh [7], is another approach to representing
uncertainty. A fuzzy set A, a subset of O, is characterized by its membership func-
tion. This is a function defined on © whose range is contained in the unit interval.
At a point 6 the value of the membership function is a measure of how much we
think 6 belongs to the set A. Statisticians have been slow to embrace fuzzy set
theory. Taheri [6] gives a review of applications of fuzzy set theory concepts to
statistical methodology. Bayesians have shown less interest in fuzzy ideas than fre-
quentists. Singpurwalla and Booker [5] have proposed a model which incorporates
fuzzy membership functions into a subjective Bayesian setup. However, they do not
give membership functions a probabilistic interpretation. In the imprecise or vague
approach to Bayesian statistics a decision maker selects a family of possible prior
distributions to represent their prior beliefs. de Cooman [2] presents an uncertainty
model for vague probability assessments that is closely related to Zadeh’s approach
[7].
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The concept of confidence intervals is a frequentist approach to expressing un-
certainty about an unknown parameter given data. It has long been recognized that
naive users have difficulty interpreting confidence intervals. They have a tendency
to give a probabilistic interpretation to the observed confidence interval.

It has also long been known that for discrete data conventional confidence in-
tervals, which we will also call ‘crisp’ confidence intervals, using a term from fuzzy
set theory, can preform poorly. A recent article [1] reviews the problems with crisp
confidence intervals for binomial models. Because of the inherent flaws in crisp con-
fidence intervals for discrete problems a new confidence interval notion has been
suggested called fuzzy confidence intervals [3]. Given the data a fuzzy confidence
interval is just the membership function of the set of plausible or reasonable values
for . One way to think about such membership functions is that they are gen-
eralizations of randomized intervals where no randomization is ever implemented.
They argued that fuzzy confidence intervals overcome the difficulties of the usual
crisp intervals for discrete probability models.

In terms of frequency of coverage discrete data Bayesian credible intervals will
suffer from the same problem that conventional intervals do. This should be of
concern to objective Bayesians who want their intervals to have good frequentist
properties. One way to approach this problem is to find a method that allows them
to use their posterior to get a sensible fuzzy interval instead of the usual Bayesian
credible interval.

Here we consider a no data statistical decision problem where the set of possible
decisions is the class of all membership functions defined on ©. We then define a
family of loss functions. These functions measure the loss incurred when a probabil-
ity distribution is replaced by a fuzzy membership function. For any loss function
in the family and a given prior distribution we solve the resulting no data decision
problem. This gives a method for converting a prior or posterior into a fuzzy mem-
bership function. For a given fuzzy membership function we also study the problem
of identifying the family of prior distributions whose common solution to the no
data decision problem is this function. This sets up a formal relationship between
the two theories.

2. Fuzzy Set Theory

We will only use some of the basic concepts and terminology of fuzzy set theory,
which can be found in the most elementary of introductions to the subject [4].

A fuzzy set A in a space © is characterized by its membership function, which is
amap I4: O — [0,1]. The value I4(6) is the ‘degree of membership’ of the point 6
in the fuzzy set A or the “degree of compatibility ... with the concept represented
by the fuzzy set”. See ([4], p. 75). The idea is that we are uncertain about whether
6 is in or out of the set A. The value I4(0) represents how much we think 6 is in
the fuzzy set A. The closer I14(0) is to 1.0, the more we think 6 is in A. The closer
I4(0) is to 0.0, the more we think 6 is not in A.

A fuzzy set whose membership function only takes on the values zero or one is
called crisp. For a crisp set, the membership function I is the same thing as the
indicator function of an ordinary set A. Thus ‘crisp’ is just the fuzzy set theory
way of saying ‘ordinary’, and ‘membership function’ is the fuzzy set theory way of
saying ‘indicator function’. The complement of a fuzzy set A having membership
function 14 is the fuzzy set B having membership function Ig =1 — I 4.

If 14 is the membership function of a fuzzy set A, the y-cut of A ([4], Section 5.1)
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is the crisp set
’YIA = {9 : IA(Q) Z ’y}.
Clearly, knowing all the y-cuts for 0 < v < 1 tells us everything there is to know
about the fuzzy set A. The 1-cut is also called the core of A, denoted core(A) and
the set
supp(A4) = U "Th={0:14(0)>0}
¥>0
is called the support of A ([4], p. 100). A fuzzy set is said to be convez if each y-cut
is convex ([4], pp. 104-105).

3. A Decision Problem

For simplicity we assume that © is an interval of real numbers and the prior 7 is a
continuous probability density function defined on it.

Let A be the class of all measurable membership functions defined on ©. Then
A is the space of possible decisions or actions with a typical member denoted by A.
Given a prior density m on © we want to find the membership function or fuzzy set
A which best represents 7. We do this by defining a loss function and then solving
the no data decision problem.

Our loss function will depend on four known parameters which are specified by
the statistician. They are a; > 0, as > 0, by > 0 and by > 0 where at least one of
the a;’s and at least one of the b;’s must be strictly positive. Then the loss incurred
when action A is taken and @ is the true state of nature is given by

- ag 2 b2 2

1) L40) = a1 - 0} + 20 - 130 + [ {ura@)+ Z(1a0)?} o
To understand this loss function remember that we want to find the fuzzy set
or membership function A which best represents the set of sensible or reasonable
parameter values under our prior 7. Hence if 6 is the true parameter point we want
I4(0) to be close to 1. This explains the presence of the first two terms in equation
1. But on the other hand we do not want the fuzzy set to be too large. This is
controlled by the last term in the equation which is a measure of the overall size of
the fuzzy set.

We now find the solution for this no data decision problem.

Theorem 1. Let 7(0) be a prior density on ©. Then for the loss function of
equation (1) the fuzzy set membership A which satisfies

/@ L(A,0)x(6)d0 = juf / LA, 0)x(0) 6

(S]
18 given by
0 for 0<7(0) <b1/(a1 + az)
(2) INOE % for bi/(a1 +a2) < 7w(0) < (b1 + b2)/ax
1 fO?” 71'(8) > (bl + bz)/al.

Proof. Note that we can write
’ _ _ aj _ 2 T
/@L(Aﬁ)w(@)d@-/@{al{l TA®)} + 21— L0 Jr(0)+

L)+ 2 (140)7 } a
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so that to find the solution it is enough to minimize the integrand of the previous
equation for each fixed value of 6. But for a fixed 6 the integrand is just a quadratic
function of I4/(#) and a simple calculus argument completes the proof. O

The theorem remains true when a; = 0 if we assume dividing by zero yields
infinity.

Note that the solution is unchanged if the loss function is multiplied by a positive
number. Without loss of generality we could set one of the four parameters defining
the loss function equal to one but having four parameters will be convenient in the
following discussion.

As with any decision problem the solution depends strongly on the loss function.
We believe our family of loss functions is flexible and captures some of the important
aspects of the problem. Finding a good fuzzy set to summarize our information
about a parameter is much like finding a good credible set. We want it to include
the likely values but without it getting to large. The loss function in equation (1)
is essentially the sum of two quadratic functions. The first part is quadratic in
non-membership in the set of likely values while the second part is quadratic in
a measure of the size of the set. If we just include the linear terms in each part
then the optimal solution will always be a crisp set. It is necessary to include the
quadratic terms to get a true fuzzy set as a solution.

We see from equation (2) that the optimal membership function is related to the
prior 7 in a sensible fashion. The solution is 1 where the prior is large, 0 where the
prior is small and a rescaling between the two cases. Note that for a given bounded
7 if by is chosen large enough then the solution to our decision problem is the
membership function which is identically zero. On the other hand if 7 is bounded
away from zero and a; is chosen large enough then the solution to our decision
problem is the membership function which is identically one.

4. Relating Priors and Fuzzy Sets

We have considered the problem of converting a prior distribution into a fuzzy
membership function. In some situations it could be of interest to be able to move
in the other direction. That is, transform the uncertainty expressed in a fuzzy
membership function into the Bayesian paradigm. One way to do this would be to
find a loss function and prior for which the solution to our decision problem is the
fuzzy membership function in hand. This suggests the following three questions.

e For a specified fuzzy membership function, I4, and a specified loss function
does there exist a prior density function for which the solution to our decision
problem is [47

e For a specified fuzzy membership function, I 4, does there exist a loss function
and a prior density function for which the solution to our decision problem is
147

e If a solution does exist for question 1 is it unique?

We see from equation (2) that for I4 to be a solution for m we must have

by + baI4(0)

(3) m0) = as(1 — 14(9))

for 0 where 0<Is(0)<1

From this we see that the answer to our first question is no. This is because when
© is unbounded 7 in the previous equation need not be integrable and even when it
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is it need not integrate to one. The answer to the second question is yes whenever
I4(0) is integrable. Since in this case we can always select by > 0 and b2 > 0 to
make 7(6) of equation (3) a density. When a solution exists it need not be unique.

For a simple example we set as = 0 and let the other three parameters be
positive. Consider the special case where © is bounded. If we set

(4) r1 =b1/ax and 1o = (by +b2)/ax
we find that
(5) ay = b2/(7’2 — Tl) and bl = Tl/(rg — 7”1)

and the solution from equation (2) has the form

0 for 0<m(0) <r
(6) Io(0) =< (w(0) —r1)/(ra —11) for 71 <7(0) <1y
1 for w(0) > ra.

Now let T4 be given and assume that the length of © is £. If r; < 1/£ then there
exist a unique 5 > r1 such that

(7) Tam (0) = (ro —11)1a(0) + 71 forfe®©

is a prior distribution over ©. Moreover we can find values for a;, by and by which
satisfy equation 4. With this loss function I, will be the solution to our decision
problem when the prior is my4 ,,. Furthermore if the sets where I4(f) = 0 and
I14(0) = 1 each have positive Lebesgue measure then it will not be the unique prior
with this property. Any prior density 7 satisfying

m(0) <r; when I4(0)=0
m(0) =ma,r(0) when 0<Ia(8)<1
m(0) >re when I4(0)=1

(8)

will also be a solution for our decision problem.

Among the set of possible solutions the one in equation (7) has two nice proper-
ties. First of all it is continuous whenever I4(6) is continuous. Secondly it treats the
members of {0 : I4(0) = 1} similarly and the members of {0 : I4(0) = 0} similarly.
More importantly, this identification of a fuzzy membership function with a class
of prior distributions demonstrates that we can give roughly equivalent expressions
of uncertainty in the Bayesian and fuzzy paradigms.

Finally, we address the question of uniqueness. The previous discussion indicates
that if we want uniqueness we should consider membership functions which never
take on zero or one as a possible value. Let I4 be such a membership function and
let a3 > 0 and ag > 0 be fixed and suppose © is the unit interval. Then integrating
equation 3 we have

1 B 1 1 ' L(9)
/Oﬂ(ﬂ)dﬂ—lh/o a1+a2<1_IA(9))d0+b2/0 a1+a2(1—IA(9))d0

= bic1(a1,az) + baca(ay, ag).
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Hence © will be a probability density function whenever
b, € [0, 1/01 (al, ag)] and by = (]. —bic (al, CLQ))/CQ(al, ag).

To better understand the relationship between I4 and its corresponding prior
we consider a simple example. Let

(9) I4(0) =6.0750*(1—0) for 6¢c]0,1].

We consider two different choices of the a;’s and for each case two different choices
of by. For the first case a; = 1 and ay = 7. The maximum possible value for by is 3.40
and our two choices for the b;’s are by = 0.01, by = 5.15 and b; = 3.35, by = 0.072.
In the second case a; = 4 and ay = 2. The maximum possible value for by is 4.91
and our two choices for the b;’s are by = 0.01, by = 9.02 and b; = 4.50, b, = 0.76.
For each of the four combinations we found the unique prior whose solution to
the decision problem yields the fuzzy membership function of equation (9). The
membership function along with the four priors are shown in the figure.

The membership function is the solid curve. The two curves with the two largest
maximums are the solutions for the first case where a; = 1 and ay = 7. Of the two
solutions the one with b; = 0.01 has the largest maximum. The other two curves are
the solutions for the second case. Again the solution for b; = 0.01 has the largest of
the two maximums. These curves demonstrate what a closer inspection of equation
(3) yields. For a fixed a; and as the solution becomes less concentrated about its
mode as b; increases from zero to its maximum value. Also the solution becomes
less concentrated about its mode as we increase a; and decrease as. But in all cases
the priors do reflect the shape of their common solution.

An interesting consequence of this unique correspondence is that it gives a way
to update a large class of fuzzy membership functions given data. Suppose an
expert has selected a fuzzy membership function to represent their uncertainty.
The statistician then selects appropriate values of the a;’s and the b;’s and uses
equation 3 to transform it into a prior. Then given the data they find the posterior
distribution which is then converted back to a fuzzy membership function using the
theorem with the a; and b; values.

This result is somewhat surprising since a fuzzy membership function must sat-
isfy less conditions then a probability density function since it need not be inte-
grable. At first glance the previous example where a membership function corre-
sponded to a family of priors seems more reasonable. To get the unique correspon-
dence, however, we made two fairly strict assumptions. The function in equation
(3) needed to be integrable and the range of the membership function had to lay
in the open unit interval. Both these conditions on the membership function seem
not so surprising if we hope to convert it to a probability density function.

5. Some Final Remarks

Mainline statistics has shown little interest in fuzzy set theory. This is especially
true for most Bayesians since they believe that they already have a good way to
express uncertainty. Here we have argued that Bayesians should be more interested
in fuzzy set theory. For discrete data, just as for frequentists, there are certain
advantages to considering interval estimates as fuzzy sets. We noted that our scheme
for converting a prior density into a fuzzy membership function could also be used
to relate some fuzzy membership functions to prior densities. In some cases a fuzzy
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15 2.0 25 3.0

1.0

Fic 1. A plot of the fuzzy membership function (the solid line) in equation 9 and four priors
whose common solution for four loss functions is the fuzzy membership function. The two priors
for the a1 =1 and az = 7 case are the ones with the two largest mazimums. The other two priors
are for the two a1 = 4 and az = 2 cases.

membership function will correspond to a family of densities while under more
restricted conditions it will correspond to a unique density. The relationship seems
intuitively sensible and as far as we know it is the first simple formal correspondence
between the two theories which until now have lived in different worlds.

A copy of Geyer and Meeden [3] and related material can be found at

http//:www.stat.umn.edu/"glen/papers/
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1. Introduction

Consider the model
(1.1) yi=g(x;)+e;, i=1,...,n, and z; € T,

where € = (¢1,€2,...,6,) ~ N(0,02I), 02 is unknown and g(-) is a function defined
on some index set 7 C R!. Inferences about ¢ such as its estimation and estimation
error as well as model checking are of interest.

Without parametric assumptions such as those leading to linear regression, this is
a nonparametric regression problem. A Bayesian approach to (fully) nonparametric
regression problems typically requires specifying prior distributions on function
spaces which is rather difficult to handle. The extent of the complexity of this
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approach can be gauged from sources such as Ghosh and Ramamoorthi [9], Lenk
[10], and so on. Furthermore, quantifying useful prior information such as ‘g is close
to (a specified function) go’ is difficult probabilistically, whereas this seems quite
straightforward if instead an appropriate metric on the concerned function space is
used. This is where fuzzy sets or membership functions can be made use of. Before
proceeding to this problem, let us recall the following details on fuzzy sets and
membership functions.

Definition 1.1. A fuzzy subset A of a space G (or just a fuzzy set A) is defined by
a membership function hy : G — [0, 1].

The membership function, h4(g), is supposed to express the degree of compati-
bility of g with A. For example, if G is the real line and A is the set of points ‘close
to 07, then h4(0) = 1 indicates that 0 is certainly included in A, but h4(.05) = .01
says that .05 is not really ‘close’ to 0 in this context. Similarly, if G is a set of
functions and A C G is a set of functions ‘close’ to a given function gg, then
ha(go) = 1 indicates that go is certainly included in A; however, if ha(g1) = .01
with g1 (x) = 10go 4+ 100 then ¢ is not really ‘close’ to go in this case.

Note that even when G = © is the parameter space, a membership function h 4 (6)
is not a probability density or mass function defined on ©, and hence cannot be used
to obtain a prior distribution directly. Instead, as we have done in [4], we propose
that a reasonable interpretation for a fuzzy subset A of O is that it is a likelihood
function for 6 given A. (See also [12, 13]). This interpretation seems to be able to
answer some of the questions regarding how appropriate the concept of fuzziness is
in modeling our perception of imprecision. French [7] discusses a few of these ques-
tions. First of all, likelihood is an accepted means for modeling imprecision. Another
important question is how to define h snp from h4 and hg for incorporating h4 and
hp in Bayesian inference. If A and B are independent, then interpreting h4 and
hp as likelihood functions leads to the result that hang = hahp, for this purpose.
Further, the qualitative ordering that underlies a membership function can also be
investigated with this interpretation, in conjunction with a prior distribution, as we
study later. See [4] for an application to hierarchical and robust Bayes inference.

This paper is closely related to Angers and Delampady [3, 4]. In the latter, we
used fuzzy sets to help specify a prior density on a finite parameter space, whereas
in the former a nonparametric function estimator using wavelet decomposition was
presented. It is therefore natural to explore whether a combination of these two
ideas can be fruitfully employed. Towards this end, we adopt the semi-parametric
approach of using the wavelet decomposition of a regression function along with
a remainder, thus effecting a drastic reduction of the dimension of the parameter
space. Next we propose to incorporate the imprecise prior information of the kind
‘the true regression function ¢ is close to go’ using membership functions. Wavelet
decomposition of gy provides the wavelet coefficients 6y which we take as the prior
mean of the wavelet coefficients 8 corresponding to g. Precision of this prior mean
estimate is unclear, so we treat the prior variance of these coefficients as a hyper-
parameter with a second stage (reference) prior. This approach is also tied to the
question of Bayesian robustness. If a membership function stating ‘we think g is
close to gg’ is the only prior input that we intend to incorporate, how should we
then proceed with the Bayesian inference related to g? We claim that the only
natural approach is to study the robustness of the inferences resulting from the
class of prior densities compatible with this membership function (see Section 5.1).
This approach is further explained in the following sections.

This paper is organized as follows. In Sections 2 and 3, a brief summary of our
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previous work [3, 4] is presented. In Section 4, details on the posterior calculations
are given. The main focus of this paper, namely, model checking using Bayes factors
and fuzzy models, is discussed in Section 5. Simulations and practical examples are
presented in the last section to illustrate this theme.

2. Nonparametric Regression and Wavelets

To proceed further, we assume that the regression function g and its prior guess g
are in Lo and impose a wavelet structure on both of them. To do this, we consider
a compactly supported wavelet function ¥ € C?, the set of real-valued functions
with continuous derivatives up to order s. Thus, g(z) can be written as

g@) = > ade@) + > D Biaix(@)

[k|<Ko J=0|k|<K;
=gs(x) + R;(z),

where

J
gr@) = D ardr(@)+Y Y Biwtik(@),

|k|<Ko J=0 |k|<K;

(2.1) Ryx)= Y > Bixtx(a),

J=J+1 |k|<K;
or(x) = d(z — k),
V() = 2222 — k),

o = /T¢(x — k)g(x)dz, and
Bjk = / 20122z — k)g(a)da.
T

Here Kj is such that ¢i(z) and ¢ x(z) vanish on 7 whenever |k| > K;, and ¢
is the scaling function (‘father wavelet’) corresponding to the ‘mother wavelet’ .
Such K;’s exist (and are finite) since the wavelet function that we have chosen has
compact support. (See [3] or [8] for details.) Since the number of observations is
finite, only a finite number of parameters can be estimated. Therefore, as suggested
in [3], the resolution level J should be chosen such that the total number of un-
known parameters which need to be estimated is no larger than n, the number of
observations. Since the total number of o and 3 parameters is bounded by

L2/ b Ty 4+ 1) + (Ip + 1y +2)

where Ix,ly and [4 represent the length of the support of 7, ¢(-) and ¢(-) respec-
tively, we require this upper bound to be less than n. The optimal resolution level J,
however, should be chosen using a Bayesian model selection technique, for example
[3]. Consequently, we propose that the function g;(-) be estimated from the data
and the function R;(-) be considered as a ‘nuisance parameter’ to be eliminated by
integrating it out.

Further we assume that

go(x) = > aordr(@) + Y > Bojrtik(@),

[k|<Ko J=0 |k|<K;
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where
Qg = /T¢($ — k)go(z)dz
Boie = /T 2/2(2x — k)go(a)da.

Since gq is given, the wavelet coefficients can be assumed known.

From [1], it is known that 3; = O(277%) where s denotes the degree of ‘smooth-
ness’ of ¥, that is ¥(-) € C* (s > 1/2). Further, some of the a priori information
wavelet coefficients can be translated into

(22) Elon] = aor; E[B; k] = Bo,jk;
(2:3) Var(ag) = 7% Var(B;) = 7°/2%%;

(see [3] for details). Here, 72 is a first stage hyper-parameter, a suitable prior on
which will be specified later. (It is also supposed that E[G;r] = Bor = 0 for
j > J + 1.) However, the prior probability distribution on the coefficients oy and
Bj 1 itself will be specified by a membership function to be introduced later.

Since there are only a finite number of 3;; that can be estimated, we cannot
expect to have a very informative prior distribution on the remainder term, R;.
However, to be able to proceed with the Bayesian approach, we need to assume that
R;(-) is a stochastic process. For simplicity and computational ease, we consider
a Gaussian process with zero mean (compatible with E[3;x] = Bojr = 0 for
j = J + 1). Specifically, following [3], we now assume that R;(z) is a Gaussian
process with mean function 0 and covariance kernel 72Q(x,y) where

(24) Q)= Y i 3 basl@iely).
j=J+1 |k|<K;

Note that a prior assumption such as ; ;, being independent normal random quanti-
ties will naturally lead to this prior distribution as can be seen from the Karhunen—
Loeve expansion [2]. We, however, make the stronger assumption that the remainder
R;(-) itself is a zero-mean Gaussian but with an unknown prior variance component
72. Our reason for this assumption is that, once the optimal resolution level J is
chosen using a powerful mechanism such as a Bayes factor, as we suggest later, the
wavelet coefficients at higher resolutions are not expected to have substantial influ-
ence on the wavelet smoother. Hence R;(-) which is made up of these higher-order
wavelet coefficients will also have negligible influence.

3. Prior Information and Membership Functions

We have explained in the previous section that we would like to make use of im-
precise prior information such as ‘g is close to gy’ by using a membership function
which translates this into a measure of distance between the corresponding wavelet
coefficients. Let us examine the implications of assuming that the available prior
information is quantified in terms of a membership function

(3.1) ha(g) = €&(p(g,90))s
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where p is a measure of distance. Due to the wavelet decomposition assumed on g
as well as go (see Section 2), a natural choice for p is the Lo distance given by

(3.2) P*(9.90) = llg = golI> = Y (056 = 6)1.)°,

where 0, and 9?7k are, respectively, the wavelet coefficients of g and gg. Using
Parseval’s identity, note that

P2(9:90) = llg—goll> = D (—aow)’+ D D Bin—Bojk)’

|k|<Ko J=0 |k|<K;

Since we cannot estimate 3;; for j = J + 1,..., and because 3, = O(277%) (see
[1]) we then have

(3.3)

J
P2(g:90) = Y (e —aor)+ > D (Bin—Bojr)’
§=0 |k|<K;

[k|<Ko
+ Y > (B — Boji)’

J=J+1|k|<K;

J oo
= Z (ak—ao,k)2+z Z (ﬁj,k—ﬂo,j,k)2+ Z Z 0(2—2]'3)

Ikl<Fo =0 |k|<K; i=TH KI<K;
J
= > (=00 + > > (B —foge) +0(2721)
|k|<Ko J=0|k|<K;
(34) = pi(g,90) + 0272,

For this reason, to quantify the imprecise prior information, we will use a member-
ship function that will depend only on p?(g, go). Some possibilities for h are the
following:

(i) The Gaussian membership function given by

(3.5) ha(g) = exp(—p3 (g, 90)) = exp(—al|d — 6°|[?).

This membership function can be explained as follows. Suppose we have available
some past data of the form

yi=glal)+e, i=1,...,n",

with &; denoting i.i.d. normal errors, and suppose g is estimated from this data by g.
Then the information in this data may be quantified using a membership function
of the type

ha(g) = exp(—allg — §I|*) = exp(—c ) (6; — 6)*).
go may then be identified with g. If we have multiple past data sets, we may then
have available ha, (g) = exp(—aul||lg — 91|?), ha,(g) = exp(—az||g — §2||?), and so
on, which may be combined into

ha(g) = hayna,(9) = ha,(9)ha,(g) = exp(— {a1llg — G1l|* + e2llg — g2/ })-
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As an example one could consider fitting regression lines to two (or more) sets of
past data with possibly different error variances and use the fitted regression lines
along with the estimated variances for constructing the membership functions. This
justifies to some extent our previous suggestion that membership functions quantify
prior information in the sense of the likelihood. The constants o and oo provide
additional scope for assigning different weights to the two sources of information,
which is another appealing feature of this approach.

(ii) The multivariate ¢t membership function

(36) ha(g) = (1+p2(g.90)) "2 = (1 + (0 — Y V20— 6°)/q) TV

where ¢ > 2 is the degrees of freedom and p denotes the dimension of #. This is a
continuous scale mixture of Gaussian membership functions with the same gq for
each of the membership functions. Since this vanishes more slowly than (3.5), one
could expect better robustness with this.

(iii) The uniform function

_J 1 ifps(g,90) <05
ha(g) = { 0 otherwise.

This is an extreme case where g is restricted to a neighborhood of go.

In order to proceed with Bayesian inference on g, we need to convert the mem-
bership function into a prior density. This is done as in [4] with the aid of a reference
prior density my. Thus we obtain the prior density

m(g) o ha(g)mo(g),

or, upon utilizing the wavelet decomposition for g, we have an equivalent prior
density

7(0,0%) o ha(0)mo(6,0?).

4. Posterior Calculations

As in [3], let Q, = (Qn)u, 1 < 4,1 < n, where (Qn)iq = Q(z;,x;), which was
introduced in (2.4). Note that

@)= > > 275 ()i (a).

>+ k<K,

Let X = (', 5") with the ith row of ® being {¢y(xi)}| <k, and the ith row of 5’
being {¥;k (%)} <, 0<j<s- Then we have the model

(4.1) y|0, 02,72 ~ N(X0,0°I, + 7°Q,).
Unless 6 has a normal prior distribution or a hierarchical prior with a conditionally
normal prior distribution, analytical simplifications in the computation of posterior

quantities are not expected. For such cases, we have the joint posterior density of
the wavelet coefficients # and the error variances o2 and 72 given by the expression

7T(9,0’2,7'2|y) X f(Y|9a02aTQ)hA(G)ﬂ-O(Han?TQ)?
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where f is the likelihood. From (4.1), f can be expressed as

1
f(y10,0%,7%) o [0% L, +7°Qn| 2 exp(—5{(y — X0) (021, +7°Qn) " (y — X0)}).
Proceeding further, suppose 7y of the form

which is constant in 6, is chosen.

MCMC based approaches to posterior computations are now readily available.
For example, Gibbs sampling is straightforward. Note that the conditional posterior
densities are given by

@3)  7(0ly, 02 72) x exp(—%{(y = X0) (02, + 72Q0) " (y — XO)D)ha(0),
(4.4)
7r(02\y,977'2) x \UQIn + 7'262n|_1/2
exp(~ 3 {(y — X0) (0L +7°Qu) My ~ XOm (0%, ),
(4.5)
7r(7'2|y, 0, 02) x \JQIn + Tanrl/?
exp(—%{(y — XOY/(02L, + 72Q0) " (y — XO)})mi (02, 72).

However, major simplifications are possible with the Gaussian h 4 as in (i). In this
case, the posterior analysis can proceed along the lines of [3]. Specifically, assuming
that h4(0) is proportional to the density of N (6, 72I") with

Iogy+1 0
r=( Ko ,
( 0 AMﬁ )

where Mg = Z‘].IZO(QK ; + 1) and with 72A being the variance-covariance matrix
of # (which is also diagonal, having the diagonal entries specified by Var(8;i) =
72/227%) we obtain

(4.6) yl0,0%, 7% ~ N(X0,0°I,+7%Q,),
9|7’2 ~ N(907T2F>.

Therefore, it follows that

(4.7) ylo?, 72 ~ N(X6,0%L, + 7% (XTX' 4+ Q,)),
(4.8) Oly,0%, 7> ~ N(fo+ Ay — X6), B),
where

A = 2TX (2L, + 72 (XTX + Q)

B = 7T —7TX (6L, + 7 (XTX' +Q,)) ' XT.

Now proceeding as in [3], we employ spectral decomposition to obtain XI'X'+@Q,, =
HDH', where D = diag(dy,ds,...,d,) is the matrix of eigenvalues and H is the
orthogonal matrix of eigenvectors. Thus,

o’l, + 7> (XTX'+ Q) = H (6°1,, + 7°D) H' = ¢°H (I,, + uD) H’,
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where u = 72/02. Then, the first stage (conditional) marginal density of y given
02 and u can be written as

1 1
(2mo2)n/2 det(I,, + uD)1/2

X exp {1(3’ — X6o)'H(I, +uD) " H'(y — Xeo)}

m(y | 0%, u) =

202
1 1 1 < &2
4.9 = - ?
o ot T 1+ ud) exp{ 207 & Tl } |
where s = (s1,...,5,) = H'(y — X6). We choose the prior on 02 and u = 72/0?

qualitatively similar to that used in [3]. Specifically, we take 7 (0, u) to be propor-
tional to the product of an inverse gamma density {k°~!/T'(c—1)} exp(—k/o?)(c?) ¢
for 02 and the density of a F'(b,a) distribution for u (for suitable choice of k, ¢, a
and b). Conditions apply on @ and b as indicated in [3].

Once 71 (02, u) is chosen as above, we obtain the posterior mean and covariance
matrix of § as in the following result.

Theorem 4.1.

(4.10) E@ly) =00 +TX'HE [(In +uD)™t | y] s,
where the expectation is taken with respect to
(4.11)
ub/2 n —-1/2 n 512 —(n+2c)/2
7r22(U|Y)O<4(a+bu>(a+b)/2 lj[l(l+udi) 2k+;1+udi .
and
Var(0|y) = — E2k:+zn: S ylr
ar Y= n+ 2c ¢=11+Udi y
1 n 52
-——TX'HE || 2k : I, +uD)™! H'XT
n + 2c¢ ( +iz_:11—|—udi>( +uD) |y]
(4.12) +E[M(u)M(u) | y],

where M (u) = TX'H(I,, +uD) 1s.

The proof of Theorem 4.1 readily follows upon using standard hierarchical Bayesian
model techniques (see [8], Section 9.1). The second part of Equation (4.10) can be
viewed as a correction term added to the prior guess after observing the data y.

Coming to the multivariate ¢ form of h4 as in (ii), we note that the multivariate
t density is a continuous scale mixture of multivariate normal densities as, for
example, shown in [11], i.e., § has the multivariate ¢ distribution with location 6y
and scale matrix V' with density of the form (3.6) if and only if

0| 6% ~ N(by,q6*V), (6%)7' ~ Xj

This implies that with a 7 as in (4.2), we obtain a hierarchical normal prior struc-
ture for # with an additional hyper-parameter §2. Consequently, we can proceed
with the posterior computations exactly as with the Gaussian h 4, except that we
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will have a two-dimensional integration after we simplify our calculations as above.
However, MCMC techniques can easily handle this case.

Computations with the h4 given in (iii) are more difficult. Analytical simplifica-
tions as shown for the cases (i) and (ii) are not available here. Therefore, we utilize
the MCMC computational scheme outlined in (4.3)-(4.5) above. Alternatively, the
Metropolis—Hastings (M-H) algorithm may be employed.

5. Model Checking and Bayes Factors

An important and useful model checking problem in the present setup is checking
the two models
My:g=qgo versus My : g # go.

Under My, (g = g(0),72%,0?) is given the prior h4(0)mo(0,72,02)I(g # go), whereas
under My, mo(0?) induced by my(0,72,02) is the only part needed. In order to

conduct the model checking, we compute the Bayes factor, By, of My relative to
Mli

m(y|Mo)

(5.1) Boi(y) = mly[Mh)’

where m(y|M;) is the predictive (marginal) density of y under model M;, i = 0, 1.
We have

m(y|My) = / F(¥lg0. 0%)mo(0?) dor®.

and
m(y|M1):/f(y\ﬁ,TQ,UQ)hA(H)WO(0,72,U2)d6‘d7’2d02.

Since improper priors can lead to difficulties in model checking problems, here we
must employ proper priors. (Note that for estimation purposes, the noninformative,
improper prior (62)~¢ corresponding to k& = 0 would have worked in the previous
section.) We will develop the methodology here for the Gaussian membership func-
tion only; the other cases are similar but computationally more intensive.

Recall from the previous section that in the case of a Gaussian membership
function h 4, the posterior analysis is similar to that discussed in [3], and for the
same reason, the computation of the Bayes factor is also similar to what was dis-
cussed there. As in the previous section 7o (6, 72,02) will be constant in 6, while
o? is inverse gamma and is independent of v = ¢2/7% which is given the F, prior
distribution. (Equivalently, u = 1/v = 7%/0? is given the F}, prior as before.)
Specifically, mo(0?) = {k“"1/T'(c — 1)} exp(—k/0?)(c?)~¢, where ¢ and k (small)
are suitably chosen. Therefore,

k,c—l

m(y|Mo) = /f(Y|go7U2)7T0(02) do® = (ZW)_n/Qm

i=1

1 n —(n/2+c—1)
F(”/2+C—1){k+22(%—90(9%))2} :

Further, using (4.7), it follows that

2 o\ 2 —n/2 —1/2 :
(5.2) m(y|th ,u) = (271’0 ) / };[1(1 +udi) / exp {—%‘2 - 1 —I—Udi}’
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where s = (s1,...,8,) = H'(y — X09) as before. Therefore,

m(y|M;) = /m(y|M1,J2,u)7r0(02,u)dozdu

c—1 n
= g [T ua )
i=1

1 1o 52 9
_ - ) —(n/2+c) 2
{/exp{ = <k+2£11+udi>}(a) da}du

c—1
. = (@) "2 _Tm/24+c—1
(5.3) (2) Te—1) (n/2+c—1)
1 n 82 —(n/2+c-1)
- i \—1/2
/{k+ 2; 1+udz} E(HMJ 7o (u) du,

where mo(u) denotes the Fy, , density of u. Note that this involves only a straightfor-
ward single-dimensional integration. The resulting Bayes factor is illustrated later
in our examples.

5.1. Prior Robustness of Bayes Factors

Note that the most informative part of the prior density that we have used is
contained in the membership function h 4. Since a membership function h4(0) is to
be treated only as a likelihood for 6, any constant multiple ch4 () also contributes
the same prior information about 6. Therefore, a study of the robustness of the
Bayes factor that we obtained above with respect to a class of priors compatible
with h,4 is of interest. Here we consider a sensitivity study using the density ratio
class defined as follows. Since the prior 7 that we use has the form 7(6, 72, 02)
ha(8)mo(0,7%,02%), we consider the class of priors

CA = {7T : ClhA(a)W0(97T2,02) < a?T(G,Tz, 02) < CQhA(G)TrO(aaTza 0—2),01 > 0} )

for specified 0 < ¢; < ¢o. We would like to investigate how the Bayes factor (5.1)
behaves as the prior 7 varies in C4. We note that for any m € C4, the Bayes factor
Bp1 has the form

o ff(y|90,0'2)ﬂ-(977-270-2) df dr* do*

B - .
. [ f(yl0,72,02)m(0,72,0%) db dr? do?

Even though the integration in the numerator above need not involve @ and 72, we
do so to apply the following result (see [8], Theorem 3.9, or [4], Theorem 4.1).
Consider the density-ratio class

I'pr={n:L(n) <an(n) <U(n) for some a > 0},
for specified non-negative functions L and U. Further, let ¢ = ¢ + ¢~ be the usual

decomposition of ¢ into its positive and negative parts, i.e., ¢ (u) = max{q(u),0}
and ¢~ (u) = —max{—q(u),0}. Then we have the following theorem (see [6]).
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Theorem 5.1. For functions 1 and g2 such that [ |q;(n)|U(n) dn < oo, fori=1,2,
and with qs positive a.s. with respect to all m € I'prg,

inf Jar(n)m(n) dn

s the unique solution \ of
relor [ ga(n)m(n) dn

(5.4) / (61(n) = Ma(n)) U () dp+ / (41 (1) — M) L(n) di = 0,

sup S a(m)m(n) dn

is the unique solution \ of
relpr | a2(m)m(n) dn

(5.5) / (a1(n) = Aqa()) U () d+ / (a1 (1) — Mg ()~ L(n) d = 0.

We shall discuss this result for the Gaussian membership function only. Then,

since the prior 7 that we use has the form 7(6,72,02) o ha(0)m(72,02), and we

don’t intend to vary mo(72,0?) in our analysis, we redefine C4 as
Ca={m(0):c1ha(0) < an(d) < caha(d),a >0},

for specified 0 < ¢; < ¢p. Now, we re-express By as

Bt — S TG00 0m0( )0 700 a0 [ au(0)(6) do
O T (316,72, 0%)mo (2. 0%) dr2 do? ) 7(0) d0 [ ax(0)m(0) b’

where
0(0)= [ £5190.0%)m0(0%)do? = m(y10),
g2(0) = /f(y\9,72,02)7ro(7'2,02) dr? do*.
Then, Theorem 5.1 is readily applicable, and we obtain
Theorem 5.2.

inf By (m) is the unique solution \ of
weCa

(56) co [ (@(0) = Xax(0) ha(®) b+ [ (@1(6) = Aaa(0))" ha(6) d0 =0,
s;cp By () is the unique solution A of
(5.7) o /(ql(Q) —Aq2(0))Tha(0)dO + c; /(q1(9) —Ag2(0))"ha(6)do = 0.
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90
00

(a) Gaussian

ax)

(b) Ellipsoid

Fic 1. Wavelet smoother for g(z) = cos(2mz) and go(z) = cos(2nx)

6. Examples, Simulations and Illustrations

Illustrative examples, simulated as well as those involving real-life data, are dis-
cussed below. In all examples we have used two membership functions:

1. Gaussian membership function: h 4 (g) proportional to the density of N (6o, 7°T),
where 6 is obtained from the wavelet decomposition of gg. The hyper-parameters
a and b (see (4.11) and (4.12)) are b = 3 and a = 8(b + 2)/(b — 2). Sen-
sitivity analysis shows that the values of these hyper-parameters do not in-
fluence the results very much. To show that the other hyper-parameters c
and k (see (4.11) and (4.12)) have some effect, though not substantial, we
have displayed the wavelet smoothers (see Figures 1(a), 2(a) and 3(a)) for
(¢, k) = (2,1.5),(1.5,0.5) and (1.05,0.05).

2. Uniform on the ellipsoid (see (iii) in Section 3): ha(g) = I{,,(g,90)<s}- We
have used three different values (0.5, 1 and 5) for 4.

For the simulated examples, we generated observations from the model (1.1) with
the regression function g(z) = cos(2mz) where x is drawn from a uniform density
on the unit interval. Then we considered three different prior guesses for go: (i)
go(x) = cos(2mx) (see Figure 1), (ii) go(x) = 4|z — 0.5] — 1 (see Figure 2), and (iii)
go = 0 (see Figure 3).

Note that in (i) the chosen go is the best possible prior guess. Further, since
the normal prior is very informative, as expected the smoother (see Figure 1 (a))
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9

(a) Gaussian

ax)

(b) Ellipsoid

F1G 2. Wavelet smoother for g(x) = cos(2wz) and go(zx) = 4| — 0.5| — 1

does an excellent job of extracting the true regression function. The behavior of
the smoother obtained from the ellipsoid membership function (see Figure 1 (b))
is similar to that seen in Figure 1 (a), even though the prior is different.

The smoother presented in Figure 2 behaves very similar to what was seen in
Figure 1. The prior guess, gg, is slightly different from the true g.

The behavior seen in Figure 3 emphasizes our comment following Figure 2. In
fact, the smoother here looks better than the one in Figure 2. This is perhaps
because the prior is less informative (concentrated) than the normal prior used
there, so that the smoother can follow the data more closely than the prior.

We next applied our wavelet smoother to the ‘Humidity data’ example from (see
[3]; also [8], Example 10.2). The variable of interest y that we have chosen from the
data set is the weekly average humidity level. The observations were made from
June 1, 1995 to December 13, 1998. We have chosen time (day of recording the
observation) as the covariate z. Since we have 185 observations here, the maximum
possible value for J is 6.

In this data (see Figure 4 (a)) a seasonality effect is present, so we have chosen
go(x) = 22.5cos(2m(z+0.1)/0.2)4+62.5, where z = (day —June 1, 1995)/(December
13, 1998 - June 1, 1995). This choice of gq is rather arbitrary but it seems to follow
the seasonal variations. For the analysis which led to Figure 4 (a) the Gaussian
membership function was used while in Figure 4 (b), it was the ellipsoid one. In this
latter figure, we have also added the lower and upper envelopes obtained from the
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9

(a) Gaussian

ax)

(b) Ellipsoid

FiG 3. Wavelet smoother for g(z) = cos(2mz) and go =0

prior (labeled Min/Max). From these two figures, it can be seen that the proposed
estimator fits the data well and the final result does not depend much on the
membership function used.

6.1. Model Checking

The model checking approach based on Bayes factors developed in the previ-
ous section has been tested on simulated examples. For this, we generated ob-
servations form Equation (1.1) with the true function g(x;) = cos(27x;) where
iyt = 1,2,...,20 were sampled from U(0,1). For the error term, ¢;, we used
02 = 0.1. Then, for illustration purposes, we considered three different gy functions
in (My:g=go):

(i) go(z) = cos(2mz),

(ii) go(x) = 4|z — 0.5] — 1, and

(iii) go = 0.

Note that, the go function in (i) corresponds to the true function. The gy functions
in both (i) and (ii) are similar while the last one is very different from the true
function g. Therefore, it is fair to assume that the Bayes factor (see Equation (5.1))
for the first two cases should not provide evidence against the model My : g =
go while we can expect strong evidence in the case of the third function. These
Bayes factors are given in Table 1. From this table, it can be seen that the model
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g00iobservation

(a) Gaussian
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(b) Ellipsoid

Fic 4. Wawvelet smoother for the ‘Humidity data’

TABLE 1
Bayes factor for Mgy : g = go vs M1 : g # go

g0 B()l (y) Evidence
cos(2mx) 933.4275 very strongly favors My
4lz — 0.5 —1 57.4735 strongly favors My
0 7.2845 x 10~6 | very strongly favors M;

corresponding to the correct function (go(z) = cos(2mx)) obtains the largest Bayes
factor followed by that for go(x) = 4|2 —0.5| — 1. Moreover, if we test My : go(z) =0
against M : go(x) # 0, the Bayes factor favors M; with strong evidence.

7. Conclusions

In this paper we suggest a simple approach to nonparametric regression by propos-
ing an alternative to dealing with complicated analyses on function spaces. The
proposed technique uses fuzzy sets to quantify the available prior information on a
function space by starting with a ‘prior guess’ baseline regression function gq. First,
wavelet decomposition is used to represent both the unknown regression function g
as well as the prior guess gg. Then the prior uncertainty of g relative to its distance
from gg is specified in the form of a membership function which translates this
distance into a measure of distance between the corresponding wavelet coefficients.
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Furthermore, a Bayesian test is proposed to check whether the baseline function gg
is compatible with the data or not.
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1. Introduction

The Poisson distribution is often used as a standard probability model for count
data. For example, a production engineer may count the number of defects in items
randomly selected from a production process. Quite often, however, such data sets
are not well fit by a Poisson model because they contain more zero counts than are
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compatible with the Poisson model. An example is again provided by the produc-
tion process; indeed, according to Ghosh et al. [14], when some production processes
are in a near perfect state, zero defects will occur with a high probability. How-
ever, random changes in the manufacturing environment can lead the process to
an imperfect state, producing items with defects. The production process can move
randomly back and forth between the perfect and the imperfect states. For this
type of production process many items will be produced with zero defects, and this
excess might be better modeled by a ZIP distribution than a Poisson distribution.
For 0 < p < 1,\ > 0, the ZIP(\, p) distribution has the probability function

(1.1) f@[Ap)=plz=0)+1=p) folz|N), z=012,...,
where I(-) is the indicator function, and fo(x|)) is the Poisson probability function

-z
(1.2) folz|\) = % 2=0,1,2,... .

The parameter p is referred to as the zero-inflation parameter.

Many authors used the ZIP distribution with and without covariates to model
count data. In a ZIP regression model, Lambert [18] used a frequentist approach
and Ghosh et al. [14] used a Bayesian approach to analyze industrial data sets.

While the aforementioned authors used the ZIP model to analyze their data, a
number of authors have addressed the problem of checking whether a ZIP model is
needed to model the data. From the frequentist perspective, score tests have been
developed for testing the hypothesis Hy : p = 0 vs. Hy : p # 0 in a ZIP regression
model ([10],[12]). From the Bayesian perspective, Bhattacharya et al. [9] presented
a Bayesian method to test p < 0 versus the alternative p > 0 by computing a certain
posterior probability of the alternative hypothesis. As in ([10],[12]), p is allowed to
be negative in their model [9], as long as p + (1 — p)e™ > 0.

In this paper, we consider Bayesian testing of M, versus M; given by

i.4.d.

(13) My : X; '~ fO(‘)‘)7 i=1,...,n,
(1.4) My: X, KRG Ap), i=1,...,n,

where fo, f1 are given in (1.1) and (1.2), respectively. Note that, as opposed to the
situations in the papers mentioned above, p < 0 is not possible here.Indeed, we can
alternatively formulate the problem as that of testing, within the ZIP model,

Ho:p=0 wversus H;:p>0.

Unlike the analysis in [9], p = 0 (i.e., the Poisson model) is assumed to have a priori
believability (e.g., prior probability 1/2).

In Section 2 we develop the suggested objective testing of Poisson versus ZIP
models when not all counts are zeros. For all zeros, the ZIP distribution is not
identifiable, and a proper prior is required for all parameters; we address this in
Section 5. Section 3 is devoted to some comparative examples. We consider inclusion
of covariates in Section 4, where we address the testing of Poisson versus ZIP
regression models and give an example involving AIDS related deaths in men. In the
regression case, in order for the objective Bayesian model selection to be successful
we need enough positive counts so that the design matrix based on the positive
counts is full column rank. When this condition does not hold we suggest in Section 5
a partially proper prior on the regression parameters to be used for model selection.
Proofs and technical details are relegated to an Appendix.
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2. Formulation of the Problem

The Bayesian methodology for choosing between two models for some data is con-
ceptually very simple (see, e.g., [3]). One assesses the prior probabilities of each
model, the prior distributions for the model parameters, and computes the pos-
terior probabilities of each model. These posterior probabilities can be computed
directly from the prior probabilities and the Bayes Factor, an (integrated) likeli-
hood ratio for the models which is very popular in Bayesian testing and model
selection.

Often it is not possible (for lack of time or resources) to carefully assess in a sub-
jective manner all the needed priors. In these situations, very satisfactory answers
are provided by objective Bayesian analyses that do not use external information
other than that required to formulate the problem (see [4]). First we review below
some difficulties of model selection via objective Bayesian analysis. Then we justify
the objective prior we chose for our problem, derive the corresponding Bayes Factor
and study properties of the prior and the Bayes factor.

2.1. Bayesian Model Selection and Bayes Factors

To compare two models, My and Mj, for the data X = (X1,...,X,,), the Bayesian
approach is based on the Bayes factor Big of My to M given by

my(x) [ fi(z | 01)m1(01)d6,

(2.1) Bio = mo(x) [ folz | 00)mo(00)d0g ’

where, under model M;, X has density f;(x | 8;) and the unknown parameters 8; in
M;; are assigned a prior density m;(0;),4 = 0, 1. For given prior model probabilities
Pr(My) and Pr(M;) =1 — Pr(My), the posterior probability of, say, My is

-1
(22) P’I"(MO ‘ w) =1+ Bl(] m .

In objective Bayesian analyses m;(6;) is chosen in an objective or conventional
fashion and the hypotheses would be assumed to be equally likely a priori.

Use of objective priors has a long history in Bayesian inference (see, for ex-
ample, [8] and [17] for justifications and references). They are, however, typically
improper and are only defined up to an arbitrary multiplicative constant. This is
not a problem in the posterior distribution, since the same constant appears in both
the numerator and the denominator of Bayes theorem and so cancels. In model se-
lection and hypothesis testing, however, it can be seen from (2.1) that when at
least one of the priors 7;(0;) is improper, the arbitrary constant does not cancel,
so that the Bayes factor is then arbitrary and undefined. An important exception
to this arises in invariant situations for parameters occurring in all of the models;
Berger et al. [7] show that use of the (improper) right Haar invariant prior is then
permissible.

One of the ways to address this difficulty is to try to directly ‘fix’ the Bayes factor
by appropriately choosing the multiplicative constant, as in [13]. Popular methods
(the intrinsic Bayes factor [5] and the fractional Bayes factor [20]) for fixing this
constant arise as a consequence of ‘training’ the improper priors into proper priors
based on part of the data or of the likelihood. We refer to Berger and Pericchi [6]
for a review, references and comparisons. Another possibility is to directly derive
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appropriate ‘objective’ but proper distributions 7;(6;) to use in model selection; see
[2] and [15] for methods and references. This is the approach taken in this paper
(with a slight exception in Section 5).

2.2. Specification and Justification of the Objective Priors

Returning to the testing of the Poisson (My) vs. the ZIP (M;) models, i.e., testing
(2.3) My: X ~ folz|A) vs. My: X ~ fi(xz |\ p),

the key issue is the choice of the priors mp(A) and w1 (A\, p) = m (A) m1(p | A).

A frequent simplifying procedure (both for subjective and objective methods)
is to take mo(\) equal to m1(A), that is, to give the same prior to the parameters
occurring in all models under consideration. This, however, may be inappropriate,
since A might have entirely different meanings under model My and under model
My; the fact that we have used the same label does not imply that they have the
same meanings. This frequent mistake is discussed, for example, in [7].

It has been argued that, if the common parameters are orthogonal to the re-
maining parameters in each model (that is, the Fisher information matrix is block
diagonal), then they can be assigned the same prior distribution ([15], [16]). In this
case, improper priors can be used, since the arbitrary constant would cancel in the
Bayes factor.

Unfortunately, p and A in the ZIP model are not orthogonal. We first reparam-
eterize the original model. With p* = p + (1 — p)e™>, we rewrite fi(z | A, p) as

(2.4) i@ | Np)=p I(x=0)+1—-p)ff(x|N), ©=0,1,2,...,

where f7(z | \) is the zero-truncated Poisson distribution with parameter . Note
that p* > e~*. We can trivially express the Poisson (M) model as:

(2.5) fi@| N =eMaz=0)+1-eMNfT(x|N), 2=0,1,2,...,

and now it can intuitively be seen that A has the same meaning in both f{ and fg.
Indeed the Fisher Information matrix for p* and A can be checked to be diagonal.

With an orthogonal reparameterization, Jeffreys (1961) recommended using (i)
Jeffreys prior (the square root of Fisher information) for the ‘common’ parameters;
and (ii) a reasonable proper prior for the extra parameters in the more complex
model.

The situation here is very unusual, however, in that the Jeffreys prior for the
‘common’ A is different for each model. The Jeffreys prior for A in the Poisson model
is well known to be 79 = 1/ V', whereas the Jeffreys prior for the orthogonalized
ZIP model is easily shown to be the same as the Jeffreys prior for the truncated
distribution fT (x| \), which is

1 k(M)
77 (A) 7 where E())
That these priors are different after orthogonalization is highly unusual and can
be traced to the fact that A also enters into the definition of the nested model,
through p* = e~*. In any case, we are left without clear guidance as to whether 7r9
or 7r}, should be used as the prior for A. (Note that, in computing the Bayes factor,
the same prior for A must be used in both the numerator and the denominator;
otherwise one is facing the indeterminacy issues discussed earlier.)

C{I=(e A
o 1—e 2 ’
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Under the orthogonalized ZIP model, we also need to specify a proper prior for
p* given \, which we propose to take uniform over the interval (e~*,1), that is,

Ie<p* <)

7"'l(p*|)‘): 1_ e

We can thus write the overall priors being considered for the two models f§(x | A)
and fy(z | A\,p*) as, respectively,

ROy = B < <)

\/X’ 1 \/X ]__67)\ ’

where [ is 0 or 1 as we utilize one or the other of the two Jeffreys priors for A.
It is computationally more convenient to work in the original (p, \) parameteri-
zation. A change of variables above then results in the priors

k) k(N
(A p) =
VA

which we will henceforth consider (for [ equal to 0 or 1).

We are not aware of any desiderata that would suggest a preference for either
the [ = 0 prior or the [ = 1 prior, but luckily the two yield almost the same answers.
Indeed, simple algebra shows that k()) is a strictly increasing function of A and
that

(2.6) mh(\) = I0<p<1),

1
2.7 inf k(A)=—==0.71, and sup k(\) =1.
(2.7) () 7 p k()
Thus k()) is quite flat as a function of ), so that k(\)! and k(\)° = 1 are very
similar. An immediate consequence for the Bayes factors Bl,, I = 0,1 is that

BYy/vV2 < By, < V2B,

so that the two Bayes factors can only differ by a modest amount (and in practice
the difference is much smaller than this).

It is obviously a bit simpler to work with the [ = 0 prior, so we drop the [
superscript and henceforth utilize the prior
(28) ™0 ()\) =

m(p,A) = (O<p<1).

1
— 1
VA
2.3. Objective Bayes Factor for Poisson versus ZIP models

Recall that the model M, is the standard Poisson model and the model M; is
the ZIP model. For a sample of n counts Xi,...,X,, let X denote the sample,
k=>"",I(X; =0) be the number of zero counts, and s = >_1 | X; be the total
count. Note that k& = n is equivalent to s = 0. For given data x, the densities
fo(x | A) and fi(x | \,p) under the two models are given by

—n)\)\s 1— —ANk(1 = p)n—F —(n—k))\/\s
enia fl(:c')‘ap): [p+( p)e ] (n p) ‘ .
[Li=; ! [Tz =i

For s > 0 (i.e., the counts are not all zero),

fo(z | A) =

I(s+ %)

nste [Ja!

nmmz/mm»mwwz
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Using the binomial expansion of [p + (1 — p)e™*]*,
m@ = [ fi@|ApmpNdpix
_ Hl ‘ Z / / p] n je_(n_j)/\)\s_%dpd)\
T4 k—j)!
— - _ ST3
T 2 (e e+ ) =)

Both mg(x) and m;(x) are finite and the Bayes factor Big(x) = my(x)/mo(x) is

k .
—(s+1/2
(29) BIO( n—|—1|z k . n) (+/)
]:O

Note that, as intuitively expected, for any given n the Bayes factor is increasing in
s (total count) for any fixed k (the number of zero’s), and is increasing in k for any
fixed s. We use (2.9) to calculate the Bayes factors for the examples in Section 3.

When s = 0 or equivalently all counts are zero (x = 0), there is a problem.
While m(0) = I'(1/2)/y/n remains finite, it is easy to see that m1(0) is infinite.
Indeed for any prior of the form h(p)w(X), where () is improper and h(p) is
a proper density (as is required for testing), the marginal density m;(0) will be
infinite. This is because7 for & = 0, the density fi(x | A,p) > p™ implying m;(0) >
fo p"h(p)dp [;° m(A)dA = co. We discuss what to do for this case in Section 5.

3. Applications

In this section we apply our methodology to two datasets to detect if zero-inflation is
present in the data. These examples have been analyzed for zero-inflation previously
using both frequentist and Bayesian procedures. Since there are non- zero counts
in both examples, the Bayes factors are computed using (2.9).

Example 3.1. The first dataset is the Urinary Tract Infection (UTI) data used
in Broek [10], which used a score test to detect zero-inflation in a Poisson model.
The data are collected from 98 HIV-infected men treated at the Department of
Internal Medicine at the Utrecht University hospital. The number of times they
had a urinary tract infection was recorded as X. The data are recorded in Table 1.
Merely by looking at the data it is apparent that zero-inflation is present.

X 0 |1]2]|3]|| Total
Frequency || 81|9|7|1| 98
TABLE 1
UTI Data

Equation (2.9) yields a Bayes factor Bjg = 223.13 in favor of model M; versus
model My; if the models were believed to be equally likely a priori, the resulting
posterior model probabilities would be Pr(M; | ) = 0.995 and Pr(M, | ) =
0.005. This is indeed strong evidence in favor of the ZIP model.

In Bayesian testing of Hy : p < 0 versus H; : p > 0, Bhattacharya et al. [9)
obtained Pr(p > 0 | ®) = .999. The observed value of the score statistic was
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X 0| 1|2]3|4] Total
Frequency || 3826|821 75

TABLE 2
Terror Data

reported as 15.34 [10], yielding a p—value of 0.0001. All three analyses present
strong evidence in favor of the ZIP model, but notice that the p-value seems to
suggest stronger evidence against the Poisson null than the Bayesian analysis, and
the point null Bayesian analysis suggests weaker evidence than the interval Bayesian
test.

Example 3.2. The next dataset we consider is the Terrorism data from [11]. Table
2 gives the number of incidents of international terrorism per month (X) in the
United States between 1968 and 1974. It is not intuitively clear whether or not
there is zero-inflation in this data set.

The Bayes factor here is Big = 0.28, yielding an objective posterior probability
Pr(M; | ) = 0.219, which actually supports the Poisson model. A previous anal-
ysis found Pr(p > 0 | ) = 0.507, an indeterminate value [9]. The observed value
of the score statistic is 0.04, with a p—value of 0.83. Conigliani et al [11] test a
Poisson null model against a nonparametric alternative, finding a fractional Bayes
factor B, of 0.0089 of the nonparametric alternative to the Poisson; the apparent
strength of this conclusion, compared with the other results, is rather puzzling.

4. Model Selection in ZIP Regression

Many applications involve count data where covariate information is available; see,
for example, [14] and [18]. In this section we consider selecting between Poisson
regression and ZIP regression models given by

(4.1) ME: X, % Poisson(\), i=1,...,n,
(4.2) ME: X, ZIP(O,p), i=1,...,n.

For a known offset variable ag;, a g x 1 vector of covariates a; and regression
parameters 3 = (B1,..., ;)T suppose the \; follow the log-linear relationship

log(\i) = agi + a] B.

We assume that the matrix AT = (ai,...,ay)is of rank ¢q. Let k denote the number
of zero counts in the data. For simplicity of notation, we index the observations in
such a way that all the zeros are given by the first k£ counts.

4.1. Objective Priors for Model Selection
Generalizing the argument in Section 2.2 to the regression case is easy in one case,
but difficult in the other. If we choose to base the analysis on the Jeffreys prior for

B under the Poisson regression model M{?, the generalization is straightforward:
the Jeffreys prior is easily computed as

(4.3) w5 (B) = | hasal |2,
i=1
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Note that this prior is positive since the rank of A is ¢. Also, utilizing this prior for
B under model M{, along with the independent uniform prior for p, results in the
following priors to be utilized to compute Big:

44)  m(B) =Y Naal V2, w(B.p) =Y Naa] VP10 <p<1).

i=1

The generalization to the regression case of the second prior considered in Sec-
tion 2.2 is much more difficult, because the Jeffreys prior under the ZIP regression
model is very complicated. In Section 2.2, the derivation of the corresponding Jef-
freys prior was essentially done by ignoring the non-zero counts, utilizing only the
truncated Poisson distribution. This suggests modifying (4.3) by removing the terms
corresponding to the zero counts, resulting in

(45) B =] Y Naal|'.

i=k+1

From another intuitive perspective, the zero counts arising from the inflation factor
are clearly irrelevant in fitting the log linear model to the \; and, since we do not
know which zero counts arise from the inflation factor, dropping them all from the
Jeffreys prior has an appeal. Let A, = (aj41,...,a,)T. The prior (4.5) can only
be used provided it is positive, which is ensured if the rank of A, is q.

The resulting overall prior for use in computing Big is then

(4.6) m(B8)=| Y Naal['? m(B.p)=| Y Naal"?1(0<p<1).
i=k+1 i=k+1

The first basic issue in use of these priors is whether or not they yield finite
marginal distributions. This is addressed in the following theorems, the first of
which deals with the marginal density under the Poisson regression model.

Theorem 4.1. For the Poisson regression model and either the Jeffreys prior (j =
0) or the modified Jeffreys prior (j = 1),

7)\ i
(4.7) / H{ Al }rR(B)dB < 0.

Proof. See the Appendix. O

Note that with more than one covariate there is typically no closed-form expres-
sion for m{(x). Hence m{¥(x) needs to be evaluated by numerical or Monte Carlo
integration.

For the ZIP regression model, the marginal density m{*(z), under an arbitrary

improper prior w(3) for 3 and an independent uniform prior for p, is given by

me: 1 1 ™
(48) R () /R/O fi(@ | B.p) n(8) dp dB,

where the density of , under model M, is given by

x| B,p) = H{p+ (1—p)e ™ ”’“H

i=k+1

—>\ )\wz
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Again, as for m&(z), there is usually no closed-form expression for mf*(x) and the
marginal needs to be computed via numerical or Monte Carlo integration.

To investigate the finiteness of mf(x), note first that

(4.9) pra—prt I S wIﬁp<H

i=k+1 i=k+1

—)\ /\9&

In view of this inequality and the independent uniform prior for p, the marginal

mi(z) is finite if and only if

n =i \Zi
(4.10) /R I S (8) dB < oo

1=k+1

Theorem 4.2 below gives sufficient conditions for this to be finite under the priors
(4.3) and (4.5) respectively. Recall that the k zeros in the sample are labeled to
correspond to the first k£ observations. A key condition will be that the matrix A
has rank ¢ which implies that n > k + ¢ (analogous to the condition of at least one
positive count for the case of no covariate treated in Section 2).

Theorem 4.2. Using 7f'(3): Suppose that, for the observation X;,7 = 1,...,k,
corresponding to the zero counts, the corresponding covariate vector a; is such that

(4.11) aj= 3 CmjQm With cp; >0,j=1,... km=k+1,....n
m=k+1

Then the marginal m¥(x) is finite.
Using 7f¥(8): If A, has rank q, the marginal mf(x) is finite.
Proof. See the Appendix. O

Clearly the condition under which mf*(x) is finite is more general and much
easier to check for 7f(3) than for 7{*(3). This, together with the intuitive appeal
of 7f(/3), leads us to recommend its use in practice. (Note that either of the two
priors reduces to the prior recommended in Section 2 for the non-regression case.)

Remark 4.1. If the condition (4.11) fails, the marginal density m{*(z) based on
the Jeffreys prior may be infinite. For example, consider n = 3 and ¢ = 2, with
A1 = AS'AF, A2 = exp(B1), A3 = exp(f2) for suitable nonzero c1,ca to be chosen
later. Then the determinant of information matrix for 8 is given by

T(B)] = Xk + EAAGH + BAg A
so that [I(B8)|'/? > |cl|)\§1/2/\§02+1)/2. If X1 =0, Xo = x5 and X3 = x3, then

lea ] e~ M2N\5? em M NgE

2 R2 .’[72! .’133!

oo oo

C1 — - _ - .

— | | e )\2)\52 1+.5CldA2 e )\3)\%3 1+.5(32+.5d)\3 =00,
562!1‘3!2 0

mi(z) > SN

providing that xo < —.5¢; or that z3 < —.5 — .5¢o. For example, if ¢; = —5 and a
sample produces x5 = 2, then m{%(a:) = oo. Note that here a; = —5as + coa3, with
as = (1,0)T and a3 = (0,1)7, so that the condition (4.11) does not hold.
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4.2. An Illustrative Application

We apply the methodology recommended in Section 4.1 to a dataset involving the
number of AIDS-related deaths in men. The data provides the number of deaths for
598 census tracts in a large city of Spain over a period of eight years. The dataset,
which was supplied to us by Dr. M.A.M. Beneyto, has a large number of tracts
with zero deaths (actually, 303, which is & in our notation). Along with the number
of deaths, the dataset also provides, for each census tract, the expected number
of deaths E from AIDS (adjusting for the population and the distribution of ages
in each tract) and an auxiliary variable W (continuous in nature) measuring the
social status of each census tract.

In our application and for the ith census tract, we take log(E;) as the offset ag;
and propose a log-linear regression for \; with ¢ = 2 and a; = (1, W;)”. First,
we will ignore the covariate W and compute the Bayes factor taking ¢ = 1 and
a; = 1 based on the Jeffreys prior. This model modifies the common mean model
of Section 2.2 by incorporating the offset variable in the mean, which is here given by
E;\ with A = 8;. The marginal m;(«) is computed by one-dimensional numerical
integration. Although it has a closed-form expression, it is rather complicated and
omitted here to save space. This expression is given in the Appendix in [1]. For the
specific data here, B1g = 22,975 which gives overwhelming evidence in favor of the
ZIP model.

Epidemiologists who are knowledgeable about this study believed that the large
number of zero counts in the data could be explained by the covariate measuring
the social status and, indeed, suspected that a ZIP regression model would not be
needed if the covariate were incorporated into the analysis. The Bayes factor in
favor of the ZIP regression model versus the Poisson regression model (with g = 2)
is given by 7.25. While this Bayes factor provides a moderate amount of evidence in
favor of the ZIP regression model, it is much smaller than 22,975, indicating that,
indeed, the covariate can explain most of the excess zero counts.

In this example, it is possible that the same inflation parameter p may not be
appropriate for all individuals. Just like using the log-linear models for A;, we can
treat each p; differently (as p may change according to the covariates) and fit a
logistic regression model for p;. But it is highly likely that there would be severe
confounding between the two regressions, which is particularly problematical with
objective Bayesian analysis (since there is not a proper subjective prior to overcome
the confounding).

5. Analysis with Insufficient Positive Counts

As noted in Section 2, the marginal density under model M; based on an improper
prior for X is not finite when all counts are zeros, and hence the Bayes factor is not
well-defined. This is not a difficulty of only model selection; in this situation, it is
also not possible to make inferences about the parameters of the ZIP model, since
the joint posterior of the parameters (under the ZIP model) is improper. Indeed,
when all counts are zero, the ZIP model parameters are not identifiable, and the
data do not provide enough information to estimate the parameters. Since objective
Bayes methods are typically based on information from the data alone, it is not
surprising that problems are encountered.

We could simply invoke this argument and refrain from considering the case
when all counts are zero. However, it is interesting to explore several methodologies
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that have been proposed for difficult testing situations, partly to judge the success
of the methodologies and partly to try to provide a reasonable answer to this case.
We continue, throughout the section, to assume that p ~ Un(0, 1).

5.1. All Zero Counts in the Non-Regression Case

We mentioned that to resolve the identifiability issue in the ZIP model for the data
with all zeros we need a proper prior on A. This can be done by either subjectively
specifying a proper prior for A or by ‘training’ the improper priors into proper
priors based on part of the data or of the likelihood. In particular, the intrinsic
Bayes factor approach [5] utilizes a part of the data as a training sample to train the
improper prior to get a proper posterior. Although this approach works successfully
in many examples, it is not successful in the present problem. Our investigation of
this approach [1] is omitted here to save space. We discuss below the case where a
subjective proper prior on A is specified based on certain considerations.

If a proper prior is needed to define the Bayes factor for the situation of all zero
counts, the most direct approach is to find a proper prior that seems compatible with
certain behaviors that we expect of the Bayes factor in this situation. A natural
proper prior to consider for A is a Gamma (Ga(a,b)) conjugate prior under the
Poisson model (Mp) given by the Gamma g()\ | a,b) density

baefb)\Aafl

g()‘ ‘ a, b) = F(a) )

where a,b are suitably chosen positive constants. Of course, one is welcome to
simply make subjective choices here, but we will argue for a certain choice (or
choices) based on rather neutral thinking.

First, we assume that the same gamma prior is appropriate for A, both under
the Poisson and the ZIP models. This can be justified by the orthogonalization
argument used in Section 2.2. With the uniform density for p and the Ga(a,b)
prior for A, the resulting Bayes factor for arbitrary data & can be computed to be

IR N CEY) VO T S
(5.1) Bio(x) = I Z (k — j)! (1 Cn+ b) ’

by a similar argument to that leading to (2.9). This Bayes factor includes as a
special case the objective Bayes factor in (2.9); indeed the Jeffreys prior used there
was a limiting case of the g(A | a,b) for a = 1/2 and b = 0. Note that the Bayes
factor (5.1) is increasing in s, k and a, and decreasing in b.

For the special case = 0 (that is s = 0 and k = n), note that f1(0|\,p) >
fo(O|A). Hence, using the same proper prior for A with both the Poisson and the
ZIP models, it follows that m1(0) > mg(0), and hence, B1o(0) > 1. In particular,
for the Un(0, 1) prior for p and Ga(a,b) prior for A, it can be checked that

_ (n+b)° - 1
(5.2) Bi(0) = 1 Jz::o G+o)e >1.

This is reasonable: when a long stream of only zeros is observed, it is entirely natural
to say that the data favor the ZIP model. But the degree of favoritism depends on
a and b, and we turn to rather speculative desiderata to narrow the choice. Recall
that the mean of the Ga(a,b) distribution for X is ab~! and the variance is ab=2.
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In order for the prior not to be too sharp, it is reasonable to require the prior
standard deviation to be no less than the prior mean. This implies that a < 1. It also
seems reasonable to require the prior mean to be at least 1, so that small values of A
do not have excessive prior probability. This leads to b < a. Since the Bayes factor
is decreasing in b, the smallest Bayes factor satisfying the above constraints (that
is, the one lending the most support for the Poisson model Mj) is then obtained
by taking b = a (this gives a prior mean of 1). It is not unreasonable to select this
prior as it belongs to a reasonable class which is most favorable to the null model.
Finally, one might judge it to be unappealing to utilize a prior for A which is not
bounded near zero (for a < 1 the gamma density is decreasing with an asymptote
at A = 0) which implies that a should be at least 1. Thus we end up with the choice
a = b= 1. Note that a = 1 is the upper limit of ¢ < 1 and the choice a = 1 now
counterbalances the Bayes factor in favor of M; (whereas b = a in the range b < a
tilts the Bayes factor in favor of Mj). This reasoning is all rather speculative and,
of course, the result is a particular prior, which may not reflect actual prior beliefs.
Nevertheless it is instructive to study the behavior of the Bayes factor when this
prior is used.

For a = b = 1, that is, the Exponential(1) distribution, it can be checked that
Big = Y_j_o(j + 1)~ !,which is thus our recommended default Bayes factor when
observing only zero counts. Note that B1g(0) =~ log(n + 1) for large n. So a large
string of all zero counts in a sample will lead to a Bayes factor approaching infinity
at the slow rate of log(n). The large sample behavior of the Bayes factor for this
type of sample seems intuitively reasonable.

5.2. Insufficient Positive Counts in the Regression Case

In the regression situation of Section 4, it was necessary to have sufficient positive
counts so that the conditions of Theorem 4.2 were satisfied. We will restrict discus-
sion here to the situation involving the prior specifications in (4.6), for which the key
condition needed for the marginal to be finite was that the matrix A, ((n — k) X q)
should be of rank ¢. If the number of positive counts n — k is insufficient so that ¢,
the rank of A, is less than ¢, this solution will not work.

Remark 5.1. Indeed, neither the prior for 3 given by (4.3) nor by (4.5) guarantees
a finite positive marginal density. We omit the proof to save space. A proof may be
found in the Appendix in [1].

We call this situation one of rank deficiency, with the rank deficiency of A, equal
to ¢ —t. The situation is analogous to the case of all zero counts without covariates
discussed in Subsection 5.1. (In the setup of that section, ¢ = 1 and rank A, less
than 1 means that k = n, i.e., no positive counts.) We could again merely recognize
that this type of data is just not informative enough to allow for objective Bayes
analysis. We shall however propose a prior that yields finite marginal densities,
following similar reasoning to that used in Section 5.1.

We continue to use a Un(0, 1) prior for p and focus on proposing suitable priors
for 3. A discussion similar to that in subsection 5.1 shows that this prior has to be
at least, partially proper.

Note that, instead of specifying a prior on 3, we can specify a prior on ¢ inde-
pendent parametric functions of 3; our specific proposal is to carefully choose these
functions such that ¢ of them are well identified by the data with positive counts
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while the remaining ¢ — ¢ are not. We then propose to use a version of Jeffreys prior
on the former ¢ functions, and a proper prior on the latter ¢ — ¢t functions.

Specifically, let Ag denote the k x ¢ matrix whose k rows are af, ..., al. A rank
of A = q and a rank of A, =t imply a rank of Ag > ¢ —t. Let V. C R? denote
the vector space of dimension ¢ formed by the columns of AI. Suppose a;,,...,a;,
are all of the vectors from a,...,a; corresponding to the zero counts which are
in V. Note that 0 < r < k — (¢ — t). These vectors are linear combinations of the
vectors aj, , ..., a;, and the corresponding A;,, ..., A;, are functions of Aj,,..., Aj,.
From the set of {\; :j € {1,...,k} —{i1,...,i,}} we select g —t N's, Ay, N,
such that {a;,,...,a;,,a;,...,ay,_,} is linearly independent.

Note that there is an (n — k) x ¢t matrix C' of rank ¢ such that
(g1, an) = (aj,,...,a;)CT.

Let D = D(\j,,...,Aj,). Then, the information matrix for A;,,...,\;, based on
the Poisson model for the observations k& + 1,...,n is given by

(5.3) I(N\,,...,\j,) = D'C " Diag(\gy1,. .., A\)CD ™ .

We define a partial Jeffreys prior for A;,,..., A;, by

t
(5.4) s (M- A5) = {[ [ A, HCT Diag(Aksa, ..., An)C|V2.

i=1
Let {b1,...,b,_+} denote an orthonormal basis of the space spanned by ay, , ..., ay,_,.

T
Define &, = ebw'B, w=1,...,q—t. Note that \;,,w=1,...,g—t can be expressed
in terms of &1,...,&;—¢. Indeed,

q—t

log(A,) = aor, + Z dynlog(én), w=1,...,q—1,
h=1

where d,,, = b{alw. Finally, we assign independent exponential distributions with
mean 1 to each of &,...,&_+. This prior will induce a proper distribution on
A,,w=1,...,q —t with a density which we denote by 7Tprop(A1;;.-.,Ai,_,). The
final prior used to calculate the marginal density under model M{? is then given by

7r()\j17""Ajt7All""7)\lq7t) = 7TPJ(/\j1a-~-7)‘jt)7rprop(/\l1a-~-7)‘qu¢);

this is partially Jeffreys prior and partially proper. The corresponding prior density
on 3 is, of course, obtained through transformation. Further, along the line of the
proof of Theorem 4.2, it can be checked that the marginal density mft(x) will be
finite. We omit the details to save space.

While there is arbitrariness in the specific choice of A;,,..., A, _, to assign a
subjective prior distribution based on exponential distributions, the partial Jeffreys
prior in (5.4) remains invariant to the choice of ¢ independent \’s from Agy1,..., Ap.

This solution thus seems reasonable for small ¢ — ¢t.

To avoid the arbitrariness, we could consider all possible selections of (g — t) of
the X’'s from Aq,..., \; so that these ¢ —t and ¢ of the X’s from Agi1, ..., A, define
a reparameterization of 3. For each selection we can calculate the Bayes factor, and
in the spirit of IBF we can take a suitable average over all these Bayes factors. If
the rank deficiency of A, is 1, we will have k — r Bayes factors to average.
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Appendix

Proof of Theorem 4.1: From (4.3) and (4.5) it is immediate that 7*(8) < #(3).
Thus it is enough to prove (4.7) for j = 0. Let ¢ denote the indices (i1, ...,4,) and
A(%) denote a g x ¢ submatrix of A based on rows i1, ...,4,. Then by Binet-Cauchy
expansion of determinant (cf. Noble, 1969, p. 226) it can be shown that

(A1) 1> Nasal | =D (A, - A)AG)AG)T,
i=1

where the summation is over all submatrices of order ¢ x g. Dropping the terms
from the above summation for which |A(i)A(3)T| = 0 we get from (4.3) that

(A2) ) < Z i) P A AG) T,

where >_" denotes summation over all ¢ x ¢ matrices for which |A(7) A(i)7| > 0.
Since e~ ATt /x;! < 1, from (4.7) and (A2) we get

Tij

* q e—)xij -
(AS) mé%(:c) < Z/Rq H{Tﬁ}()\“ )\zq)l/2|A(’L)A(’L)T|1/2dﬁ

Recall that log()\;) = ag; +al 8. Now transforming 3 to (A, .. ., Ai,) and using the
Jacobian of transformation (\;, ... \;, )" A(3)A(3)T|71/2, we get from (A3) that

i1 -0 - Nig

—.5
J)\J

(A4) mi( <ZH/ ———d\;, < oo,

since each of the integrals in the right hand side of (A4) is finite. This completes
the proof of Theorem 4.1.

Proof of Theorem 4.2: First, as in (Al) and (A2), it can be shown that for some
positive ¢ (not depending on parameters) less than 1

(A5)
CZ b A PIAG ATV < 7 (8 <Z b A LA AG) TV,

In view of this inequality and (4.10), the marginal m#(z) is finite if and only if

(A6) /R q e

i=k+1

—>\ )\Iz
i)V AG)AG)TM2dB < oo

'L
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for each 4 = (i1, ...,i,) for which |A(¢)A(¢)T] > 0.

Note that the sufficient condition stated in the theorem and the condition that
rank of A is ¢ imply that the regression matrix Ai = (@g+1,---,ay) corresponding
to the set of positive counts has rank gq.

Suppose, with no loss of generality, i1 < --- < i, in (A6). Also, suppose i; <

<y <k < dypr < --- < ig. It is possible that u may be 0 or may be g.

By the assumed condition that for j = 1,...,k, a; can be expressed as a linear
combination of ak+1,...,a, with nonnegative coeflicients, it follows that
('mz .
ij: 2 H )\7” ) ]Zla"'7ua
m=k+1

where ¢, > 0 and h;; > 0. Then
H )\z] = f H )‘bm
m=k+1

where b, = Z;‘Zl Cmi; > 0 and f > 0 are free from parameters.
Then the integrand (without |A(4)A(4)”|*/?) in (A6) can be simplified as

n N\ T n 7)\ :v+ b;
e M A
7 1/2 1/2
G NS VEUERE | e S} W W
i=k+1 v i=k+1 v
q i )\ g+ b; +2 n+u—k—q 67)\&1)\2?Z+%ba1
) S| (R
Jj=u+l Y =1 L

where {1, ..., Qniu—t—q} ={k+1,... .0} = {lus1,. .., iq}

Suppose {s1,...,8,} C {k+1,...,n} is such that {as,,...,a,,} is a linearly
independent set (such a set exists since Ay is of rank ¢). Note that for y > 0 the
function g(u) = e “u¥ is maximized at u = y implying

(A8) e “uY <e YyY for all u > 0.

By (A8) we get from (A7) that

Do a
(A9) 11 — = D2 <D([e ),
i=k+1 v j=1
where D > 0 is a constant independent of the parameters and d,, = x,, + %bsj + %
if 55 € {tus1,...,0q}, and ds; = x5, + %bsj if s; € {a1,..., ntu—t—q}-
The Jacobian of transformation from B to A, ..., As, is H/(As, ... As,) for some

H > 0 constant. Then since d,; > 1 for j =1,...,q, by (A9) we have

n - T q oo o
(A10) / 11 Q(Ah LoN)Y2dB < HDH/ e N Ai’jf 1d>\sj <o,
R4 . 0

i=k+1
By (A10) and (A6) we conclude that mf(z) corresponding to 7/t(3) is finite. To
prove finiteness of mi*(x) corresponding to 7f(3) note that by (4.10)

n 6_)\i i
mfi@ < [ (] Sl

;!
¢ i=k41 g
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Finiteness of the right hand quantity in the last display follows from a version of

R

Theorem 4.1 corresponding to the prior my*(3) by replacing n observations from
the Poisson by n — k observations from Poisson. This completes the proof.
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Abstract: In this article we investigate consistency of selection in regression
models via the popular Lasso method. Here we depart from the traditional
linear regression assumption and consider approximations of the regression
function f with elements of a given dictionary of M functions. The target for
consistency is the index set of those functions from this dictionary that realize
the most parsimonious approximation to f among all linear combinations be-
longing to an Lo ball centered at f and of radius ri’M. In this framework we
show that a consistent estimate of this index set can be derived via £; penal-
ized least squares, with a data dependent penalty and with tuning sequence

Tn,M > /log(Mn)/n, where n is the sample size. Our results hold for any
1< M <n7, for any v > 0.
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1. Introduction

In this paper we show that the popular Lasso technique can be used for consistent
feature selection in high dimensional approximating regression models. We consider
the following framework. Given a random pair (X,Y), we let f(z) = E(Y|X = )
be the conditional mean function, henceforth called the regression function. We aim
to reconstruct consistently a sparse approximation of f via linear combinations of
elements of a given dictionary of functions F = {fi,..., far}. This reconstruction
will be based on (X1,Y1),...,(X,,Y,), a sample of independent random pairs dis-
tributed as (X,Y) € (X,R), where X is a Borel subset of %; all functions f; are
defined on X. Our aim expresses the belief that, in many instances, even if M is
large, only a subset of F may be needed to approximate f well. If that is the case, it
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may be of interest to determine whether this set can be estimated consistently via a
computationally efficient method. The focus of this work is on consistent selection
via the Lasso when the size of F grows polynomially with the sample size n, that
is M =n7, for any v > 0.

We begin by giving a number of examples of dictionaries F and associated con-
sistency issues.

1. If d = M and f;(X) = X, for all j, one may be interested in identifying the
subset of variables with linear combinations close to f. A familiar particular
case is linear regression, where one assumes that f(X) = NX, with X\ €
RM having non-zero components in positions corresponding to a set J* C
{1,...,M}. Here we depart from this traditional equality assumption and
consider the more realistic case where f is not equal to, but can be well
approximated by a linear combination of the given variables. We discuss this
in detail in the next section.

2. Another problem of interest is that of finding consistently a sparse linear
approximation of f realized with elements from a large list of M possibly
competing estimators. These estimates may correspond to M different meth-
ods of estimation, may be computed from M different samples with the same
mean function, or may correspond to M different values of a tuning parame-
ter of the same method. Instances of the latter arise in kernel based methods
that require the choice of a grid of values for the bandwidth parameter or
in Bayesian methods, where the specification of a grid of values for hyper-
parameters is needed. A consistent identification of a subset of the estimates
in these examples would validate the use of a particular restriction on an ini-
tially large grid. In such situations, when the elements of F are estimators,
we will assume that they have been computed on samples independent of the
one used for subset selection and treat them here as fixed functions.

3. A last example is the nonparametric estimation of f from a collection of M
given basis functions, where only a subset may realize a good approximation
of f, as described in the following subsection.

There exist a number of model selection methods that yield consistent subset
selection in regression models. In discussing them a number of distinctions are
needed.

The first one pertains to the evolution of the literature on model selection tech-
niques in regression. One important cut-off point in this evolution seems to be the
computational complexity of a particular method and, within this, the size of M
relative to n plays a crucial role. If M < n, procedures based on various information
criteria occupy an important place. They are referred to now as the BIC/AIC-type
methods; we mention here the seminal works of ([1], [15]), the unifying theory of
[2], and, various generalizations of these methods ([4], [7]). Such procedures can
be easily implemented for small to moderate M. For larger values of M multiple
testing procedures, in particular of the FDR type (e.g., [3], [9]), or cross-validation
with all its variants (holdout validation, K-fold) [21], are popular, but become
more computationally complex as M increases. If M > n these techniques may be-
come computationally intractable, unless they are used as part of a multiple-stage
scheme. For a further overview on computational aspects in model selection, from
a Bayesian perspective, see [11].

Whereas the above mentioned methods can still be used in very particular re-
gression models when M > n, for instance, for sequence-space models, where model
selection via BIC is equivalent to hard thresholding, they typically fail, computa-
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tionally, when M is large. A standard solution in this case is to seek estimates that
solve a certain class of convex optimization problems. Among the most popular
estimates of this type in regression is the penalized least squares estimate with
an ¢1-type penalty (Lasso), which we describe in detail in the next section. In a
Bayesian framework it can be derived from a Gaussian likelihood with a Laplace
prior. Two important aspects set the £ regularized (Lasso) type estimators apart:
they are easy and fast to compute; see [8], [13], [14], [18], among others, for efficient
algorithms; and, if M > n, some components of the estimate will be set to zero,
in finite samples, see, e.g., [13]. Therefore, via a one-step easily implementable pro-
cedure, one obtains subset selection even if M > n. To date, this method (or its
variants) is the most widely used in regression problems of very high dimension,
especially when dimension reduction is of interest.

The second distinction in discussing consistency of selection in regression is re-
lated to the target for consistency. Consistency of selection has been studied for all
aforementioned techniques only in the following context, which we term parametric:
the target for selection is typically an index set J* corresponding to the non-zero
true regression coefficients, whereas the remaining coefficients are assumed to be
exactly zero. An estimation method that uses the data and all M elements f; to
yield a subset I of indices such that P(f = J*) — 1 for large n is called a consistent
method of selection.

In light of these two distinctions we give below a summary of the existing re-
sults on consistency of selection. They have all been established for the traditional
parametric target J*.

If M < n and under appropriate assumptions all the above methods, or close
variants, yield consistent subset selection for the parametric target J*. References
include those for AIC/BIC-type methods ([4], [10], and [22], among others), multiple
testing procedures [5], cross-validation procedures [16], and Lasso-type procedures
[24].

If M > n consistency of selection has only been studied for Lasso-type estimators.
Again, in the existing literature, the target is the standard target J*. The results are
limited. Meinshausen and Buhlmann [12] showed that P(I = J*) — 1 in Gaussian
graphical models, under assumptions that are tailored to models for which, in our
notations, (Y, X1,..., Xy ) ~ N(0, ). Consistency of selection has been established
when M > n, for fixed design linear regression models and a target set J* that
corresponds to coefficients A} that are assumed to be lower bounded by a sequence
of order O(n=%/2), for 0 < § < 1 [23]. Similar results, under slightly different
assumptions, have also been obtained for a three stage procedure [20]: in the first
stage Lasso estimates are computed for a number of values of the tuning parameter,
in the second step cross-validation is performed to select one Lasso estimate, and
in the third one the model is refitted on the variables present in the selected Lasso
estimate. We also refer to a related notion of consistency, in fixed design regression
with Gaussian errors [19].

If M > n consistent subset selection via the Lasso has not been investigated, to
the best of our knowledge, in the general framework we describe in detail below.
Within this framework, we extend the existing results to more general regression
models on a random design and a more general target index set.
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1.1. Beyond Linear Regression

Despite its practical appeal, the study of selection procedures that are consistent
for target sets other than the classical one has received very little attention. Our
target set will be defined relative to linear approximations of f with elements of F
with respect to the La(v) norm || ||, where we denote the probability measure of X
by v.

Formally, define

M
(1.1) A=XeRM: D NF—FP<Corla g

Jj=1

where Cy > 0 is a constant depending only on f and 7, as is a positive sequence
that converges to zero and which will be specified in the next section. In what
follows we assume that A is not void. For any A € R we let J(\) denote the
index set corresponding to the non-zero components of A and denote by M (\) its
cardinality. Let &* = min{M(X) : A € A}. We define our target vector

M
(1.2) A =argmin ¢ | > N f; — fIIP: AeRM, M(A) =k
j=1

Let I* = J(A*) denote the index set corresponding to the non-zero elements of A*
and note that I'* has cardinality k*. Thus f* = Zje - A} fj provides the sparsest
approximation to f that can be realized with A € A and, in particular,

(1.3) 1F* = fI? < Cyriae

This motivates our treating I* as the target index set.

We note that if one assumes, as in standard linear regression models, that f(z) =
Zjle Az = Zjel* Aixj = f*(z), where A} denotes the non-zero components of
A, then (1.3) is trivially satisfied for any positive sequence 7, as. Therefore, the
classical target J* is a particular case of ours.

In order to ensure that A* captures the essential features of f in a parsimonious
way we require that its components not be unnecessarily small, otherwise we can
place their indices outside I*. Formally, we will require that the following condition
holds.

Condition (C): There exists B > 0, independent of n or M, such that

in |\¥| > B .
?enlrﬂ il > Brom

We show below that ¢; penalized least squares can be used to estimate consis-
tently the new target I*, even if M is larger than n, in particular if it grows as n7,
for any v > 0, under minimal assumptions on the dictionary F and appropriate
choices for r,, ps. In Section 2 below we introduce the estimate and discuss these
choices. Section 2.1 contains our main result, Theorem 2.1, together with a discus-
sion of the assumptions under which it holds. The proof of the main result is given
in Section 2.2 and intermediate results are proved in the Appendix.
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2. Consistent Selection via ¢; Penalized Least Squares

We estimate the set I* of the previous section via ¢; penalized least squares. We
first compute

n M
~ 1
(2.4) A =argmin ¢ — Z{K - Z N fi(X)} +pen(N) 3,
AeRM | TV j=1
where
M
(2.5) pen(A) = 2wy jIA;| with  wp ;=0 | flln,
j=1

for a sequence r,, s given below, where we write [|g[|2 = n~! Y7 | ¢*(X;) for any
function g : X — R. We note that each A; in the penalty term has a different, data-
dependent, weight. The estimate A thus obtained is in one-to-one correspondence
with the following estimate. For each 1 < j < M define 0; = 2w, ;A; and let
A be the M x M diagonal matrix with diagonal entries 2w, ;. Next observe that
FX\ = F10, where F is the n x M matrix with entries f;(X;), Fi = FA™! and
0 = AM. Thus, denoting by Y the n dimensional vector with entries Y;, the problem
reduces to calculating

M
0 = arg min l(Y - F0)(Y — F10) + Z 651,
geRM T =
for which the aforementioned fast algorithms can be used. Then, we compute our
sought solution A = A~14.
We let I denote the index set corresponding to the non-zero components of A
We show in the next subsection that P(I = I*) — 1 when n — oo. We begin by
noticing that we always have

PUI=I"Y>1—-PUI*¢1)—PUgI".

Therefore, proving that I is consistent reduces to showing that each of the prob-
abilities in the right-hand side of the inequality above converge to zero. In what
follows we motivate choices for the sequence 7, ps that stem from sufficient con-
ditions under which this convergence is achieved. The proofs are presented in the
next section.

We begin by noticing that if A — A*, with probability converging to one,
then I* & I with probability converging to zero. To see this, further note that
if component-wise consistency of A holds, we will estimate all non-zero elements of
A* by non-zero sequences, but we may also estimate some of its zero components
by some small, but non-zero sequences. In light of this fact, a first set of restrictions
on r, pr will be such that \ is close to A*, in the sense below. It follows immediately
(by [5], Theorem 2.3; see the Appendix below for a full formulation) that, with high
probability R

Pt = N0 < DYIF = FIP 4+ k2 ),

for some positive constant D, and where |a|; = Zj\il la;| denotes the ¢; norm of
any vector in RM. Next, notice that the optimal parametric rate of convergence
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for a component S\j of A is of order 1/y/n, and it can be achieved if we knew I* of
cardinality £* < M in advance. However, this is not known, so the best we can do is
mimic this behavior in our context. We can do this by choosing r, s of order 1//n,
where we recall that we have assumed that ||f — f*|* <7 ,,. Notice further that

this choice is optimal for the rate of convergence of ;\, which is not the focus here.
Indeed, more modest rates of convergence of A can be considered when consistency
of selection is of main importance. We discuss in detail two concrete choices, and
defer a complete analysis for future work.

One can consider r, p = Ay/log(Mn)/n, for an appropriately large constant
A > 0. Notice that this choice differs from the one that yields the optimal rate
only by logarithmic factors, which are needed to accommodate dictionaries with
M > n. With this choice, the target set I* corresponds to linear combinations of
the elements of F that belong to, up to logarithmic factors, a 1/+/n neighborhood
of f, with respect to the La(v) norm. This provides only a slight departure from the
standard linear model assumption and standard target index set J*. It is therefore
not surprising that, in this case, our tuning sequence r, js is also comparable to
the one considered in parametric models ([12], [23]), where a sequence of the order
of 1/n/2=9 9 € (0,1/2) , is employed. We note that this choice is slightly conser-
vative, and can be relaxed to O(y/log(Mn)/n) in our framework, and therefore, as
a particular case, in theirs.

In order to accommodate consistent selection in a purely nonparametric frame-
work we need to increase the size of r,, 5s. For instance, if all f; are estimates of f,
and ry, ar is as before, the set A defined in (1.1) may be empty, as non-parametric
estimates of f have typically slower rates than 1/4/n. We therefore consider target
sets I* corresponding to Lo(v) neighborhoods around f of radius 7“721) M Dow with
ram = O ((log(Mn)/n)'/*). In this case, the set A given in (1.1) above is not
empty if at least one of the estimators f; has, up to logarithmic factors, a rate
of the order n~'/*, which is a modest rate to require. Of course, if (X)) =X;
as in linear regression, this choice means that we may be content with a coarser
approximation than before. However, note that this approximation has the benefit
of being realized with a smaller number of variables and that this may increase the
interpretability of that particular model and be a desirable property in practical
situations.

The results presented below hold for either of these choice, in particular for any
Tn.Mm > Ay/log(Mn)/n, and we will therefore not distinguish between them.

2.1. Main Result: Consistent Subset Selection

We begin by listing and commenting on the assumptions under which our result
holds. The first assumption refers to the error terms W; = Y; — f(X;). We recall
that f(X) = E(Y|X).

ASSUMPTION (A1l). The random variables X1, ..., X,, are independent, identically
distributed random variables with probability measure p. The random variables W;
are independently distributed with

E{W1|X1a7Xn}:0
and

E{exp(|Wi]) | X1,..., Xn} <b for some finiteb>0 andi=1,...,n.

imsart-lnms ver. 2007/09/18 file: FBunea.tex date: November 27, 2007



Consistent selection via the Lasso 129

We also impose mild conditions on f and on the functions f;. Let ||g|lcc =
Sup,cx |g(z)| for any function g on X.

ASSUMPTION (A2).

(a) There exists 0 < L < oo such that || fillc < L for all1 <j < M.

(b) There exists co > 0 such that || f;|| > co for all 1 < j < M.

(¢) There exists Lo < oo such that E[ff(X)fJQ(X)] <Ly foralll <ij<M.
(d) There exists L1 < oo such that ||f|lec < L1 < 00.

(e) There exists L* < oo such that ||f — f*|leo < L*.

Remark 2.1 We note that (a) trivially implies (¢). However, as the implied bound
may be too large, we opted for stating (c) separately. Note also that (a) and (d)
imply the following: for any fixed A € M there exists a positive constant L()\),
depending on A, such that ||f — Z]Ail Ajfilleo = L(A). Inspection of the proof of
Theorem 2.1 below shows that we can allow L* to grow very slowly with n. How-
ever, for sake of clarity in presentation we opted for treating it as fixed.

ASSUMPTION (A3). Let

Pyl d) = AT

where < f;, f; >= Efi(X)f;(X) and | fi|| = B/ f3(X). Assume that

maxmazx|pM(i7j)|

S FAPE]
iel* j# k*

for some constant C > 0.

Remark 2.2 Following [6], C' = 1/45 is an allowable choice. Other choices are
possible, but improvement of constants is beyond the scope of this paper.
Remark 2.3 Assumption (A3) reflects the belief that the correlations between
functions f; with j € I* and functions f; with j ¢ I* should be small. However,
we allow the correlations outside I* to be arbitrary. We note that this assumption
replaces the standard orthonormality assumption on the design matrix: it is given
in terms of theoretical quantities and it can hold even if M > n. It can be checked
in practice by replacing the theoretical correlations by sample correlations.

We denote by G the event that the n x M matrix F' with entries f;(X;) has full
rank. To avoid additional technicalities, the results of this paper can be regarded
as conditional on G. Otherwise, all the results can be re-derived by intersecting all
the relevant events with G and G°, under the additional assumption that P(G¢) is
appropriately small.

We can now state our main result which we prove in the next subsection.

Theorem 2.1. If assumptions (A1)-(A3) and condition (C) hold, and k*rn p — 0
then P(I = I*) — 0.

Remark 2.4 The convergence above holds either if M is fixed and n — oo or if
both M,n — oo, if r,, pr > A+/log(Mn)/n for an appropriately large constant A.
Therefore we obtain consistency for both choices of 7,y discussed above. In our
derivations we require that M does not grow faster than a power of n.

Remark 2.5 The condition 7, p/k* — 0 imposes restrictions on the size of k*.
If r, = O(y/log(Mn)/n) the theorem above shows that we can recover consis-
tently subsets of size k* = O(y/n/logn), up to other logarithmic factors. The
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choice 7, = O(log(Mn)/n)'/* corresponds to a coarser approximation of f
than before, and the restriction on the number of approximating functions is now
k* = O(n/*/logn).

2.2. Proof of Theorem 2.1

Recall that
P(I=I"Y>1—-P(I*¢I)—P(I¢gI.

Therefore, proving that I is consistent reduces to showing that each of the proba-
bilities in the right hand side of the inequality above converge to zero. We present
this in the following two propositions. We defer the proof of the intermediate results
to the Appendix.

Proposition 2.2. If assumptions (A1)-(A3) and condition (C) hold, and vy, pk* —
0, then P(I* £ f) — 0 as n — oo, for any r, > Ay/log(Mn)/n, with A > 0

large enough.

Proof. We follow the same reasoning as [4]. Let ¢,, = mingey«
¢n > Bry v, by condition (C). Therefore

M| and recall that

P(I* ¢ 1) P(j ¢ I for some j € I*)

<
< PN = A1 =12D

IN

P(|Xj—/\;‘»| >¢p) — 0, asn — o0

where, in the second inequality, we used that :\\j =0forj¢ I, by the definition of
I. The last inequality follows from Corollary 1 presented in the Appendix below. B

Proposition 2.3. If assumptions (A1)-(A3) hold and rn pk* — 0, then P(I €
I*) = 0, as n — oo, for any ro . > Ay/log(Mn)/n, with A > 0 large enough.

Proof. Let

M) = =S¥ = S i)Y+ 2 3 fillalis,
=1

jer jeI*
and define
(2.6) = argminh(p).
pERF"
Let

B= () 312500~ 3 i Kl < 2l il

kI~ i=1 jeIx

Let A € RM be the vector that has the components of [t in positions corresponding
to the index set I* and components equal to zero otherwise. Thus, by abuse of
notation, A = (f,0). From Lemma 3.4 in the Appendix it follows that, on the set
B, X is a solution of (2.4). Recall that X is a solution of (2.4) by construction. Then,
by arguments similar to those used in ([13], Theorems 3.1 and 3.2) regarding the
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closeness of two solutions it follows that, on the set 5, M\ = 0 for k € I*¢. Therefore
I C I* on the set B. Hence

P(I ¢ I') < P(B°)

= P U Z Z,U]f] )‘>27’nM||kan
Jjer*

ke{l,...,M}\I* i=1

2 n
< Z P ‘EZ[ Z.nyj X)| = 2rp ml | felln
=1 jer*

ke{l,..,M¥\I*

Let k € {1,..., M} \ I* be fixed. Define the sets

3

Ey(k) = {|ZWfk D < rnmll frlln /2}
By = {2 2 JI71}.
Es(k) = {|:L2fj(xi)fk(xi)| < 2(fj, fi)| + 6n,mr, J € I*},

where 0,01 = 2C’L2rn7M will be specified below. The choice of 6, s is purely
technical and does not affect the overall results.

Let f = Zjel* fi; fj. Recall that A\* € RM given by (1.2) has zero components in
positions corresponding to indices in I*¢, by definition. Let u be the vector in R
obtained from A\* by deleting these zeros. Therefore f* = ZJ 1A= Zje e 15 [
By successive applications of the triangle inequality and since || fx|l» < L, for all
k € I, by assumption (A2) (a), we obtain:

(27 P ; ;ujf] X) = ol felln
< <|2Wfk Dl > roll filln /2>
+P (;| i(f(Xi) - FE) A 2 rn,mfknm)
< PO+ P (Tﬂ éw(x@) - FED A 2 rn,Mnfkn/zx)
+P (jl ; (X0 = P (X)) 2 rn,Mnfm/u)
< PEW)+P | (D u;f)rléfj(Xi))fk(Xi)zrn,M||fm/4
P <i S0 - (6 2 rn7M||fkn/4L> .

To bound the second term in the last inequality above we first notice that on the
set F3(k) and under assumptions (A2) (a) and (A3) we have

imsart-lnms ver. 2007/09/18 file: FBunea.tex date: November 27, 2007



132 F. Bunea

n

3 = ) S S (K felXo)

jerx i=1
<2 iy — N i)l A+ nar D ity — 1]
Jjer* Jjer*

2OL2
< | — w1+ Onna|fo — 1|1

Therefore, on Es(k) N E3(k), and under assumptions (A2), (a) and (b), and (A3)
we have

n

PUCY (g = 1)+ S F (X X0 = raaell felln/4)

jer* i=1

IN

P(lji—p*[1 > 320L2k o) + Pl — " > 16T" M0, )

(2.8) < 2P(|p—ph = mk*rn,M)7

for n large enough, since the assumption k*r,, 5y — O implies that k*r, pr < 1 for
large n, and we recall that we defined 0, 5 = 2CL27“”,M .

Lastly, notice that on the set Eo(k) and under assumption (A2) (b) and (e) the
third term of the last inequality in display (2.7) can be bounded by

P DI = (X)) 2 G

To complete the proof we need to show that P(Ef(k)), P(E5(k)) and P(ES(k))
and the probabilities in (2.8) and (2.9), when summed over k € {1.,..., M} \ I*,
converge to zero as n — co. We show this in Lemma 3.5, Corollary 2 and Lemma
3.6, respectively, in the Appendix below. This completes the proof of this result. B

(2.9)

3\*—‘

Appendix

In order to show Proposition 2.2 and to bound (2.8) above we will use twice ([6],
Theorem 2.3 page 177) and we begin by stating it here, for completeness. For any
A € RM we let J()\) denote the index set corresponding to the non-zero components
of A and denote by M()) its cardinality. Let p(\) = max;e jn) max;; [pas (4, 5)|.
With A given by (1.1) in Section 1.1, let Ay = {A € A: p(A) < C/M(N)}.

Theorem 2.3 [6]. Assume that (A1) and (A2) hold. Then the {1 penalized least
squares estimator A given by (2.4) satisfies, for any X\ € Ay

(3.10) P{X =l < Birau MO} 2 1= w0 (),
where
2
r r 1 1
< 2 . . n,M n,M
Tom(A) < 14M exp( cn mln{ Lo L2 ,LOMQ(A)aLgM()\)}>
M) o
exp (—02 700 m‘n,M>
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for some positive constants ci,co depending on cy,Cy and b only, and a constant
By depending on cy and Cf.

Notice now that by (1.3) and under assumption (A3), \* € A;. We therefore have
the following corollary.

Corollary 1. Assume that (A1) - (A3) hold. Then
P{D:J — )\;‘ > Bl""m]\/f} < 71'*,

for all1 < j < M, where m* = 7, p(A¥).

Proof. From ([6], Theorem 2.3) we obtain

< A= N < Byk* < in X — M\ < .
1—7 _P{|)\ A < Bk r"7M}_P{1£1§nM)\J /\J|_Blrn7M}

This immediately implies the result. |

Remark 3.1 Notice that 7* — 0 as n — 0 for any r, pr > Ay/log(Mn)/n, and for
B = Bj, as needed in Proposition 2.2 in Section 2.2 above.

In order to control the probability (2.8) we first define U and Uy, the analogues
of the sets A and A; defined above.

U=ne® I =d whilP<Cranp, Ur={peU:p(p)Mu) <C}.
Jjer*

Recall that p* is the vector in R¥" obtained from A* by deleting the zero entries.
Then, since assumption (A3) implies max;er- maxjer+ = |pam (3, 5)] < C/k* and
Ilf— Zﬁl N fill = 1 = X jer- 1 fill we deduce that p* € Uy. Therefore, using
again ([6], Theorem 2.3) applied now to the dictionary {f;};cr~ and quantity f
defined in (2.6) above, we obtain the following corollary:

Corollary 2. Assume that (A1) - (A3) hold. Then
(3.11) P{li—p*ly < Bok™rpm} > 1—p7,

where

2
" #2 . )T TaM 1 1
p* < 14k™ exp (—cln mln{ Lo L7 Lyp? B L2 })

k* 2
+exp | —c2 mnrn)M )

for some positive constants c1,co as above and a constant By > 0 that only depends
on Cy and co.

Remark 3.2 If r, pr > Ay/log(Mn)/n, then Mp* — 0 as n — oo, for A > 0 large
enough. Hence, the probability given by (2.8), summed over k, converges to zero
for both choices of r,, s introduced in Section 2, adjusting the value of B if needed.

The following Lemma is needed in the beginning of the proof of Proposition 2.3.
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Lemma 3.4. A = (1,0) is a solution of (2.4) on the set

2 n
B= [ 4] 2= 2 bl < 2oLl

kgI* jer

Proof. We recall that for any convex function g : ®M — R the subdifferential
of g at a point A is the set Dy = {w € RM : g(u) — g(A) > (w,u — \)}. Let
g\ =13 (v - Z]Ni1 A f(X;)}? + pen()), where we recall that our penalty

term is pen(\) = 21y, ar Zjle | filln|Aj]. Then (e.g., [13]) we have

2
Dy={weRM: w=—-=F'(Y — FA) + 2r, mv},
n

where v € RM is such that

v = | flln, if \de>0
vk = —|frlln, if A <0
v € [l fellns 1 felln], 1 Ak =0,

and where we recall that Y = (Y1,...,Y;,) and F is the n x M matrix with elements
f;(X:). By standard results in convex analysis, A € M is a point of local minimum
for a convex function g if and only if 0 € Dy, where 0 € ®M. Therefore, A minimizes
our g(A) if and only if 0 € D5 if and only if

(tr ),

where (_ )& above denotes the k-th component of the vector in paranthesis. Equiva-
lently, A minimizes g(\) if and only if, for all 1 <k < M

= 2rp vkl for all k € {1,..., M},

n M
(312) |2 W= SN = 2marllflle if M £0

M
2= S AAED)| < 2l i A =0,

In what follows we find conditions under which A = (j,0), with /i given in (2.6)
above, satisfies (3.12). First notice that, by definition, Y ;" [¥; — Z;‘il Nifi(X9)] =
> i1 [Yi=2>" e+ 15.f5(Xi)]. Since fi is a solution of (2.6) then, by the above standard
results in convex analysis, applied now to the function h(A) defined in the proof of
Proposition 2.3, the following hold

%Z[Yi = > LX) = 2rmllfellns 1 A= i #0, ke T*

i=1 jer*

IN

%Z[Yi = > A f(X)lfr(X0) 2 || frllns if Ao =jix =0, k€I,
=1

jer
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Notice now that on the set B we also have

n

DW= (X))l fe(X0)| < 2rpal| fillns if k ¢ I* (for which i = 0).

2
n
i=1 jer*

The above displays show that A satisfies condition (3.12) and is therefore a
solution of (2.4) on B. |

Remark 3.3 The observation that constitutes the statement of the above lemma
has also been made elsewhere [12] for a slightly different penalty term. We have
included here a full derivation of it for completeness and clarity.

To complete the proof of Proposition 2.3 we will make repeated use of Bernstein’s
inequality, which we state here for completeness.

Bernstein’s inequality Let (3, ..., (, be independent random variables such that
1 & m m! 2 m—2
=Y EGI™ < Swtdm
n 2

for some positive constants w and d and for all integers m > 2. Then, for anye > 0
we have

n n62
(3.13) P {Z(@- - BG) > n} < exp (2(w+d)> '

i=1

Lemma 3.5. Let assumptions (A1) and (A2) hold. Then

> P(ES(k) =0, > P(E5(k) —0,and

ke{l,.,M}\I* ke{l,...,M}\I*

Z P(E5(k)) — 0,as n — cc.
ke{l,...,MI\I*

Proof. To show 7oy g P(ET(K)) — 0 it is enough to show that () =
Zke{ler}\I* P(E§(k)NEy(k)) — 0 and that (I1) = ZkE{Lm’M}\I* P(ES(k)) —
0. The proofs follow immediately from Bernstein’s inequality and the union bound.
They are the same as ([6], proofs of Lemmas 4 and 5, page 186). We include here
the derived probability bounds, for completeness.

nr2 nr, ve nc?
1) < 2M? M M2 _ I MT0 ) 92 0
( ) —= eXp ( ].Gb + eXp 8\/§L + eXp 12L2 ’

and

2
< M? _ % )
(II) <M exp( 12L2>
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To bound the last quantity in the statement of the Lemma notice first that

P(E5(K)) < 2213( ng >2|<f]afk>|+6nM>
JjeI*
< QZQXP{ |<fj7fk>|+5nM)}
Jjer*
+2 ) exp {1 (10 fi) |+ 0ar) }
Jjer+
<

nd non, M
M - M - .
exp { 1L } + M exp { 1L }
The second inequality of the display above follows from Bernstein’s inequality with
G = fi(Xi)fiu(X;), for every fixed j, and k and with w? = Ly, d = L?, for e =

|(£> Fr)| + 8n.m, used together with the inequality e/ < e¥/2¢ 4 ¢¥/2 for all z,a
and b. Therefore, for &, ps = 2CL?r, »r we obtain

C?L*nr?
(III): Z P(Eg(k))<M2exp{—L"*M}_i_M2eXp{_CLn2rn,M}.
ke{1,...,M}\I* 0

Thus, the quantities (I), (II) and (III) converge to zero for any
rnM>A\/log n/n. |

Lemma 3.6. Let assumptions (A1) and (A2) hold. Then
W= % (I - @z S ) o
ke{l,.. . MW\I*
Proof. By the Cauchy-Schwartz inequality we have

<3.14>P<;Z<f<xi>— “(x >>|_8LrnM>

=1

<P (; S (XD~ P X)) 2 ri,M>

i=1

Z{ X)) = f = FI2) 2 n(=S0r2 1 - 1)
64

=P <Z{(f(Xi) = X)) == £17 = Clnr7217M> ;

where we recall that || f — f*||* < Cyr? 5, by definition and C = ¢§/64L* — Cy,
where we assume that we have already adjusted Cy to have C; > 0, by taking
an appropriate constant A in the definition of 7, as, if needed. The proof follows
immediately from Bernstein’s inequality applied to ¢; = (f(X;) — f*(X;))?, with
w = /Cyrp and d = L*, and for € = Cyry ar- Therefore

2

(IV) < M exp{~ L

C
”TTQL,M} + Mexp{—ﬁnriwf}’

and both terms converge to zero for either choice of 7, /. |
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Abstract: In this article we study the asymptotic predictive optimality of
a model selection criterion based on the cross-validatory predictive density,
already available in the literature. For a dependent variable and associated
explanatory variables, we consider a class of linear models as approximations
to the true regression function. One selects a model among these using the
criterion under study and predicts a future replicate of the dependent variable
by an optimal predictor under the chosen model. We show that for squared
error prediction loss, this scheme of prediction performs asymptotically as well
as an oracle, where the oracle here refers to a model selection rule which
minimizes this loss if the true regression were known.
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1. Introduction

The ultimate goal of modeling in any scientific or sociological investigation is to
discover the underlying regular pattern or phenomenon, if any, which controls the
data generating mechanism. Although it is almost impossible to imagine that a
single model or combinations of a handful will fully capture the intricate functioning
of nature or sociological issues, one can always hope to be able to come close. Given
a choice of several models and a set of data, a popular method is to choose the model
which explains or fits the given data best (in some well-defined sense). However,
it is of prime importance that any model that is chosen should be able to predict
future observations from the same experiment or process reasonably well and that
it does not merely fit the observed data. This is the purpose of predictive model
selection.

One of the most prominent approaches to predictive model selection is cross-
validation (see [17]) and variants thereof. As the name cross-validation suggests,

1 Applied Statistics Division, Indian Statistical Institute, 203 B.T. Road, Kolkata-700108, India,
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parameters of the population are estimated under each model by using a part of
the data (the ‘estimation set’), while the rest of the data (the ‘validation set’) are
predicted using the estimates based on the first group. This is done repeatedly by
using ‘validation sets’ comprising different parts of the data, e.g., the whole data
could simply be divided into 10 disjoint parts, each part consisting of an equal
number of observations and predicted using the rest. If, for a particular model,
such predictions match best with the actually observed values, i.e, if the average
prediction error is the smallest for it among all the candidate models, it is selected.
Optimality properties of classical cross-validatory techniques have been studied,
e.g., in [12] and [16].

In the Bayesian literature, several approaches to model selection have been stud-
ied with the predictive aspect in mind; see, e.g, [1, 4, 5, 8-10, 13, 14]. The purpose
of this paper is to study the predictive properties of a model selection criterion (see
(1.2) below) based on the average of the (log) cross-validatory predictive densities
(see (1.1) below) and already available in the literature. Different types of averages
(e.g. arithmetic mean, (log) geometric mean) of cross-validatory predictive densities
have been studied by several authors ([2], [3], [5], [9], and [14]). Chakrabarti and
Ghosh [5] considered an average with respect to disjoint validation sets and studied
what should be the optimal proportion of the sample kept for validation in large
sample sizes, for the selection of a model closest to the true model (in terms of
Kullback-Leibler divergence), and for the selection of the more parsimonious model
if two models are equidistant from the truth. Using squared error prediction loss,
we show that model selection using criterion (1.2) has an optimality property in
predicting a future replicate of the dependent variable (for fixed values of the in-
dependent variables), when the true regression is being approximated by a class
of candidate linear models. The proofs of the optimality results partly use some
general techniques of Li [12] which were later adopted in [16].

In the Bayesian setup, the ordinary predictive density under a model is defined as
the integral of the likelihood function of the observed data with respect to the prior
distribution of the parameters under the model. Between two competing models,
the one having a larger predictive density for the given data seems to be the more
appropriate description of the unknown data generating process. In non-subjective
Bayesian analysis, it is common to use noninformative priors for the parameters
which are typically improper and defined only up to unknown multiplicative con-
stants. In such situations, use of the ordinary predictive density as a model selection
criterion will be inappropriate. To get rid of this difficulty, one updates the improper
prior by getting a proper posterior based on part of the data (called the training
sample) and then integrates the likelihood function of the rest of the data with
respect to this posterior, thus giving the cross-validatory predictive density. This
is like getting the predictive distribution of part of the data using information ob-
tained from the rest of it. This method of obtaining a cross-validatory predictive
density can also be used when one puts a proper prior on the parameters of the
model. The cross-validatory predictive density can then be used to get pseudo-Bayes
Factors, after appropriate averaging with respect to the different possible choices of
the training sample. This line of thought owes its origin to Geisser [7] and Geisser
and Eddy [8] and came to prominence through what are referred to as partial Bayes
Factors or Intrinsic Bayes Factors ([2], [3], [9], [11], and [15]).

In the next few paragraphs, we describe our setup and the model selection cri-
terion we study. We follow the notations of Shao [16].

Let y,, = (y1,...,Yn)" be a vector of observations on the dependent (response)
variable and let X,, = («,...,2]) be an n X p, matrix of explanatory variables
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(which are potentially responsible for the variability in the y’s), with @; associated
with y;. Let u,, denote E(y,,|X ), the (unknown) average value of the response
variable given the values of the explanatory variables. We further assume that given
X,, e, =y, — M, has mean vector 0 and the components of e; are independent
with common variance o2, which could be known or unknown. We are interested
in capturing the functional relationship, if any, between p,, and X,, which will be
most suitable for predictive purposes. We restrict our search within a class of normal
linear models. Our model space, denoted A,,, is indexed by «, where each « consists
of a subset of size p,(a) (1 < p,(a) < pp) of {1,2,...,p,} and the true mean p,,
is assumed to be linearly related to the corresponding explanatory variables. More
specifically, under model « € A,, y,, ~ N(u,(a) = X,(a)B8,(a),0?I,) where
X () is the submatrix of X, consisting of the p,(«) columns specified by « and
B,(a) € $Pn(@) A Bayesian puts a prior on the unknown parameters within each
model. We consider standard non-subjective priors (see e.g., [1]) given by

To(B, () o« 1 if 0% is known, and

1
7.(B,(a),0%) — if 0% is unknown.
o

Consider, for example, the case with o2 unknown. Let 7, ((8,,(a), ) |[yk+1, - - Yn)
denote the posterior distribution of the parameters under the model given the obser-
vations (Yg+1,--.,Yn). The cross-validatory predictive density of (y1,...,yx) given
(Y1, - - -, yn) under model «, denoted by the expression fo (Y1, - -+, Yk|Yk+1s -« - Yn),
is given by

(1) [ 15 o0 WIT(B(0), s 1) B, (0)

where fﬁ ()02 (y1,---,yr) denotes the density of the k dimensional normal vector,

with mean vector given by the first & components of u,, () and variance-covariance
matrix 021}, evaluated at y1, ..., yx. Similarly, the predictive density of any subset
(Yty,---,Yt,) of y, given the rest of the components of y under this model can be
calculated, where (1,...,%;) denotes a subset of (1,...,n). Since a good criterion
should not depend too much on the choice of the training sample, we consider
the geometric mean of the cross-validatory predictive densities thus obtained by
varying the choice of the training sample. The ratio of such geometric means for
two models is precisely the Geometric Intrinsic Bayes Factor ([2], [3]). For model
«, the criterion which we intend to study equals the logarithm of this geometric
mean. Thus if we consider a total of r training samples, this logarithm is given by

1 T
(1'2) CV(a) = - ZlOg foz(ytua s Yt {yt it ¢ (tli’ e 7tki)})a
i=1
where (yi,;,.--,Yt,,;) is the set of y observations not included in the é-th training

sample. One selects the model &, € A,, which maximizes CV ().

Once a model is thus selected, we use the mean of the predictive distribu-
tion of yI®W  given the observed y, under the selected model, as the predictor
for a future replicate yV of the response variable for the same value X, of
the explanatory variables. An easy calculation shows that this turns out to be
the least squares estimate X (an)B,,(6n) where B, () = Pn(a)y, and P,(a) =
X (@) (X () X, (o)) 71X, () is the usual projection matrix.

Our goal is to evaluate this prediction scheme under the true regression us-

ing squared error prediction loss. Under the true m,,, the future replicate y2eW
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will be independent of the original observations y,,. The quality of any predic-
tor §(y,,) of y2eW based on y, can be evaluated by the average prediction er-
ror By, (£]|ynY —6(y,,)||*), where Ey,  denotes expectation with respect to the
joint distribution of (y2¢W y,) when p,, is the true unknown mean. This expec-
tation will be small if, for any fixed y,,, By (£[|yn® — 6(y,)|*|y,,) is also small.
As observed before, the predictor 6(y,) we want to evaluate is the same as the
least squares predictive estimate of y2®W under the chosen model &,,. Now note
that for any given fixed model «, the least squares predictive estimate is given by
5(y,) = 6(y,)(a) = i1, (a) = X, ()8, (a). A simple algebra shows that the above
conditional expectation is, up to a constant which does not depend on «, equal to
(1-3) Ln(a) — ||’J’n_/jl’n(a)‘|2.
n

Hence the conditional expectation will be minimized for a certain a if L,(a) is
minimized. If we knew the true p,,, we could find the model which minimizes this
L, (a) for each y,,. We shall call this the oracle model, denoted aX. The best any
procedure can achieve is to do as well as the oracle in the limit in terms of the loss
as the sample size grows to infinity.

We show in the following sections of this article that under certain conditions,
minimizing CV(«) with respect to « is asymptotically equivalent to minimizing
L, (). Using this fact it is shown that the ratio of L,(aL) to L, (&) tends to 1
in probability, whereby establishing the optimum asymptotic behavior of criterion
(1.2) in the problem of prediction of a set of future observations.

In Sections 2 and 3 we consider the case where the true model is not in the model
space — the proposed models are only approximations to the truth. In Section 2 we
consider the case when o2 is known. We show that under certain assumptions, the
model selection procedure under study performs as well as the oracle asymptotically
in the sense that the ratio of their losses tends to one in probability. In Section 3,
we consider the more realistic situation when o2 is unknown. Under appropriate
conditions it is shown that this procedure also achieves the oracle asymptotically in
this case. As a validation of this method, we next consider in Section 4 the question
of whether, under the assumption that the true model is indeed included in the
model space, we do equally well in terms of hitting the oracle loss asymptotically.
It is shown that this model selection procedure chooses the correct model with
smallest dimension with probability tending to one in addition to being asymptot-
ically optimal in terms of hitting the oracle. Some concluding remarks are made in
Section 5. Technical proofs of most of the results are given in the Appendix.

For notational simplicity we write y, i, e, X(a), B(«) and P(«) in place of y,,,
Ly €n, Xn(a), B, (a) and P, (a) respectively, dropping the suffix n for the rest of
the paper.

2. Basic Results — Case with 02 Known

In this section we take the ‘model false’ point of view that the models are only
approximations to the truth but none of them is actually true. We show that under
certain conditions, the model selection procedure under study is asymptotically
optimal in the sense of performing as well as the oracle defined above.

As described in the introduction, the model selection criterion under considera-
tion is an average of the cross-validatory predictive density

JaWis s UklYhats - Yn)
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under model «, over suitable choices of the ‘training sample’ {ygi1,...,yn}. We
do not recommend here any particular choice of the training samples; our results
hold as long as each y;, 1 < i < n, appears in the same number of training samples
chosen (which will be assumed throughout the paper).

Let y;,72 =1,...,7 be the r training samples (each of size n — k). For each y,, let
w; and e; be the subvector of u and e corresponding to the labels of the components
of y; and X, (a) be the submatrix of X (a) consisting of the corresponding rows of
it. Also, let 3;(a) = [X/(a)X; ()] LX}(@)y;, Pi(a) = X;(@)[X/(a) X, ()]~ X}(a),
i=1,...,r. It will be assumed throughout that (n — k) — oo and X/(«)X;(c) is
nonsingular for each ¢ and a. With the standard non-subjective prior m(8(a)) =
constant, we have a closed form expression for the cross-validatory predictive den-
sity. An alternative equivalent criterion, which is to be minimized with respect to
Q, is

1

I(a) Sy - X(@)B(e)'(y = X ()B(a))

= 1Y L - K@), ~ Xi(@)Bi(a)
Lo (X))
DI <|X;<a>Xi<a>|>'

Note that I'(«) is equal to the negative of the criterion (1.2) up to an additive
constant. We will prove that minimization of I'(a) is equivalent to minimization
of the loss L,(«) (defined in (1.3)) in an appropriate asymptotic sense and this
will lead to the desired asymptotic (predictive) optimality of the criterion under
consideration.

Note that the loss L, (a) defined in (1.3) can be written as

_|_

(2.1)

nLy(a) =nA,(a) + € P(a)e
where nA,,(a) = /(I — P(a))p and let
nR,(a) = E(nLy(q)) = nA,(a) + o*p,(a).

One of the key assumptions under which we prove our results is the following
condition ([12], [16]):

1
(2.2) Y ——— 0
aC A, R (c)]
for some positive integer m for which E(ef™) < oo. We also assume
PnAn

in nk
22, )

(2.3)

— 0,

where A\, = log(n/(n — k)).

For certain remarks justifying these assumptions, see [12] and [16]. In particular,
it is argued in these papers using several concrete examples, that condition (2.2)
is a natural one when the dimension p, of the largest model grows with sample
size. Also, if p, remains bounded, nR,(a) is expected to go to oo for all a as
the sample size increases, if the candidate models are separated from the truth.
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That minnR,(«a) — oo is assumption A.3" of Li [12] and as remarked therein, it

is a quite reasonable assumption if p,, grows with n. Condition (2.3) requires that
minnkR, (o) — oo at a suitable rate. Under condition (3.3) below ([16], condition
(o7

(2.5)), (2.3) holds if (prAn)/n — 0.

It is important to note that we also need to assume (n — k)/n — 0 to prove our
results (see e.g. (6.10)). This addresses an important question about the required
size of the training sample. We, however, do not claim that it is a necessary condition
for asymptotic predictive optimality. R

We now consider the criterion I'(«) as defined in (2.1). Since X («)B(a) = P(«a)y,

~(y— X(@)B() (4 - X()B(0)
= (- Pa)y
(2.4) - %e’e 4 Ln(a) — %e’P(a)e + %e’([ ~ P(a)n.
Similarly,
= (= Ku(@B) (: — Xi(@)Bi(a)
= o Reet LS - P — - Y elPi(aes
(23) o+ S el - Rl)w

We first state two auxiliary results.

Lemma 2.1. Under conditions (2.2) and (2.3),

(g~ X(@B(@)) (4~ X(0)(0)) = ee + Ln(a) + 0p(Ln()

uniformly in o € A,,.

By saying Z,(a) = 0,(Ly(a)) uniformly in a, we mean max |Z,(«)|/Ly(e) 2 0.
Lemma 2.2. Suppose that conditions (2.2) and (2.3) hold and (n — k)/n — 0.
Then

Y S~ X @B, (0)) (5, — X)) = " e oy (L))

uniformly in a € A,,.

Proofs of Lemma 2.1 and Lemma 2.2 are given in the Appendix.

In order to prove the main result of this section we need to assume another
condition which is given below.

Let

(n = B)P(@)|X (@) X ()]
(26) onie) =los { )
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We assume

(2.7) max —— ()

Remark 2.1. Let x| (a),...,x) (a) be the n rows of X(«). If these n rows are
‘similar’, e.g., if they can be thought of as (independent) realizations of a random
vector  and p,, is small compared to both n — k and n, then

X'() X (« 1<
R e S IR
j=1
! .
and similarly ‘W ~ |E(zx'))|.

In this case, it follows that a;,(«) = 0. In such a situation, assumption (2.7) seems
to be quite reasonable.

Now note that (2.3) and (2.7) will imply that the third term in the right hand
side of (2.1) is also of the order o,(L,(«)) uniformly in o € A,,. Thus

I'(«) = constant + L, (a) + 0, (Ly, («)) uniformly in « € A,

which implies minimization of I'(«) is essentially equivalent to minimization of
L, (a) in an appropriate asymptotic sense and we have the following result.

Theorem 2.1. Suppose that conditions (2.2), (2.3) and (2.7) hold and (n—k)/n —

0. Then we have the following results.
(a) D(a) = Ze'e + Ly () + 0,(Ln () uniformly in o € A,,.

(b) The model selection rule under study is asymptotically optimal in the sense that

min L,(«a)
aEA,

where &, 1s as defined in Section 1.

Proof of Theorem 2.1 is given in the Appendix.

3. Case with 02 Unknown

We now consider the more realistic situation when the variance o2

is unknown.
The standard non-subjective prior in this case is 7(8(),0?) o< - under model
«. Interestingly, the results in this case follow from the basic results obtained in

Section 2. We consider here the (‘model false’) setup and assumptions of Section 2.

Let y;,7 = 1,...,r be the r training samples chosen. The cross-validatory pre-
dictive density under model « for a training sample y, is given by

X(@)B(@)'(y — X(2)B(a))]~

w3

[Xi(a)Xi(o)]|

[(y
| X" (@) X ()] 3 =

- X(o)
[(y; — Xi(a)Bi(a)) (y; — Xi(@)B;(a))]"

1
2

1

2
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up to a multiplicative constant.
Our criterion (to be minimized with respect to «), which is an average over the
r training samples, is given by

(3.0)  T(e) =logfs()] - " F S logfSi(a)] + 1 D log 7 VT

where S(a) = (y—X(a)B(@))' (y—X (a)B(a)) and S;(a) = (y;— Xi(a)B
Xi(a)B;()).
Note that I'(a) = (k/n)log(no?) + 'y (o) where

s
=
Q
=
=z

<
—~
<
S
I

r

(32) T(a) = log [S(Oﬂ Sk zr;log {Sﬁ(o‘)} + L > () + pu(0)An,

no? o no?
ain(e) is as defined in (2.6) and A, = log(n/(n — k)). Therefore, minimizing I'(«)
(with respect to «) is equivalent to minimizing I'y («) for all . Let

ee 1
() = log ng + UQLn(a)] :

In order to prove the asymptotic optimality of this method, we first note in Lemma
3.1 below that I'; («) is asymptotically equivalent to w, () and this in turn implies
the desired conclusion as stated in Theorem 3.1. We prove these results by invoking
certain conditions which we describe below.

We first make the following assumption (see [16], condition (2.5)):

(3.3) lim infmin A, () > 0

where A, («) is as defined in Section 2. This may be thought of as an identifiability
condition on the models in the model space, as appears in the discussion of Mervyn
Stone on [16]. We further assume that

DPnAn
n

1 n
— 0 and — Z 12 is bounded,
[

(3.4) logn — 0,

and
(3.6) > log(Si) >0

with probability tending to 1, where S; is equal to S;(«) with « as the full model,
ie, ={1,...,pn}. One can give sufficient conditions for (3.6) based on the relative
magnitude of r and (n—k) as n — oo, to the effect that r is not too large compared
with m» — k& which is the case for most practically implementable schemes. We,
however, do not record the details here. The final results of this section are now
stated below.
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Lemma 3.1. Under conditions (3.3)-(3.6),
(3.7) I (@) = up(a) 4+ op(un(a)) uniformly in c.

Theorem 3.1. Under conditions (3.3)-(3.6),
(3.8) — = 1.
Both Lemma 3.1 and Theorem 3.1 are proved in the Appendix.

4. The ‘Model True’ Case and Consistency

We now show that if some model in the model space is true, the model selection
procedure under study chooses the correct model of the smallest dimension in ad-
dition to being asymptotically optimal. Thus this procedure not only captures the
truth but at the same time is as parsimonious as possible. Although the assumption
of a true model may not seem to be very realistic, our result in this section provides
a validation of the method. We, however, consider only the simpler case when o?
is known.

As in [16], let AS C A,, denote all the proposed models that are actually correct.
Thus for a € A, u = X (a)B(a) for some B(a) € RP»(), In Section 2 we assumed
that A¢ is empty. It is important to note that all the results of Section 2 with A,
replaced by A, — A¢ hold under the corresponding assumptions with A,, replaced
by A, — A¢. In particular, if

1
o X e

aEA,—AS

n

for some positive integer m for which E(e}™) < oo and

PnAn
4.2
(42) min = nR,(a) -0
acA, —A¢
with \,, = log(n/(n — k)), then
k-,
(4.3) INa) = Ee e+ L,(a) + op(Ly(a))

uniformly in « € A4, — AS.
For a € A, (I — P(a))p = 0 and (I — P;(a))p; = 0V 4. Therefore, from (2.1),
(2.4) and (2.5) we have for o € AS,

i=1 i=1 i v

Also L, () = +€'P(a)e for o € AS.
We now assume that

1
(4.5) lim sup Z — < 00.
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for some positive integer m such that E(ej™) < oo (condition (3.10) of Shao [16]),

and

4.6 =
(4.6) ol pa(@)h,

—

with A, = log(-"3) and a;,(a) as defined in (2.6). See Remark 2.1 in this context.
Let of be the model a in A{ with smallest dimension. Using the above, we now
have

Proposition 4.1. Under conditions (4.1), (4.2), (4.5) and (4.6)

k 1., 1.,
(4.7) (o) = ﬁe'e + E)\no pn(a) + op(g)\na pn(Q))

uniformly in o € AS, and

(4.8) L(as) = %e'e + 0p(Ln () uniformly in o € A, — AS.

Proof of Proposition 4.1 is given in the Appendix.

Keeping in mind the above facts, we now proceed towards proving that this
model selection rule chooses the most parsimonious correct model as claimed in
Theorem 4.1 below. Towards this we first observe that (4.3) and (4.8) imply

C _ ! - /
L (N(af) = —e'e)/(T(a) — —ele) < 1

with probability tending to 1. It then follows that

(4.9) PI(a;) <T(a) Va € A, — A7] — 1.
We now try to find some conditions under which

(4.10) P(al) <T(a) Yo € A°] — 1.
Let n[I'(a) — T'(af)] = Zn (). It is enough to show that
(4.11) P(Z,(o) > 0Va € A7] — 1.
Now,

P[Z,(a) < 0 for some a € Aj]

< Y Plzie) <o)
acAS
< Y PllZu(e) - B(Za(@))| > E(Za(a))
acAS
E|Z,(a) — E(Z,(a))]*™
- =z RCT
From (4.4)

n

(113)  Zu(0) ~ B(Zu() = = 3" &l[Pi(0) — Pi(a$Jes — ¢/[P(a) - P(a)e
i=1
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and E(Z,(«)) can be written as

o2

1 IR

—E(Zp(a)) = [pn(@) — pn(aq)]An + - Z[am(a) — ain(ay)]
i=1

where a;,, () is as defined in (2.6). If we assume

1 T
(4.14) - Z[am(a) — ain(ay)] = op([pn(@) — pul(ay)]An)
i=1
uniformly in o € A¢, then

(4.15) %E(Zn(a)) = [pu(a) = palap)]An + Op([pn<a) — palay)]An)

uniformly in « € A¢. Noting that P(a) — P(af) and P;(a) — P;(af) are projection
matrices and the first term on the right hand side of (4.13) can be expressed as
e’ Me for some matrix M, and using Theorem 2 of Whittle [18] or inequality (6.2)
of the Appendix we have

E|Zy(a) — E(Z,())]*™ < constant[p, (a) — pa(ag)]™.

It then follows from (4.12) and (4.15) that (4.11) holds if

(4.16) > 1 — 0.

2m _ c\|m
aE.Afl /\n [ n(Oé) pn(an)]

Thus we finally have the following.
Theorem 4.1. Under conditions (4.1), (4.2), (4.5), (4-6), (4-14) and (4.16),

(4.17) Pla, = af] — 1.
It is proved in the Appendix that under (4.1) and (4.2)

4.18
(4.18) cednXae Ln(a)

Since L, (af) < L, (a) Yo € AS, Theorem 4.1 and (4.18) imply the following.

Theorem 4.2. Under the conditions of Theorem 4.1, one has

(4.19) L () /L (al) 5 1.

5. Concluding Remarks

In this article we have studied predictive optimality of a cross-validatory Bayesian
approach to model selection in the context of selecting from among a set of linear
models. It has been shown that this method predicts as well as the oracle as the
sample size grows. In addition, it has been shown that in case the space of candidate
models contains at least one correct model, this method chooses the correct model
with the smallest dimension with probability tending to one as sample size grows.
Thus the method has two important facets — one of an optimal predictor and the
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other of a selection criterion which does not unnecessarily choose a complex model
when simpler ones are apt.

Needless to say, this article has not addressed some interesting related issues.
First, it will be interesting to see how this method works when it is applied in the
setup of generalized linear models, through theoretical investigation and simula-
tion. Another focus of recent research is the case when the number of potential
parameters in the models is very large, e.g., when it is of the same order as the
number of observations. Asymptotic optimality studies in such setup, even for the
normal linear models will be a really challenging task. Also, we have not touched
upon the computational aspect of this method, which becomes important if the
number of potential regressors and number of models in the model space get large.
We, however, emphasize that one rarely considers the set of all 2P possible mod-
els if p regressors are available. For example, one can use expert knowledge about
the problem under study and start with a pruned list of models or one can take
a nested sequence of models (thereby restricting the total number of models to
at most p). Li ([12], Example 1) considered a situation where the p regressors are
arranged in decreasing order of importance. He then considered p models, the a-th
model consisting of the first o regressors in this ordered arrangement. See in this
context Examples 1 and 2 of [16] where the number of models under consideration
is fixed although the number of parameters may grow with sample size. Last but
not the least, as we commented before, the requirement that k/n — 1 is only a
sufficient condition; a careful study of the necessity of this condition is in order. In
some examples, we have observed that k/n — ¢ for any ¢ € (0, 1) is also sufficient to
achieve good optimality results similar to ones we have obtained in this paper. Some
theoretical investigations and simulation studies will hopefully prove conclusive to
find the optimal k. It is worth mentioning that in a related problem Chakrabarti
and Ghosh [5] made interesting observations regarding this issue which can be a
starting point for such investigation.

Appendix

We present in this section proofs of some of the results of the earlier sections. We
will need bounds for the moments of linear and quadratic forms in e. Let A = (a;;)
be a non-random n X n matrix and b be a non-random n-vector. Then by Theorem 2
of Whittle [18],

(6.1) E(|le'b]*™) < Cy(||b]*)™, and
(6.2) E|e' Ae — E(e’ Ae)|*™ < C’Q(ZZafj)m
i

for some constants C1,Cy > 0 and for positive integer m for which F(ef™) < cc.

Below max will mean maximum over « € A,,.
«

Proof of Lemma 2.1. As shown in Li ([12], p.970), using Theorem 2 of Whittle [18]
or inequalities (6.1) and (6.2) stated above, and condition (2.2), we have

le’P(a)e — o%p, ()|

p

(6.3) max R () = 0, and
le'(I — P(a))p| »

(6.4) max TR = 0.
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Also, from (6.3)

n( ) |e/ ( )e 2 n( )| P

. Lula) 4 Plaje — o7pn(a .

(6.5) moztix| (@) | max (@) 0

Lemma 2.1 now follows from (2.3), (2.4), (6.3), (6.4) and (6.5). O

Proof of Lemma 2.2. Let

r

Zul (I —Pi(a))p;, To = Ze P;(a)e; and T3 = %Ze;(l — Pi(a))p,

i=1

Then, in view of (2.5), the left hand side of the equality claimed in Lemma 2.2 can
be written as

n—=k
2

1
6/6 + *(Tl — T2 + 2T3)
n n

We shall prove that
(6.6) Tj/n = op(Ly(cr)) uniformly in «

for j = 1,2, 3.
We fix a training sample y; = (Y1, Y2, .-, Yn—k) - Let

X@)(félc) and - P(a) = ( g)

where X7 and Xi. are the submatrices consisting of the first n — k rows and the
last k rows of X, respectively, and A and B are analogous submatrices of I — P(a).
Then

(6.7) W (I—Pla)p = wBBu+p' A'Ap, and
(6.8) w'(I—Pla)p—pi(I-Pa)p, = p'B'(I-P.) ' By,

where P, = X1.(X'() X (o))"t X7, (see, e.g., Result (5.4) of Chatterjee and Hadi
[6], p. 189). One can now check that (I — P.)™! = I + X1.(X]X;1)"t X}, and

(6.9) wB' (I —P.) 'Bu—p/B'Bu=p'B'X,.(X]X1) ' X|.Bu >0
as (X{X1)~! is positive definite. From (6.7)-(6.9)

m(l =P _ pi = Pi(e)p _  [|Apl
nlo(a) = (I —Pla)p ~ [[Apl>+[|Bpll*

We now consider average over the r training samples. Since each y; (1 < i < n)
appears in the same number of training samples, we have

T <%§ il = (O‘>)Hi<n_k_
nly(a) W =Pla)p = n

which converges to zero.
To prove (6.6) for j = 2 we note that T, can be expressed as e’ M («)e for some
matrix M (c) = (m;;), which is a sum of r matrices corresponding to the r choices

(6.10)
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of the n — k indices from {1,2,...,n} (n — k rows of X(«)). For example, for the
training sample y; = (y1,...,Yn—r) , €1 P1(c)e; may be written as e’ M;(a)e where

My (a) = ( Fita) 8), thus M(oz):(l/r);Mi(a).

As P;(a)’s are all idempotent matrices, one can show that Y > m?; < p,(c). Then
i J

7
proceeding as in the proof of (6.3) given in Li ([12], p.970) one can prove the result
using (6.2), (2.2), (2.3) and (6.5). Indeed, by (6.2),

max > €

le’M(a)e — o%p, ()
P { a nR,(a)

] m

[pn (@)
C; 2[R, (a)2m
for some constant C' > 0. The result follows from (2.2), (2.3) and (6.5).
The proof of (6.6) for j = 3 is similar. We note that 75 = e’b with b =
(1/r) 32 (I = Pi(a))p; and [[b]|* < (1/7) 2 wi(I = Py(a))p. By (6.1) and (6.10)

i=1
e’
P
{moz}x nRn(e) > €

< (") T prmar

for some constant C' > 0. The result follows from (2.2) and (6.5). Thus (6.6) is
proved and hence the lemma. O

IN

Remark 6.1. Indeed, to prove Lemma 2.1 and Lemma 2.2, we need to assume

Pn

in nRk
g )

— 0

instead of the stronger condition (2.3). We, however, need (2.3) to prove our final
result.

Proof of Theorem 2.1. Since (2.3) and (2.7) imply that the third term in the right
hand side of (2.1) is of the order o,(L,(a)) uniformly in o € A, part (a) follows
from (2.1), Lemma 2.1 and Lemma 2.2. From part (a), I'(«) can be written as

k
Ia) = ?e'e + Lp(a)(1 4 (p(a)), a € Ay,
where max |, (a)] 2 0. Now I'(&,) < T'(«) V o implies

(Gn) _ 1+Cn(a) _ LT max|u()]

L
= Y a.
Lo(@) = 1+ Gu(@n) — T-max[Gu(a)] ~ ©
Part (b) follows from the above. O
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Proof of Lemma 3.1. We first note that under suitable conditions there exist 0 <
0 < A such that

(6.11) log(1+6) < up(a) <log(l+A) Ve

with probability tending to 1. This follows from (3.3), (3.4) and the fact that

e’e/no? % 1, noting that max e’ P(a)e/n < €' Pe/n %> 0 and L,(a) is uniformly
«

(in @) bounded with probability tending to 1. Here P is the projection matrix

corresponding to the full model.
Consider now the expression in (3.2). By Lemma 2.1 of Section 2 and (6.11),

log[S(a)/nc®] = logle'e/no® + Lu(a)/o® + 0p(Ln(a)/0?)]
= logle’e/no® + L,(a)/o? + o,(€'e/nc* + L,(a)/0?)]
= log[e" (1 4 0,(1))]
= up(@) +0p(1)
(6.12) = un(@) + 0p(un(a))

uniformly in «. In view of (3. ), to prove (3.7), it remains to show

(6.13)

a)/no?] = o,(1).

Note that we are also using (3.4) and (6.11). Since S;(«) > S; for all @ and all i,
we have for all «

0< % Z log[S;(a)] = log[H i)/ < log[% Z Si(a)]

implying

n—k S ey Si(a) n—k 1 < n—k 9
— - < - — . — .
- log(no?) < - E log{ o2 | S log[r E Si(a)] - log(no*)

=1 i=1

Then (6.13) follows from Lemma 2.2 of Section 2, condition (3.4) and the fact that
L, () is uniformly (in «) bounded with probability tending to 1 (as noted earlier
in the argument for (6.11)). O

Proof of Theorem 3.1. Let &, be the model which minimizes I'(«). Proceeding as
in the proof of part (b) of Theorem 2.1, and using (3.7) we can prove that

Un(Om) oy
un(aﬁ)

This, together with (6.11), imply that

Un () — un(arLL) =0
p ~
e'e+nL,(4y) 7

Mo et nLy, (k)

)

Since €€ % 52 and L, (ak) > min A, (a), using (3.3) we have

O
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Proof of Proposition 4.1. We first prove equation (4.7). Below, by max we mean
«

maximum over o € AS. Let Z,(a) = (e'P(a)e)/(c?pn(a)). We first show that
max |Z,(«)] = O,(1). By (6.2)

P[m3X|Zn(a) — 1| > M]

Y ElZa(a) = 1"/ M

IN

C 1
< 3w

for some constant C' > 0 and by (4.5) this can be made arbitrarily small by choosing
suitable M > 0. Thus mof}x|Zn(oz) — 1] = Op(1) implying m3X|Zn(a)\ = 0,(1).
This implies (1/n)e'P(a)e = o0,(2A,0%p, (@) uniformly in o € AS as A, — oo.
Proceeding in a similar manner and noting that (1/r) XT: e, P;(a)e; can be written
as € M(a)e (see proof of Lemma 2.2) one can prove =

1 1
— E e, Pi(a)e; = op(=A,0°py(a)) uniformly in o € AS.
nr n

i=1

The result now follows from (4.2), (4.4) and (4.6).
In order to complete the proof of Proposition 4.1, we now prove equation (4.8).
From (4.7),

k 1 1
F(QZ) = ﬁe/e + E/\"U2pn(afl) + Op (n/\"a2pn(a7i)> )

The result follows from (4.1) and (4.2) noting that (4.1) implies (6.5) with max

aEA,

replaced b, max . O
p Y acA, —AS

Proof of (4.18). Note that

Ly(ag) e'P(al)e

ma = ma .
aEAni(AfL Ly(«a) a nLy ()

By (6.2) and by arguments used earlier

p max e'P(al)e — O'Qpn(a%) S <c . Pn Z 1

ac A, —Ag nR,(a) minnR, (o) wehi 1 [nRy, (o)™
for some constant C. The result follows from (4.1) and (4.2). O
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Abstract:

In statistical exercises where there are several candidate models, the tradi-
tional approach is to select one model using some data driven criterion and use
that model for estimation, testing and other purposes, ignoring the variability
of the model selection process. We discuss some problems associated with this
approach. An alternative scheme is to use a model-averaged estimator, that
is, a weighted average of estimators obtained under different models, as an
estimator of a parameter. We show that the risk associated with a Bayesian
model-averaged estimator is bounded as a function of the sample size, when
parameter values are fixed. We establish conditions which ensure that a model-
averaged estimator’s distribution can be consistently approximated using the
bootstrap. A new, data-adaptive, model averaging scheme is proposed that
balances efficiency of estimation without compromising applicability of the
bootstrap. This paper illustrates that certain desirable risk and resampling
properties of model-averaged estimators are obtainable when parameters are
fixed but unknown; this complements several studies on minimaxity and other
properties of post-model-selected and model-averaged estimators, where pa-
rameters are allowed to vary.
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1. Introduction

In typical statistical applications, it is rare that a precise model is available to fit
to the data. Selecting one model from several competing models, is often the first
step in the process. However, in the subsequent analysis, it is common to ignore the
variability in the initial model selection. Two of the many consequences of ignoring
modeling variability are (¢) under-estimation of the variability of estimators and
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predictors, and (i7) erroneous inference and prediction, resulting from incorrectly
computing the distributions of estimators and predictors. An alternative to selecting
a model first and then computing an estimator under that model is to consider
several models and appropriately average the estimators computed under these
models.

Several studies have been published recently on the properties of post-model-
selected and model-averaged estimators; see for example, [8], [23] and [24]. These
studies are discouraging as they show that many nice properties associated with
estimators under a known model vanish when there is model uncertainty. For exam-
ple, Yang [23] shows that consistent model selection/averaging, and minimax-rate
optimality cannot be simultaneously obtained. The review of Leeb and Potscher [8]
contains a discussion of several other problems with inference after model selection.

In view of these negative results, it seems desirable to scale down our expectations
while working under model uncertainty, and strive for positive, if weaker, results.
This may be achieved in one of two ways: we may either impose less stringent
conditions on our estimators, or we may relax the criterion by which an estimator
is evaluated. The latter is the goal of the present study.

The computation of an estimator is generally one of the early steps in a sta-
tistical exercise. Estimators of parameters are used for various purposes, notably
for quantifying evidence for or against scientific hypotheses, obtaining interval es-
timates for the parameter under consideration, for prediction and forecasting, and
for quantifying the accuracy of predictions and forecasts. These applications require
knowledge about the distribution of the estimator, and knowledge about the risk
associated with the usage of such estimators. In this paper, we concentrate on the
risk behavior of a model-averaged estimator, and on approximating the distribution
of a model-averaged estimator using the bootstrap.

In the first part of our study we show that under the traditional frequentist as-
sumption that the parameters are fixed but unknown constants, the mean squared
error in regression estimation under consistent model selection/averaging is bounded
as a function of sample size. This complements Yang [23], where it was shown that
a similar quantity cannot achieve minimax-rate optimality. Several of the negative
results, including those of Yang [23], arise when a parameter is a known constant
in a smaller model, while it is allowed to vary in a local neighborhood of that
constant in a larger model. Recently, Hjort and Claeskens [5] studied model aver-
aged estimators under a local parameter framework. Local parameters are ideal for
mathematical development, but they are not reflective of statistical reality; see [17].
Indeed, as Hjort and Claeskens themselves remark in the rejoinder to the discus-
sion of their paper, “a too literal belief in sample-size-dependent parameters would
clash with Kolmogorov consistency and other requirements of natural statistical
models.” [5]. In view of this, it is meaningful to verify that estimators have rea-
sonable risk behavior under consistent model selection/averaging when parameters
are fixed constants. Our result also implies that integrated risks under consistent
model selection/averaging are bounded, when integrals are taken with respect to
any probability measure on the parameter space that does not depend on sample
size.

In the second part of our study, in addition to the assumption that the parame-
ters are fixed but unknown constants, we also weaken the consistency requirement
of the model averaging procedure. In the terminology of Yang [23], a model selec-
tion/averaging scheme is consistent if it is asymptotically degenerate at the true
model, when the true model is one of the candidate models. When the models are
nested and several of them can correctly describe the data generation process, the
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most parsimonious correct model is taken as the true model. We call this strong
consistency. We define a model selection/averaging scheme as weakly consistent if it
selects or averages over all candidate models that correctly describe the data gen-
eration process. When only one model is correct, the strong and weak consistency
requirements are identical; but if models are nested and several of them are cor-
rect, a weakly consistent scheme may distribute weights among all of them while a
strongly consistent one is asymptotically degenerate at the smallest one. Recently,
Leung and Barron [11] proposed a scheme of model averaging that results in nice
risk behavior. Their scheme is an example of a weakly consistent procedure. We
show that a particular choice of a weakly consistent model-averaged estimator has
a distribution that can be approximated using the bootstrap.

In Section 2 we propose a simple linear regression model framework to study
model uncertainty. We also discuss some of the properties of post-model-selection
estimators that make them unsuitable for further applications, and also some prop-
erties of model-averaged estimators. This is followed in Section 3 with a discussion
of mean squared error of the Bayesian model-averaged estimator. In Section 4 we
propose a new adaptive, model-averaged estimator whose distribution may be con-
sistently approximated using the bootstrap. A simulation example is discussed in
Section 5. Finally, in Section 6 we discuss some aspects of our results, and point to
some open issues relating to model uncertainty.

2. Issues with Model Selection or Averaging

We select a simple regression framework for our study, which is the same as that
used by [8], and similar to that of [24]. The observed data {(V;,x; = (z41, 242)7),t =
1,...,n}, are modeled as

(2.1) Y, = axy + Bri + ey,

where the e;’s are independent, identically distributed N(0,0?), 0? known. The
design matrix X with rows given by xf = (241, 242) is non-random. We denote
the two columns of X as X; and X5, the vector of errors as e, and the vector
of observations as Y. The inner products and norms used below are the usual
Fuclidean ones. The notation D is used for the determinant of the design matrix,
thus D = [|X1]|?]|X2]|>~ < X1, X2 >2. The unknown parameters in this model
are (a, 3). Model uncertainty surrounds the issue of whether or not 8 = 0. In this
paper, for ease in presentation, we consider the problem of estimation of «.

We make the standard assumption that n~'XTX — Q for a positive definite
matrix Q. This, in particular, implies the standard design conditions

(2.2) IX1l> = O(n), [IX2|]> =0(n),
(23) <X, Xo> = O(n), D=|X1|?X:|>— < X1, X2 >%=0(n?).

We also assume that n ™! < X1, Xo >-4— 0 as n — oo, since without this restriction
the effect of model uncertainty vanishes in this framework.
The true model, called My, may be described as

Mo — U (unrestricted)  if 5 # 0;
7 1 R (restricted) if 6=0.

Under U, we adopt the ordinary least squares or maximum likelihood esti-

— ~

mators (o, ) = (XTX)"!XTY. Our notation for these are (&(U),3(U)). Un-

der R, B(R) = 0, and the ordinary least squares or maximum likelihood esti-
mator for a is &(R) = [, %] Y 19 Define Vi = o[ X1||7! < Xi,e >
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and Vo = o ' D7V X4 ]| {< Xo,e > —[|X1]| 72 < X1, X2 >< Xi,e >}, thus V =
(Vi, Vo)T' ~ N (0,I,). In terms of V, the estimators are

a(R) a+ Bl X7 < X1, Xo > o[ Xa |7V,
a(U) | = | a+ollXa]|7Vi —ol|X1[[TTD7V2 < X1, Xy > Vs,
p) B+ || X1|| D72V,

The dichotomy between the bias of the restricted model R and the wvariance of the
unrestricted model U can be clearly seen in the above formula. The restricted model
estimator &(R) has a bias factor 3||X;||7? < X1, X2 >, which vanishes under R,
while &(U) has an extra factor of o||X,||"* D=2 < X}, X, > V, that inflates its
variance relative to &(R). Hence, model selection or model averaging is essentially
a process of balancing bias and variance; see [20].

Let 0 be the standard deviation of 3(U). This is a non-random, known number
depending on 02 and X. The following model selection criterion is used:

= U if |n_1/2051ﬂ:(U)| > ¢
R if |n_1/20iglﬂ(U)| <ec.

The above criterion may be identified as representative of standard model selection
tools, in the simple regression model. In particular, the above criterion is the tra-
ditional pre-test procedure based on the likelihood ratio, coincides with the Akaike
Information Criterion (AIC) if ¢ = /2, and coincides with the Bayesian Infor-
mation Criterion (BIC) if ¢ = y/logn. The post-model-selection estimator of «
is

Several nice properties are known about M and, consequently, it is generally
believed that & will also have good properties. Some of the important properties
include that for all 8 and as ¢ — co,n"'/2¢c — 0, P[M = My] — 1, {M = My} C
{a& = &(Mp)} and thus Pla@ = &(My)] — 1 (see [15]). Note that &(Mp) is the
‘oracle’s guess’ about «, and is not a statistic, since it is based on the knowledge of
(. The above properties tend to give the impression that & is a very good estimator.

However, there are some major problems since the above results are asymptotic in
nature, and the asymptotics can take a long time to kick in, as well as be dependent
on the value of 8. Our primary reference for this model and its basic properties [8]
identifies this as a problem of non-uniformity in 3 of the convergence of M and é.
It can be immediately seen that the estimator & is super-efficient when ¢ — oo,
c/v/n — 0, as with BIC. The major repercussions of super-efficiency of & and the
non-uniformity of its asymptotics is in its risk performance, and in its finite sample
behavior. The mean squared error of & is unbounded and depends on (3, while that
of &(Mjy) is a constant. As a consequence, the finite sample behavior of & is erratic
and can be quite unlike its asymptotic approximation. Available simulations confirm
this; see [8]. Several other studies conducted by Leeb, Pétscher, Yang and others
reveal how and why the properties of & and &(My) differ. For further information
see, for example, [6-10, 22, 24, 25].

The super-efficiency of @ results in most variations of the bootstrap being in-
applicable. Only subsampling ([14]) and the m-out-of-n bootstrap with m/n — 0
would yield consistent approximations of the distribution of &. Unfortunately, these
methods have problems of their own, some details of which can be found in [18] and
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[1]. Specifically, although subsampling is asymptotically consistent, it can perform
miserably in finite samples. For any « € (0, 1), the actual asymptotic coverage of a
standard level (1 — «) subsampling confidence interval can be zero; see [1] for de-
tails. The finite sample properties of subsampling based methods can be improved
sometimes by considering hybrid techniques, calibrations and other modifications,
as documented by [2]. However, the asymptotic zero coverage of subsampling in-
tervals for & cannot be reversed by, for example, size correction, since technical
conditions that allow for such correction to work are not satisfied by a.

The above issues with post-model-selection estimators lead to model-averaged
estimators. A model-averaged estimator of « is of the form

(2.5) & = a&(R)pr + a(U)py,

where pr and py are two weights associated with the models R and U. Yang
and his co-authors have extensively studied aggregation across models for several
statistical procedures like estimators and forecasts, in both their algorithmic as
well as theoretical aspects (see [22-25]). In particular, a result of [23] implies that
when the model averaging technique is strongly consistent, the supremum of the
mean squared error of n'/?(& — a) over values of (o, () tends to infinity. Thus,
strongly consistent model averaging does not attain the minimax rate. Our result
in Section 3 shows that, up to constant terms, it is no worse than the post-model-
selection estimator when («, ) are held fixed.

Recently, [5] studied several forms of model averaging and showed that a typical
model-averaged estimator converges weakly to a mixture of normal laws, when
the parameters of the true model are in a O(n~'/2) neighborhood of the simplest
candidate in a nesting of models. Since subsampling does not seem to perform
well in practice, it is important to study conditions on model weights under which
bootstrap approximations of finite sample distributions hold, i.e., conditions under
which the statistic under consideration is smooth and asymptotically normal (see
[12], [13]). This is studied in Section 4.

3. Risk Profile of Model-Averaged Estimators

Several problems associated with the post-model-selection estimator can be at-
tributed to its lack of uniformity, as discussed extensively by others [8]. One is the
super-efficiency of &, for example, when BIC is used for model selection. The core
problem of lack of uniformity in the convergence pattern of & is unavoidable — even
with model averaging — when a strongly consistent model averaging technique is
used, as described by [23]. In this section we show that when parameter values are
fixed, model averaging is no worse than model selection, up to constant terms.

Under the unrestricted model, U, we choose the prior on (¢, ) to be a standard
mean zero, identity covariance bivariate Normal distribution, N(0,I). Under the
restricted model, R, the prior on « is a standard univariate Normal distribution,
N(0,1). We put equal prior weights, i.e., 1/2, on the models, so the prior odds is
1. Our notation for the posterior probabilities of the two models are 7, and 7, 5.
Since o is known, without loss of generality we also assume o = 1 in this section.
Thus the Bayesian model-averaged estimator of « is

(3.6) dppMA = 7T7LU64(U)+7TVLR64(R)'

We use the pre-selected, least squares estimators &(U) and &(R) as constituents
of &ppra, and consider the squared error loss function. The case where a general
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loss function is used, with &(U) and &(R) taken to be the Bayes estimators under
models U and R, is very similar. The following Proposition is our main result in
this section.

Proposition 3.1. The normalized risk of épya, nR(a) = nE(dpya — @)?,

satisfies supnR(«a) < oo, for every fixzed choice of o and (3. Hence, the integrated
n

normalized risk sup/ nR(a)d\(a, B) < oo for any probability measure A(-) that
a, B

n
)

does not depend on n.

Proof of Proposition 3.1. In the following, we use C' as a generic constant, not de-
pending on the parameters a and (3 or the sample size n.
Note that &(R) = &(U) + B(U)||X1]|72 < X1, X3 >. Therefore,
nR(a) = nE[mpa(U)+mepa(R) — al?
(3.7) < MEGU) - o) + 2| X1]| 4 < X1, X2 S2 E {WZRBQ(U)} .

2
Note that E (&(U) — a)? = o2||Xy||2E {Vl— < X1, Xo > D—l/%] = COn~! and

En2,3%(U). < 232En?, + Cn~'. Thus, we need suitable bounds for 2 Ex2 . We
now have

Pnr =mp(Y)/ (mu(Y) +my(Y)) =

mp(Y) me(Y)\ ™" _ ma(Y)
my (V) (”mU<Y>) : |

Then, making use of the moment generating function of a x? random variable, we
can deduce that

mR(Y)
b (mUm

2
) = Cn®exp {—nCy(a® + %)}

for a particular constant Cy. This yields, at (3.7), that
nR(a) =Cn~ '+ Cn*B% exp {—nCy(a® + )} .

which is bounded for every fixed (o, ), as a function of n. The rest of the result
follows. O

Remark 3.1 A lower bound for nR(«) can also be established using arguments
similar to those above. With slight modification, the above approach using the
moment generating function of a non-central x? random variable can be used to
provide an alternative proof of Theorem 2 of [23]. It can also be seen that even when
(o, B) vary over a compact set, the supremum of nR(«) over («, 8) is unbounded.

4. Adaptive Model-Averaged Estimators and the Bootstrap

The results of Hjort and Claeskens [5] and Leeb and Potscher [8] indicate that
the post-model-selection estimator and many model-averaged estimators cannot be
consistently bootstrapped. The problems associated with the risk behavior, and
those associated with bootstrap approximation, arise from two different sources.
Undesirable behavior of the risk function arises from considering scenarios as pa-
rameters vary, while a major reason why the distribution of post-model-selection
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or model-averaged estimators cannot be approximated by bootstrap methods is
because of lack of smoothness of the estimator, or lack of asymptotic normality.

In this section we study the conditions on the model weights which are required
for consistent bootstrap approximation of the distribution of the resulting model-
averaged estimator. Clearly, since the distribution of &(U) can be approximated
using the bootstrap, putting the entire weight on model U is an option. However,
balancing between &(U) and &(R) can lead to a more efficient estimator. We pro-
pose below a data-adaptive model weighing scheme that achieves the dual goals of
reasonable efficiency and bootstrap consistency.

A model-averaged estimator of « is of the form

(4.8) & = &(R)pnr + &(U)pnu-

Notice that we have adopted a different notation (p,r and p,y) for the model
weights in this Section, from those (m,r and m,y) used in Section 3. This is to
emphasize that the nature of these weights may be different. We retain the condition
that the parameters (o, 3) are fixed but unknown.

A primary requirement for consistency is p,r +pnu = 1, as pointed out in [5]. In
order to avoid pathologies, we also specify that p,y € [0,1]. Note that the weights
prnr and p,y may depend on the parameters (a, 3), and the random component V,
apart from the known constants X and o2.

Replacing p,uv by 1 — ppr, we thus have

a = CV+J||X1H_1V1 +ﬁan||X1H_2<X1,X2>
—o|| X1 7' DT? < X1, X2 > (1 — pug)Va.

A primary requirement on ¢ is that it should be consistent, and the following
proposition establishes a necessary and sufficient condition for this.

Proposition 4.1. The model-averaged estimator & converges in probability to o if
and only if Bpnr converges in probability to zero as n — co.

Proof of Proposition 4.1. The sufficiency part follows easily from the design condi-
tions (2.2)-(2.3). For the necessity part, suppose that Op,r Lé#£0asn — oo
This is clearly equivalent to ppr - ¢ = ¢/ #0asn — oo and § # 0. Hence, we
also have (1 — pnz) {a|\X1||*1D*1/2 < X1, Xo > 1/2} 2, (1—¢)0 = 0. This implies

a5 o — &y # a, where || X1||7! < X1, Xy >— v as n — oo. The case where p,r
does not have a limit can be treated similarly with a little more algebra. O

The next proposition is an extension of the previous one, and establishes sufficient
conditions for asymptotic normality of c.

Proposition 4.2. The scaled and centered model-averaged estimator n'/?(é& — a)
has an asymptotic normal distribution if (i) n'/?Bp,r converges in probability to
zero as m — oo, and (ii) ppr converges in probability as n — oo for all values of

(o, B).

Proof of Proposition 4.2. The first condition forces the bias component in & to be
o(n='/?), while the second condition allows for use of Slutsky’s theorem. O

By requiring n'/28p,r = 0 as n — oo we have ensured that, when 8 # 0, we
have n'/2p, r 2 0. Thus the model-averaged estimator is close to the unrestricted

model estimator &(U), and has the same limiting distribution up to first order
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terms. However, when 8 = 0, the asymptotic distribution of n'/? (& — ) depends
on the limit of p,, g, which is between zero and one. Thus, when the restricted model
holds, the asymptotic variance of & is between that of &(R) and &(U). The relative
strengths of different candidates for model weight p,r may be evaluated by their
probability limits when 8 = 0. We note that we consider (o, ) as fixed constants
and do not allow them to vary with n. If, for example, we assumed 8 = O(n_1/2)7
then the first condition of Proposition 4.2 would imply asymptotically zero weight
on the restricted model.

In order to progress towards bootstrap consistency, apart from asymptotic nor-
mality of &, we also need p,, g to be a smooth function. Thus ruling out the indicator
function p,r = I{\n—l/%ng(Uﬂgc} used in &. Keeping in view the nice properties
of &, we now develop an adaptive, data-driven model weight function p, r that is a
smooth version of I{\n*1/2a§1ﬁ(U)|§c}'

For any k,, we split the event {—k,, < 3(U) < k,} into two events, {3(U)—k,, <
0} and {B(U) + k,, > 0}, and approximate the indicators of these events separately.
Our approximation for I{ﬁ(U)—kn<0} is

§in = &in (71n,B(U)7/€n)
= (e {1 ~k)}) " e {-nBO) — )},

and for Iz p S0y 18

on = Ean (10, BO) 1) = (14 0 {220 (B0) 4 5)}) ™ exp {an(B0) + k) ).

We take the two tuning values 71, and 73, to be always positive. However, they
change with n; and in a major departure from traditional model weights, they are
not equal to each other, and also depend on the data. Thus, 1, = Y1, (e, 5, V) and
Yon = Yan(a, B, V) are unequal, random weights.

Equipped with these functions, we define

PnR = 0'5§1n + 0-5€2n~

We adopt the paired bootstrap as our resampling strategy. Thus, we draw a simple
random sample with replacement of the data pairs (Y;*,x}), i =1,...,n, from the
original data (Y;,x;), ¢ = 1,...,n. The entire process of obtaining &(R), &(U),
B(R), Pnpr, and & is imitated with the resample (Y;*,x}), i = 1,...,n, and we
approximate the distribution of n'/2(& — «) with the distribution of n'/2(&* — &),
conditional on (Y;,%;), ¢ = 1,...,n. A technical condition guarantees that the
design matrix from the resampled data is non-singular with high probability; see
condition (1.17) of [3].

The following Theorem is our main result in this section, and establishes consis-
tency of the bootstrap for a adaptively weighted model-averaged estimator.

Theorem 4.1. Assume that sequence of constants k, | 0 as n — oo. Suppose the
tuning constants are chosen as Y1, = anﬁ(U) Yon = —anB(U) where {an} is a
sequence of positive constants satisfying a,, *log(n) | 0 as n — oc.

Then nl/Q(d—a) has an asymptotic Normal distribution and the paired bootstrap
is consistent for it.
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Proof of Theorem 4.1. For the asymptotic normality we only need to check that
the conditions of Proposition 4.2 are met. We illustrate the calculation for verifying
n/2¢1,, 5 0, when § # 0.

P :|n1/2§1n| > e}
= PlI(1+er{-nGw)-k})
exp {—71n(B(U) — k) + 0.5log(n)} | > e]

< P :exp {f’yln(B(U) —kn)+0.5 log(n)} > e]

= P ﬁ(U) lies between the roots of 2% — k,2 — 0.5a,, ' log(n) + a,, * log(¢) = 0} .

The roots of the equation 22—k, x—0.5a,, * log(n)+a,, * log(e) = 0 are always real
when € < 1, since k2 + 2a,, ! log(n) — 4a,, ! log(€) > 0 for all n. Note that the square
of the distance between the roots is given by (ki + 2a,, ' log(n) — 4a;, ' log(e)) /4.
When k,, | 0, k2 + 2a,,log(n) — 4a, ' log(e) | 0, hence the Lebesgue measure of
the interval between the roots goes to zero as n — oo, thus ensuring

P |3(U) lies between the roots of 2 — k,z — 0.5a;, ' log(n) + a;, ' log(e) = O} — 0,

as n — 0o. Note that this result actually does not depend on the value of 3, as long
as it is non-zero.

Other parts of the proof for asymptotic Normality may be verified similarly. Since
& is a smooth function of a, # and V, and has an asymptotic Normal distribution,
the consistency of the paired bootstrap procedure follows from [12] and [13]. O

Remark 4.1. The condition k,, | 0 as n — oo is a weaker restriction than typically
found in literature. Since 3(U) = O,(n~'/?), the AIC criterion uses k, = O(n~1/2),
while the BIC uses k, = O(n~'/2,/log(n)).

Remark 4.2. The assumptions of Proposition 4.1 and Proposition 4.2 cannot be
weakened in general. The example of Section 10.6 of [5] provides a test case. It is
a simpler version of the model described in Section 2, and simply has Y7,...,Y,
independent, identically distributed as N(u, 1) random variables. Model uncertainty
is about whether ¢ = 0, and the natural estimator for p is ¥, = n=' 3" | ¥; in
the unrestricted model, and 0 in the restricted model. A model-averaged estimator
is i = W(n'/?Y,)Y,, for some weight W(-) € [0,1]. Note that under a model with
contiguous alternatives jiiye = n~ /20, the requirement that i be consistent for
Hirue actually places no restriction on the weight W(-), which may take any value

in [0, 1]. However, if we want consistency under arbitrary p, W(n'/2Y,) & 1is a
requirement.

For asymptotic normality, n'/2(1—W (n'/2Y,,)) £ 0 and convergence in proba-
bility of W (n'/2Y,,), are requirements. Under pi¢,ye, this implies that W (n'/2Y,,) %
1 must hold, while for general p, the stronger condition n'/2(1 — W(n'/2Y;)) £ 0
must be satisfied.

Under ft4pye, it is of interest to approximate the distribution of the standardized
statistic

Ap =02 (1 = pipue) = n2W 02V, Y, — 6 = W (0 + Z,) (6 + Zn) — 6,
where Z,, ~ N(0,1).
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A natural question is what should be a bootstrap equivalent of A,. Suppose
Y*, ..., Y are a random sample from the data Y7,...,Y,. We consider the boot-
strap equivalent of n'/2Y;, to be n'/2(Y;* —,,), and not n'/2Y;*. This is in keeping
with [4], who put forth the guideline that for good power performance, resampling
must be done to reflect the null hypothesis. While model selection is not in general
a hypothesis test, some of the same principles are applicable.

Hence, we have i* = W (n'/2(Y* —Y,,))Y,*. When 1 — W (n'/2Y;) £ 0, it can be
readily seen that the distribution of A* = n!/2(i* — j1), conditional on Y7,...,Y,,
and that of A,, converge to the same limit law. O
Remark 4.3. We conjecture that for the model-averaged estimator proposed in
this section, a result similar to [16] would hold. In the framework of this paper,
the statement corresponding to the main result of [16] would be as follows: Let
Fpap(t)=P[n'?(a—a) <t], and let F,(t) be an estimator of F, o 5(t) satisfy-

ing for every § > 0 Py, o8 U Ep(t) — Fpap(t) |> 6] — 0,asn — 0o. Then 3 dg > 0
and po > 0 such that

(4.9)  sw Py [ Falt) = B g 50) 1> 8] = 15
(&,8)eB((a,8);p0/+/T)

where  B((a, 8);a) = {(0775) : ||(0~475~) —(,p)]| <a

is the open ball of radius a around (o, (). It can be seen that under standard
conditions, if the supremum in (4.9) is taken over B((a, ();a,) with a,, = o(n~'/?)
instead of B((«, 8);po/+/n), the limit would be zero instead of 1. Thus the result
of [16] may be improved to the case where the supremum is taken only over the set
of parameter values that are exact order n~'/2 away from the (o, ) under which
the estimator Fn() is computed. This is easily verified, for example, when o = 0,
oc=1and Xy =1.

Note that from a bootstrap approximation point of view, (4.9) is not a negative

result, but a very positive one. The uses of bootstrap approximation are for con-
structing interval estimates, testing hypotheses and so on. Equation (4.9) and other
related results from [16] imply that a bootstrap approximation F’n() constructed
under the ‘null’ (e, (), has sup-norm distance of 1 from the true distributions un-
der parameter values that are exact order n~'/2 away from the (o, 3). Thus F},(-)
has power 1 in hypothesis testing under contiguous alternatives. This is a further
confirmation of the tenet of [4], that resampling procedure ought to reflect the null
hypothesis.
Remark 4.4. It is of interest to know that the asymptotic variance of & depends
on A, and is given by Var(n'/?(& — a)) — Var(n*/2(&(U) — a)) — 0 if § # 0, while
Var(n'/?(@—a))—{0.5Var(n*/3(&(U) —a))+0.5Var(n*/?(a(R) —a))} — 0if 3 = 0.
This is established by checking that both &3, and &2, tend to 1/2 as n — oo when
3 = 0. Thus & performs like the correct estimator &(U) when model U is valid, and
balances between the correct and conservative choices when the restricted model R
is true.

5. A Simulation Example

We performed a small simulation experiment to illustrate some of the features of
inference under model uncertainty that have been discussed in the previous sections.
We took n = 50, x;; = 1, and generated 50 numbers from the Uniform distribution
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F1G 1. Panel (a) is the mean squared error of &gara (solid line), Gprs (broken line), Gapra (dot-
ted line), and &(U) (dot-and-dash line). Panel (b) is the ratio of Kolmogorov Smirnov distances
KSRatio; = KSjr/(KSjr+KSju), j = MS,BMA, AMA, scaled by 100; between distributions
of centered and scaled estimators and &(R) (for KS;r) and &(U) (for KS;y ).

supported between zero and three and fixed these as the z;5 values. We fixed a = 1,
and varied the 3 values.

For different values of 3 € [—1, 1], we obtained sampling distribution approxima-
tions of (i) the post-model-selected estimator dpsg, (i) a version of the Bayesian
model-averaged estimator é&pgasa, and (i) an adaptive model-averaged estimator
Gana, by 5000 replications for each value of 3. For the Bayesian model-averaged
estimator, model R was assigned weight ¢,r = exp(—BICr/2)/(exp(~BICR/2) +
exp(—BICy/2)) while model U was assigned weight 1 — ¢, . We define

BICR = Y [V —dgrzal® +log(n),
N 2
BICy = > [Vi~ayan —Buwa| +2log(n).

For the adaptive model-averaged estimator, we took a, = (log(n))?.

The requirement that a, !log(n) | 0 suggests that a, should be an increasing
sequence, growing faster than log(n). Several choices of a,, were used initially, and
it turned out that very slowly increasing sequences like a,, = (log(n))? or very
quickly increasing sequences like a,, = n%*% performed better than others. This
is a reflection on our way of constructing the functions &1, and &5, using 7y, and
Yan. Alternative choices, like y1, = a,|3(U)|{B(U)} !, are a subject for further
research.

The first object of our study is the mean squared error of the three estimators of
a, namely, dars, @papa, and dapa. Panel (a) in Figure 1 contains the graphs of the
mean squared error (MSE) as 8 varies between [—1,1]. In this and all subsequent
figures, the solid line corresponds to &gas 4, the broken line to éjg, and the dotted
line to &apra. In this figure, we have also added the graph for the MSE of &(U),
which is the nearly horizontal dot-and-dash line. First, using model selection or av-
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FI1G 2. Panel (a) is the subsampling approzimation (subsample size 20) for the distribution of
centered and scaled Gppra (solid line), aprs (broken line), &anra (dotted line). Panel (b) is the
corresponding bootstrap approrimation.

eraging is clearly better than using &(U) only in the region 0+2/y/n = (—0.3,0.3),
where M'S, BM A and AM A all perform better than &(U). However, in the neigh-
boring regions |3| € (0.3,0.8), &(U) has smaller MSE than the three estimators. For
high values of | 3|, using model selection/averaging or the unrestricted model makes
little difference. Thus whether model averaging/selection is useful or not depends
considerably on the value of 5. Also note that BM A has a lower MSE compared to
M S for low values of |3] and only marginally higher MSE otherwise, with a much
lower maximum MSE value. The graph for AM A tends to stay closest to the graph
for &(U), and thus does better than BM A or M S in the region |3| € (0.05,0.75),
but is marginally poorer otherwise.

In order to study how the three estimators balance between &(R) and &(U), we
computed the Kolmogorov—Smirnov distances KS;r and KS;y, between the dis-
tribution of n'/2(&; — «), and the distributions of n'/2(ar — ) and n'/?(ay —
a), where j = MS BMA, AMA (MS: model selected, BMA=Bayesian model-
averaged, AMA=adaptive model-averaged). We then computed the ratios

KS;n

__BOR i MS BMA, AMA.
KSjR+KSjU J

KSRatio; = 100

Under ideal circumstances, this ratio ought to be zero at 8 = 0, and 100 for 3 # 0.
Panel (b) in Figure 1 displays the K.SRatio; values for the three estimators j =
MS,BMA,AMA. When 0 = 0, MS is closest to &g, while, as predicted, AM A
balances between &g and &y. The Bayesian model-averaged estimator BM A lies
between M A and AMA, and is quite close to MS. In the region 0 &+ 2//n ~
(—0.3,0.3) both M S and BM A are much closer to &g than &y .

Next, we studied resampling for the three estimators. Subsampling with sub-
sample size m = 20 = 0.4n and the bootstrap was studied. Note that subsam-
pling is consistent for all three estimators, but the bootstrap is consistent only for
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AMA. Panels (a) ((b)) of Figure 2, respectively, present the Kolmogorov—Smirnov
distance, scaled by 100, between the distributions of n'/2(&; — a) and its sub-
sampling (bootstrap) version, j = MS, BM A, AM A. We present the graphs for
|8 < 0.4 =~ 3/y/n, since there is not much difference between the three graphs for
other values of 3. It can be seen that the distances between the actual distribu-
tion and its subsampling/bootstrap versions are much smaller for AM A, while the
resampling approximations for MS and BM A are particularly bad in the regions
{|8] € (0.1,0.3)}. Also, there is little visual difference between the accuracies of the
subsampling and the bootstrap approximations despite their different asymptotic
behavior, which confirms some of the observations made in [1], [2] and [18].

6. Discussion and Conclusions

The problems associated with post-model-selection estimation have been discussed
by several researchers. In current statistical practice, the process of selecting a
model has similarities with hypothesis testing. On the other hand, estimation of
parameters, some of which may be known constants in some of the models, is
generally entirely separated from model selection. Estimation and testing/selection
are two different paradigms of statistical analysis that are hard to integrate. The
lack of uniformity across models that parameter estimators generally display, and
the issues that arise subsequently, are products of the less than successful attempt
to combine the two processes of estimation and selection.

In the Bayesian paradigm, model averaging seems to be a good integration of
the two, since the selection step here is also an estimation exercise in spirit. The
statement about integrated risks in Proposition 3.1 implies that Bayes’ risks of
model-averaged estimators are bounded. Thus, while minimaxity seems to be an
elusive goal under model uncertainty, a fully Bayesian approach to analyzing risk
behavior may be more successful.

In the context of bootstrapping model-averaged estimators, an alternative to &
is to estimate the bias in & in all the models, and define a bias corrected average
of these. As the bias of &(R) is f||X1||7! < Xi,X2 >, if we estimate this by
/3’\|X1||*1 < X1, X5 >, we get back &(U). Nevertheless, in more complex problems
the ‘bias corrected model averaged’ estimator may be an interesting object to study.

In Theorem 4.1 we established the consistency of the paired bootstrap for a data-
adaptive model-averaged estimator. Two other kinds of bootstrap are available in
the linear regression context; namely, parametric bootstrap and the residual-based
bootstrap. When only one model is in use, the parametric bootstrap generates
data from it using estimated values for the unknown parameters, while the residual
bootstrap obtains residuals after fitting the model. The equivalents of these are not
obvious under model uncertainty.

In Section 4 we remarked that the data adaptive weights p,r and p,y may
not share the same properties as the posterior model probabilities 7,z and m,y of
Section 3. It would be interesting to study when p, g and p,y can be interpreted as
posterior probabilities, and also under what conditions the frequentist properties
of a Bayesian model-averaged estimator may be elicited using the bootstrap.
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Abstract: In recent years, the literature in the area of Bayesian asymptotics
has been rapidly growing. It is increasingly important to understand the con-
cept of posterior consistency and validate specific Bayesian methods, in terms
of consistency of posterior distributions. In this paper, we build up some con-
ceptual issues in consistency of posterior distributions, and discuss panoramic
views of them by comparing various approaches to posterior consistency that
have been investigated in the literature. In addition, we provide interesting
results on posterior consistency that deal with non-exponential consistency,
improper priors and non i.i.d. (independent but not identically distributed)
observations. We describe a few examples for illustrative purposes.
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1. Introduction

Let 6 be an unknown parameter and Xy, Xo,...,X,, be n random variables whose
joint distribution is Pe(n). In order to draw inferences on 6, a Bayesian posits a
prior distribution IT for # and updates this prior to the posterior distribution given
X1,Xo,...,X,, which we denote by II(:| X7, X5, ..., X,). This paper focuses on
some issues related to an asymptotic aspect of this posterior distribution, namely,
consistency.

The sequence of posterior distributions {II(-| X1, Xs,..., X, )} is said to be con-
sistent at 6, if the posterior converges, in a suitable sense, to the degenerate mea-
sure at 6.
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Posterior consistency is a kind of frequentist validation of the updating method.
If an oracle were to know the true value of the parameter, posterior consistency
ensures that with enough observations one would get close to this true value. Pos-
terior consistency also assures that as more and more observations accumulate, the
observations have to dominate the role of the prior in inference. There are other
interpretations related to merging of opinions and other concepts. We refer the
reader to Diaconis and Freedman [10].

In order to set the perspective for this paper we begin with a short summary
of earlier results in posterior consistency. Details and additional references can
be found in Ghosh and Ramamoorthi [19]. The first posterior consistency result
goes back to Laplace. In more recent times posterior consistency and asymptotic
normality of the posterior were established for regular finite dimensional models. In
a seminal paper, Freedman [12] gave a nonparameteric example, with integer-valued
observations, where the posterior is inconsistent. In [10], Diaconis and Freedman
showed that in the nonparametric case inconsistency can occur, even in location
models with an Euclidean parameter. They suggested that instead of searching for
priors that would be consistent at all unknown values of the parameter it would be
fruitful to study natural priors and identify points of consistency.

On the positive side, Freedman [12, 13] and soon after Schwartz [25] provided
conditions under which the posterior probability of a set A will go to 0. These condi-
tions involved two parts, one on prior positivity of Kullback—Leibler neighborhoods
and the other on existence of certain test functions. Under the assumption of prior
positivity of Kullback—Leibler neighborhoods, Barron gave necessary and sufficient
conditions for the posterior probability of A to go to 0. These results were then
specialized to weak and L; neighborhoods by Barron et al. [3], Ghosal et al. [15]
and Walker [32].

One aspect of these results was that they all established exponential consistency.
In this paper we first give a quick review of these results from a slightly different
perspective with a focus on the role of exponential consistency. We then give an ex-
ample where there is consistency but not exponential consistency. The example also
shows that the exponential aspect is not driven by the Kullback—Leibler condition.

Another early result in consistency is due to Doob [11], who showed that posterior
consistency occurs for all # in a set of prior measure one. In this paper we consider
a study of the non i.i.d. case based on Doob’s result, specifically, the simple linear
regression model. The martingale techniques are not applied here and we discuss
the connection of posterior consistency with orthogonality of product measures.

Consistency is just the beginning of Bayesian asymptotics. Issues such as rates
of convergence and asymptotic normality have received quite a lot of attention. Yet
it appears that even at the level of consistency there are still issues that need to be
clarified. In this paper, we review some conceptual issues in consistency of posterior
distributions, and discuss different approaches to posterior consistency that have
been investigated in the literature; we view this as a followup of Ghosal et al. [14].
We have attempted to elucidate those sufficient conditions to establish posterior
consistency and tie up some loose ends on diverse conceptual issues in consistency
of posterior distributions. The paper also contains some new results along with a
brief commentary to the subject. In general, detailed proofs are omitted and given
only when they are different from standard published materials or when the result
is unpublished.

Section 2 contains a summary of some background material, some of the nota-
tions and assumptions used in the paper. Section 3 largely describes known results
although some of the proofs are reorganized. The criteria based on the uniform
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strong law of large numbers is new and so far we are not aware of any significant
application. The result might still be of interest because of its similarities to results
on the consistency of nonparametric maximum likelihood estimates (NPMLESs) and
also because it affords a natural extension to non i.i.d. cases. Section 4 specializes
the results in Section 2 to the context of consistency. After a brief discussion of
Schwartz’s result, we discuss the known conditions for L; consistency and the rela-
tionship between these. Section 5 extends the Schwartz theorem to improper priors
and formal posteriors. The result is new even in the parametric case. We have not
pursued conditions for stronger consistency because improper priors usually arise
in finite dimensional situations where weak and strong consistency coincide. Sec-
tion 6 contains an example. All the general consistency results in the literature
actually establish exponential consistency. In Section 6 we give an example where
consistency obtains but not exponential consistency. The example surprised us as
we had believed that, at least in the i.i.d. case, consistency would always be at an
exponential rate.

In the last section we study the extension of consistency results to a non i.i.d.
case. We give an example to show that the analogue of Doob’s theorem will not
always hold, and we prove a Doob theorem for the linear regression model with
nonparametric errors. We also briefly discuss an extension of the theorem of Walker.

2. Preliminaries

In the setup that we consider, © is the parameter space ; {fy : 6 € ©} is a family of
densities with respect to a o-finite measure py on a measurable space X'. We will use
Py to denote the probability distribution generated by fy. Throughout the paper
we assume that © and X’ are complete separable metric spaces and we also assume
that 8 — fy is 1-1 and (0,2) — fg¢(z) is measurable.

The affinity, Aff(f, g), between any two densities is defined as Aff(f, g) = [ /fgdu.
Let IT be a prior distribution, i.e., a probability measure on ©. Given 6, X1, Xo,..., X,
are assumed to be ii.d Pj. ( )(xl, Z2,...,%,) will stand for the joint density
szl fG (xz)

The Kullback—Leibler (KL) divergence is denoted by K (g, 0) = Ey, log(fo/fo,)-
A KL neighborhood K (6y) of 6y is denoted by {6 : K(6y, ) < €}.

Definition 2.1. A point 6y is said to be in the KL support of II if for all € >
0,11 (K(0p)) >0

The posterior distribution II(A| X1, X, ..., X,), the version that we consider, is
given by the following. For any measurable subset A of O,

Ja(X1, Xo, ..., X5)

2.1 II(A| X, Xs, ..., X,) =
(2.1) (AXy, Xo, o, Xn) J(X1, X2, ..., X,)
where
(n)
Ja(X1, Xo,..., X / - (X1, Xo,..., X,,)II(d)
A fe
and
(n)
J(X1,Xs,..., X / (n) (X1, Xo,..., X,,)II(d0).
e
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3. Exponential Decrease to 0

We begin with a review of results that provide conditions under which, for a mea-
surable subset A of ©, TI(A| X1, X», ..., X,,) goes to 0 exponentially with P;° prob-
ability 1.

Definition 3.1. Let 6y € © and let Py° stand for the joint distribution of {X;}§2,
when 6y is the true value of . Then II(A| X1, Xo,...,X,) is said to go to 0 expo-
nentially with Pg~ probability 1, if there exists a § > 0 such that

P5° ({I(A[X1, Xa, ..., Xp) > e ™ 0. }) =0
where i.0. stands for ‘infinitely often’.
Proposition 3.2 goes back to [12] and [25]. For a proof see [19, Lemma 4.4.1].
Proposition 3.2. If 6y is in the KL support of II then for all 5 > 0,

lim e"J(X1,Xa,...,X,) =00 a.s. P5o.

n—00

Proposition 3.2 shows that the Kullback—Leibler support condition takes care of
the denominator in (2.1). The exponential convergence to 0 would follow if it can
be established that there exists By > 0 such that €™ .J4 (X1, Xo,...,X,) — 0 a.s.
Pgv. We explore sufficient conditions to achieve this.

Definition 3.3. For a probability measure v on 6, let ql(,n) be the marginal density
Ole,...,Xn,

q£n>(x1,x2,...,zn):/ P @y e, an)v(d).
(€]

Definition 3.4. Let A C © and 6 > 0. The set A and 6, are said to be strongly §
separated if for any probability v on A,

AH(f@o ) Ql(ll)) <.

The relationship H?(f, g) = 1—2Aff(f, g) between the Hellinger distance H(f, g)

and the Affinity Aff(f, g) shows that Aff( fy,, q,(jl)) < Jis equivalent to H?(fp,, q,(,l)) >
1—46. Say that A and 6, are strongly separated if they are strongly § separated for
some § > 0.

Example 3.5. Suppose that the L; distance between fg- and fy, is larger than 0*
for some 6* > 0, || fo- — fo, || > 6*. Let

a={ocis - pi< 5}

It is easy to see that A is strongly separated from 6y for every v on A.

We begin by isolating a useful consequence of strong separation. The underlying
idea is in [32]. Note that the argument is essentially analytic and does not use
Hoeffding’s inequality as in [19]. Lemma 3.6, we believe, can be extended to non-
i.i.d and even to non-independent cases. We do not pursue this here but will briefly
return to it in Section 7.
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Lemma 3.6. If 0y and A are strongly 6 separated then for all probability v on A,
for all n,

(3.1) Aff(fé:),q,(j")) < e " where By = — logd.

Proof. The proof is straightforward by induction on n, combined with the definition
of strong separation. O

Remark 3.1. The conclusion of Lemma 3.6 holds with Sy = —logd/k if for all
v, for some k, Aff(fe(f),ql(,k)) < 0, i.e., A and 6y are strongly separated for the
parametrization 0 — f(*)

The next result is the celebrated result of Schwartz [25] stated in terms of strong
separation. A result of LeCam [21] shows that it is equivalent to the formulation of
Schwartz involving an unbiased test for testing Hy : § = 0y vs. Hy : 8 € A. LeCam’s
theorem is proved using the Hahn-Banach theorem so is essentially an existence
result. Hence the point of view of strong separation could be an easier condition to
verify in some situations.

Theorem 3.7 (Schwartz). If

(1) B is in the KL support of 11
(2) for some k, A and 8y are strongly separated for the parametrization 6 — f*)

Then TI(A| X1, Xo, ..., Xn) goes to 0 exponentially a.e. Pg?.

Proof. Let IT* be the probability measure obtained by restricting IT to A and nor-
malizing it. Then

Pgo(\/ Ja > ein’y) < en'YEgU(\/ JA)
= e I(A)AL(, q5))
< II(A)e™e "o

Taking v = £y /4, it follows easily that

Pgo(\/ Jag>e ™ ZO) =0

The proof can be completed easily using Proposition 3.2. For details see [19]. O

Proposition 3.2 and Lemma 3.6 easily give the following theorem of Walker [32].
Theorem 3.8. If

(1) 6y is in the KL support of 11
(2) If A =U;>1A; such that

(a) For some 6 > 0 all the A;’s are strongly 0 separated from 0y and

(b) 2oiz1 VII(A) < o0

Then II(A| X1, Xo,...,X,) goes to 0 exponentially a.e. Pge
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Proof. Tt follows by noting

Pgo(\/ Ja > einv) < en’yEgO(\/ JA)

en’yEgO ,ZJA’ § GHWZEQO (\/JAi)

(3.2) = MZ‘/ ) ASE( fg0 ,qH*
< ™ —nﬁoz\/i

IN

where II* in (3.2) is the normalized restriction of II* to A4;. O

The next theorem gives another set of sufficient conditions, in terms of the uni-
form Strong Law of Large Numbers (SLLN), for the posterior probability of a set
to go to 0 exponentially. The conditions are stronger than those of Schwartz [25].
They are similar in spirit to the conditions used in the study of Hellinger consis-
tency of NPMLEs (see [30]) and suggest a parallel between consistency of NPMLEs
and posterior consistency.

Theorem 3.9. Let A C ©. If
(1) B is in the KL support of 11
(2) Aff(fo,, fo) <0 forallf e A

fo
(3) Sup 7, “—(x)dP, — Aft(fo,, fo)
O
dzstmbutzon obtained from X1, Xo,..., X,
Then TI(A| X1, Xa, ..., X,,) goes to 0 exponentially a.e. Pg?

Proof. Note that [ g(z)dP, = (1/n) Y1, g(X;) for arbitrary function g(z). Thus,
nwo= |
A H feo

fo
/Aexp {Qn/log \/;(x)dPn} I1(d6)

since logz <z —1
fo . .
/Aexp{2n/< f—ao(x) 1) dPn}H(dH).

Take §* =1 — §. By assumptions 2 and 3, for all large n,

sup [ 22dP, < sup{‘,/f‘)dp — AR (fay. i)
feA f90 fcA

< 5+1—5*—1—5*/2

— 0 a.s Py, where P, is the empirical

IN

+Aﬁ(f003f9)}

which in turn implies that J4 < II(A) exp(—nd*/2).
O
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Proposition 3.10. Conditions (2) and (3) of Theorem 3.9 imply that there exists
a uniformly consistent test for Hy : 8 = 6y vs. Hy : § € A.

Proof. Choose §y such that § + 09 = Gy < 1.

Let
o,
/ 2)dP, — AfE(fo,. o) <50}
\ Fon'

By assumption (3) of Theorem 3.9, for any ¢ > 0 and sufficiently large n,
Py, (C) > 1 —e. For each (z1,22,...,2,) in C, for all § € A,

C:{(xl,xg,..., : sup

0cA

,Z fe <supAff(feo,fo)+5o

so that
Jo B
S5 (@) = 1) <n(+ 60— 1) = —nfo.
foo
Therefore, for 6§ € A,

n)
Fo(©) = o %(xi)fé:) (i) [ [ n(dzi) < Po, (C)e=2m0.
0o

O

Remark 3.2. Salinetti [24] has used the notion of hypo convergence to study con-
sistency of posterior and consistency of maximum likelihood estimates. A somewhat
related result is due to Ghosal and van der Vaart who show that her condition is
related to Schwartz’s testing condition in the discussion of [24].

While the results discussed so far deal with sufficient conditions for ITI(A4]| X7, ..., X,,)
to go to 0 exponentially, the next basic result due to Barron [2] gives conditions
that are both necessary and sufficient.

Theorem 3.11 (Barron). A C ©. Assume that 0y is in the KL support of II. Then
the following are equivalent.

(i) There exists a By such that
Py {TI(A|X1, Xo,..., Xn) > e " 4.0} =0.

(i) There exist subsets Vi,, W,, of ©, positive numbers ¢y, ¢2, 81, B2, and a sequence
of tests {¢n} , dn based on n observations, such that
(a) ACV,UW,,
(b) I(W,,) < Cre™™%, and
(¢) Pyt >0i.0.} =0 and fienén Etpn > 1 — coe P2,

4. Consistency
As before, II stands for a prior and {II(-| X1, Xa,...,X,)} denotes a sequence of
posterior distributions. The sequence of posteriors is said to be consistent at 6y if

{HU| X1, X2,..., Xn)} — 1 as.Pge for all neighborhoods U of 6y.
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Typically the parametrization 6 — fy turns out to be continuous when the space
of densities is endowed with weak convergence or with the L; or the Hellinger
metric. Consequently the neighborhoods of interest are those that arise from weak
or L topology.

In view of the last section, what is required then is to verify that the conditions
developed in the last section apply to neighborhoods.

Let g(z) be a bounded measurable function and define

(a1 4= {o [ s@sa@ntan) ~ [ o) o, @) > } .

Clearly A is strongly e separated from 6y and hence if 0y is in the KL support
of IT then by Theorem 3.7 the posterior probability of A goes to 0 exponentially. If
U is a weak neighborhood then U® is a finite union of sets of the type displayed in
(4.1). This establishes exponential consistency for weak neighborhoods.

Consider the L; neighborhood

U=A{0:fo— foll <e}

In this case, in general, U¢ cannot be expressed as a finite union of sets strongly
separated from 6. Unlike the case of weak neighborhoods, in this case we need
conditions beyond requiring that 6y is in the KL support of II.

Theorem 3.8 can be easily adapted in this context.

Theorem 4.1. Assume

(1) 0 is in the KL support of 11
(2) For all § > 0, there exist sets Ay, As,... such that the diameter of A;,
diam(4;) <, JAi =0 and Y /II(A;) < 0.

Then for any Ly neighborhood U of 0y, the posterior probability of U¢ goes to 0
exponentially a.e. Pg?.

The theorem follows from observing that if U is an € neighborhood, then taking
{A;}32, for § = ¢/3 it is easily seen that the A;’s that have non-empty intersection
with U€¢ cover U€. These A;’s satisfy the assumptions of Theorem 3.8.

Definition 4.2 (Bracketing entropy). Let I' C ©. For a 0 > 0 define the bracketing
entropy H(T', §) to be the logarithm of the minimum integer k such that, there exist
non negative functions fU, f,--- | fV satisfying

(1) [ f7(z)u(dz) <1+,
(2) for each @ there exists i such that fy < fU.

Definition 4.3 (Metric entropy). Let I' C ©. For ¢ > 0 the Metric entropy J(T',0)
is defined to be the logarithm of minimum of all integers k such that there exist
densities f;, f3,- -+, fi such that for each 6 there exists i such that || fo — f|| < 4.

If 8y is in the KL support of IT then each of the three conditions listed below
ensures that the posterior is exponentially L; consistent. The first condition (W)
is from Walker’s theorem, Theorem 3.8, the next (BSW) is due to [3] and the third
(GGR) appears in [15]. A formal statement and proof can be found in [3] and [15].

(W) For each § > 0, there exist sets Ay, As,... such that UA; = O, Li-diameter

of {fg 10 e Al} < 6 and Zz \/H(Ai) < 00.

(BSW) For each € > 0, there exist ©,, C ©, and C, ¢, co, § all positive such that
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(a) II(©¢) < e~
(b) H(O,,68) < nc for ¢ < ([e — V3]? —8)/2,6 < /4.
(GGR) If for each € > 0, there is a 0 < 6 < €, ¢1,¢2, 3 < €2/2 and ©,, such that
(a) TI(O¢) < cre™ ™!
(b) J(©,,9) <nf.

The next theorem shows that both (W) and (BSW) imply (GGR). A proof that
(W) = (GGR) was also communicated to us by Ghosal, S. [personal communica-
tion].

Theorem 4.4. (W)=(GGR) and (BSW) = (GGR)
Proof. (W)=(GGR)

Assume without loss of generality that II(A;) = II; is decreasing in ¢ and let

S VIL = ¢ < oo. Set

Since the Li-diameter of {fy : 0 € A;} < J, it is easy to see that J(O,,d) < log k.
Thus, by taking k,, = exp(n() one then obtains sieves with the properties required
by (GGR).

Next, we shall argue that I1(05) = II (U;s,, 4i) < 2¢%/k,. Note that, for any

J, 3/10; < Zzzl VII; < ¢ so that j < ¢/4/II;. Therefore,
1 2¢2
2
I U A; S.ZHJ'SC ZPSH
j>kn J>kn j>ky
(BSW)=(GGR)

Let f1, f2, ..., fx be functions such that [ f; = 1+ ¢; < (14 §) and such that for
any 6 € I', 3 i such that fy < f;. Let f = fi;/(1 4+ ¢;). Then

1
*_ < (1 .
157 = 5ol < = (el
< |lfi—foll +ci
< 25
Hence ff, f5,..., fi forms a 2§ net for I and J(T',26) < H(T,J). O

5. Improper Priors and Formal Posteriors

Suppose that II is an improper prior on O, that is, a o-finite measure with II(©) =
oo. A formal posterior density given X1 = x1, Xo = %o, ... X,, = x, is defined as in
Equation (2.1). This is of course well defined only if

(n)
J(xhxg,...,a?n):/ %(ml,xg,...,mn)ﬂ(d9)<oo.
© fg,
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This situation occurs widely in the context of noninformative priors (see for
example, Ghosh and Ramamoorthi [18] and Kass and Wasserman [20]).

The next theorem shows that if P, is in the KL support of II then the posterior is
weakly consistent. Improper priors largely arise in the context of finite dimensional
regular models and in these situations weak consistency and strong consistency
coincide. Hence, we do not develop conditions akin to (W), (BSW) or (GGR) for
improper priors. First, Lemma 5.1 states a result of the KL support of II(-|x).

Lemma 5.1. Let Py is in the KL support of II. Denote by A = {x : J(x) =

[ fo(2)II(d) < oc}. Then, for Py almost all x in A, 0 is in the KL support of
II(:|z).

Proof. Fix € > 0. Consider E = {z € A : II(K,|x) = 0}. We shall show that

Py, (E) = 0. Note that

(K. |z) = Jo Ik (0 fe() (d )
J folx)T1(d0)
Denoting by IT* the measure II(- N KE)/H(KE)7 since, for x € E, II(K.|z) = 0, we
have that
{0 : fo(z) = 0} = 1.
Consequently f J K. fo(y)IT*(d0)(E)du(y) = 0. Interchanging the integrals,

/ K. lJ 5 fe )]IT*(df) = 0 and hence there exists some 6 such that
I for(y ) = 0 so that Py(E) = 0. For every 6 in K. Py dominates Pp,, so
Py, (E) = O. Letting e run through rationals, the lemma is established. O

Theorem 5.2. Let II be an improper prior on ©. {fy : 0 € O} is a family of
densities. Assume that the formal posterior is defined with P5° probability one.
Formally, if

An ={x1,29, ..., 20 J(21,22,...,2,) < 00} then Py°(UA,) =1
If 0y is in the KL support of I then the formal posterior is weakly consistent at 6.

Proof. By Lemma 5.1, for each n, except for those in a set of Py, measure 0, for all
(x1,29,...,2,) € Ay, Oy is in the KL support of II(-|(z1, z2, ..., Zp)).

Since on Ay, H(-|(21, 22, ..., Tnt1)) = Wz, 25, .2,) C[Tns1), the result follows.

O

6. Example

All the results discussed so far are related to exponential consistency. The next
example shows that, even in the context of i.i.d. observations, the posterior can be
consistent at a non-exponential rate.

Consider an example where we have a prior II, fy is in the KL support of IT and
the posterior is not Ly consistent, i.e., there is a set A which is a complement of a
neighborhood of f; and whose posterior does not go to 0. Such an example appears,
for instance, in Barron et al. [3].

Consider the prior to II* = .56, + .5II. Then by Doob’s theorem the posterior
of A goes to 0. It cannot go exponentially, for if it does, by Barron’s theorem (e.g.
[2] and [19, Theorem 4.4.3]), there would be sieves V;, and sets U,, of exponentially
small IT* probability that cover A. These properties also carry over to IT and now the
first part of Barron’s result would imply that the original prior II is itself consistent,
in fact, exponentially consistent.
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7. Independent but Non-Identically Distributed Models
7.1. Extension to Posterior Consistency

Here we look at the setup where, as before, © is a parameter space and II is a prior
on ©. Given 0, we assume that X1, Xo,... are independent with X; distributed as
fie-

All the results discussed so far can be easily adapted, but not necessarily easily
applied in the non-identically distributed case. As in Section 1, the posterior can be
written as the ratio of two integrals. A stronger form of KL support (for instance,
see Choudhuri et al. [9] and Amewou-Atisso et al. [1]) takes care of the denominator.
It is not clear if there is a simple version of the (GGR) type of sufficient condition.
Instead, those results for independent but non-identically distributed models as in
Amewou-Atisso et al. [9], Choudhuri et al. [1], Ghosal and Roy [16] and Choi and
Schervish [8], tried to establish the existence of uniformly consistent tests directly,
which makes the numerator in the ratio of two integrals decrease to 0 exponentially.

Alternatively, LeCam [22] and Birge [4] showed that for independent non-identically
distributed variables, tests with exponentially small errors exist when we use the
average squared Hellinger distance to separate densities and convex sets. That is,
uniformly consistent tests are always obtained if the entropy with such a distance
is controlled. In the recent paper by Ghosal and van der Vaart [17], (GGR) type
results have been investigated in the test construction for the convergence rates of
posterior distributions for non i.i.d. observations.

On the other hand, Walker’s sufficient conditions are easily adaptable in this
case. Note that the proof of Lemma 3.6 does not require the assumption of the
identically distributed observations; hence Theorem 3.8 easily follows to this case.
We state it formally below.

Theorem 7.1. If A=J,5, A; such that

1. For some 6 > 0 all the A;’s are strongly & separated from 6y for the model
0 — fiog and

2. ZiZl \/H(AZ) < 0

Then for some By > 0,
nﬁo/ N fi,@(xi)l—[ do 0 = P,
e N —0 a.s 5 0o -
LG 1170

Similar results to Theorem 7.1 along with regression problems have been dis-
cussed in Walker [33].

Example 7.2 (Orthogonal series expansion). Let

where the ¢;’s are assumed to be independent N(0,1) random variables, the X;’s
are sampled from a known probability distribution, and 7(+) is a regression function.
An orthogonal series expansion for the regression function 7(x) is a representation
of n(z) by an infinite sum,

n(w) = 3" md(a).
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where {¢;(x) 524 is an orthonormal basis for an L? space containing 7. Regarding
either posterior consistency or rate of convergence of posterior distributions, this
model has been investigated by Shen and Wasserman [26], Walker [33] and Choi
and Schervish [8].

Let {¢;(-)}32, be an orthonormal basis for L?[0,1] such that for some C' > 0,
SUp,eo1] [¢5(2)| < C for all j.

In this case, we consider the following J-covering of ), a union of sets of the type

(7.2) W+ nid; <ty <(n; +1)8;, j=1,2,...},

which was also examined for Hellinger consistency in density estimation problems
from infinite-dimensional exponential families in Walker [32] and regression prob-
lems in Walker [33]. Based on (7.2), the condition (b) in Theorem 7.1 can be verified
as in Section 6.1 [32]. When the regression function is uniformly bounded, the L; (or
Hellinger) neighborhood of the true density fy, becomes equivalent to the Ly neigh-
borhood of the true regression function 7y. Therefore, by considering a d-covering
in (7.2) and its corresponding prior probability, two conditions (a) and (b) are eas-
ily verified. Hence, the conclusion of Theorem 7.1 is achieved when A is in the L,
neighborhood of the true density generating the regression model (7.1).

Example 7.3 (Gaussian process regression). Gaussian process regression is one of
the popular approaches to Bayesian nonparametric regression problems, and it is
used to model the regression function 7n(x) as a Gaussian process a priori. Poste-
rior consistency based on Gaussian processes has been established in Ghosal and
Roy [16] and Choi [7] for nonparametric binary regression, Tokdar and Ghosh [29]
for density estimation and Choi [6] and Choi and Schervish [8] for nonparametric
regression. Interestingly, all the results mentioned above have been based on con-
structing uniformly consistent tests rather than the condition (b) in Theorem 7.1.
The challenges in the study of posterior consistency based on Gaussian processes
is to find a rate that a prior probability shrinks as we consider a sequence of §-
coverings that satisfies the condition (b). In this case, the important task to be
achieved is obtaining the exponentially small lower bound for small balls of Gaus-
sian processes. There is a recent investigation in this regard (e.g. see Li and Shao
[23] and van der Vaart and van Zanten [31]). It would be interesting to explore if
this difficulty in verifying (b) under Gaussian process priors can be bypassed when
we apply Theorem 7.1.

7.2. Doob’s Theorem

Doob [11] showed that when © is the parameter space and given 6, X, X, ...,
are i.i.d. Py then, for any sequence of posterior distributions II(-|X;,Xo,...,X,),
under mild set theoretic assumptions (for instance when X and © are Borel subsets
of Polish spaces) for any prior II, there is a O C © with II(O17) = 1 such that the
posterior is consistent at all # € Oy. In what follows we explore the analogue of
Doob’s theorem in independent non-identically distributed models.

To change the notation a bit, given 8 in O, let Y1,Ys,...,be Y valued random
variables with joint distribution Pp ... For any prior II on O, denote by A the
joint distribution induced on © x Y*° by IT and {Pp « : 0 € O}. We will denote the
elements of Y*>° by y and of (Y1,Ya,...,) by Y. As before II(-|Y1,Ys,...,Y,)
will stand for a fixed version of the posterior distribution of 6.
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By going through an appropriate countable set of continuous functions g and
applying the martingale convergence theorem to each posterior mean of g(6), it can
be seen that there is a conditional probability IT*(:|y) such that for all y outside a
A null set

M([Y1 Ya, .. Y,) "5 T (y).
Clearly the posterior is consistent at 6 if IT*(-|y) = dp a.e. Py oo.

Proposition 7.4. Consider the following two sets of statements for a given prior
II:

1. There is a set O with II(©) = 1 and the posterior is consistent at all
0 € Or.

2. There is a set O with I[(O) = 1 and a measurable set E C © x > such
that

(a) for each 0 € O, Py (EL) =1,
(b) EFNER =0 for 6 #£0.
The two sets of statements are equivalent.

Proof. Suppose (1) holds. Then it is easy to verify that the set
E" ={(0,y) : TI"(]y) = &y, (0 € Om)}

is measurable and satisfies the conditions in (2).

On the other hand if (2) holds then define ¢(y) = 6 if (0,y) € E™. Then, using
a result from set theory [28, Theorem 4.5.7], it can be shown that ¢ is measurable.
It is easy to verify that II defined by

T(-|y) = Sy

is a version of the conditional distribution of 6 given Y and hence IT*(-|y) =
II(Jy) a.e. A;r. An application of Fubini’s theorem yields the result.
O

Our interest is in establishing (1) for all priors II and it is convenient to work
with a stronger version of (2) by seeking a decomposition that does not depend
upon II. Formally,

Proposition 7.5. Let II be a prior for ©.
Suppose there exists a measurable set £ C © x Y such that

1. For each 0 € ©, Py o (Ey) = 1 where Ey is the f-section {y : (8,y) € E}.
2. EgNEy =0 for 6 £0'.

Then there is a set O with II measure 1, such that the posterior is consistent
at all 0 € Or.

Thus, Doob’s theorem is intimately related to uniform orthogonality of {Ps o :
6 € ©}. There is a wide literature on singularity and mutual absolute continuity of
measures on infinite product spaces ([27] and [5]). This literature in general deals
with pairwise orthogonality whereas Proposition 7.5 requires uniform orthogonality.
The step from pairwise to uniform orthogonality can be formidable. Yet we feel that
some of these results are likely to be useful in establishing Doob-type theorems in
the non-i.i.d. set up.
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Motivated by Proposition 7.5, we present an example where the Doob-type theo-
rem fails to hold. On the positive side, Proposition 7.5 enables us to prove a theorem
for linear regression models with nonparametric errors.

The case that we consider is

Yi=a+ Pz +¢ 1=1,2,...

where
1. x1,x9,..., are fixed non-random design points.
2. €1,€9,... are independent and identically distributed random variables with

a probability density symmetric around 0.

Example 7.6. Suppose Y, 27 < oo and ¢; ~ N(0,1), and let o = 0. In this case
it follows from a result of Shepp [27] that [];° N(B;, 1) are mutually absolutely
continuous. Hence the decomposition required by Proposition 7.4 fails and Doob’s
theorem cannot hold.

The last example we consider is semiparametric regression, the linear regression
model where the distribution of the noise is assumed to be unknown and thus needs
to be estimated. This example has been investigated in terms of posterior consis-
tency, following from the generalization of the Schwartz theorem in Amewou-Atisso
et al. [1]. We revisit this example in Theorem 7.7 and show that the Doob-type
theorem holds with an assumption on the fixed non-random design points, similar
to that of [1].

Let Assumption A be defined as the following: There exists ¢y > 0 such that the
covariate values x;’s satisfy

ZI(*oo,feo)(-’Ifi) = 0o and ZI(CO,OO)(xi) - 0.
‘ i

Theorem 7.7. Consider the model

Yi=a+ [z +¢ 1=1,2,...

where
1. x1,x9,..., are fivred nonrandom design points
2. €1,€2,... are i.i.d. variables with an unknown distribution of which density f

is symmetric, continuous at 0 and f(0) > 0.

If Assumption A holds, then given any prior I1 for (a, 8, f), there is a set O of 11
measure 1 such that the posterior is consistent at all (o, 3, f) € Opr.

Proof. Let F be all densities f on the real line which are symmetric, continuous
at 0 and f(0) > 0. Formally, we have as the parameter space ® = R X R x F
and given (o, 3, f), the Y;’s are independent with Y; ~ fo4gs,, where foigq,(y) =
[y = (a+ Bz;)).

We now construct a decomposition satisfying the conditions of Proposition 7.5.

Let Ny = {ni1,ne,...} be the subsequence of all i with z; > ¢ and M; =
{mi,ma,...} be the subsequence of all ¢ with x; < —e. Let ¢ be a real number
and define A; = (¢, 00).

Note that the unknown parameter 6 is the triple § = («, 3, f). Following nota-
tions in Proposition 7.5, let IT be a prior on © and let E'! be the set of all («, 3, f,y)
such that for any real number ¢,
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L limy, o 35 D07 La, (yi — (@ + Bi)) = Pr(Ay)
2. limy_ o % Zlf IAt, (yni - (Ol + 6Ini)) = Pf(At)
3. lim;_ % le Ia,(Ym, — (a+ ﬂl’mi)) = Pf(At)

Since Ni, M are fixed subsequences and since it is enough to work with ¢ -
rational, E' is easily seen to be measurable.

Further, for each (o, 3, f), [[1}° Pa+ga:) (Eorfﬁ f) = 1, where Enﬁ 7 is the (o, B, f)-
section {y : (o, 3, f, ) EH} for each (o, 8, f) as defined in Proposition 7.5. This
follows by noting that under [[]7" a+,@zl] Y1 — (a+ Bz1),Ys — (o + Bxa),. .. are
i.i.d. with common density f. An application of the law of large numbers proves
the claim.

We next argue that if (al,ﬂl, fl) 7é (042,62, fg) then Eal B, f1 Eg2”82’f2 @

Ifa; =as, 01 =P and f1 # fo, and if y € E B NEI B fa then a contradiction
is easily obtained by considering a ¢ for which Pf1 (At) # Pr,(Ay).

Now suppose that for some A > 0, a; —ap > A and 51—z > A. Clearly for every
n; € N1, (81— B2)xn, > Ae. Choose 7 such that n < Ae and inf ;| ,, fi(z) > C > 0.

Since f is symmetric and n > 0, Py, (4,) < 1/2. We will get a contradiction by
showing that if y € Egl,ﬁl,fl N Egz,ﬁz,fz? then Py, (4,) > 1/2.

Ifye Eanl,ﬁl,fl N Eg2’ﬁ2’f2, then for all ¢,

(73) ZIAt ynl al + ﬁlxn )) - Pf1 (At)
1
(7.4) p Z Iy, (ym — (g + /621771,)) — Py, (Ar)
1
a1+ [1Tn, = s+ Ban, + (a1 — a2) + (01 — B2)xn,
Z ag + ﬂQIni =+ n

and hence

La,(Yn; — (1 + B17n,)) > 1a,(Yn; — (2 + fop, + 1)) = Ia,_, (Yn; — (2 + B2y,))

In particular with t =7,

IAn (ym - (0[1 + ﬁlxm)) > I(O,OO)(ym - (OQ + ﬁani))

Consequently

k
kj ZIAt yn1 051 + ﬂlxnl 2 Z (0,00) yn1 042 + ﬁ?xn )) - sz (07 OO) =35
1

The case when a3 — as < A, 1 — 2 > A can be handled by considering the
subsequence M;. Similarly, the other remaining cases follow.
O
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Abstract: This paper explores large sample properties of the two-parameter
(v, 0) Poisson-Dirichlet Process in two contexts. In a Bayesian context of es-
timating an unknown probability measure, viewing this process as a natural
extension of the Dirichlet process, we explore the consistency and weak con-
vergence of the the two-parameter Poisson-Dirichlet posterior process. We also
establish the weak convergence of properly centered two-parameter Poisson-
Dirichlet processes for large 6 + na. This latter result complements large 6
results for the Dirichlet process and Poisson-Dirichlet sequences, and com-
plements a recent result on large deviation principles for the two-parameter
Poisson-Dirichlet process. A crucial component of our results is the use of
distributional identities that may be useful in other contexts.
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1. Introduction

In this work, for 0 < a < 1 and # > —«, we are interested in the two-parameter
class of random probability measures that are formed by

%) k—1
(1.1) Pao() 2> Vi [T - V))oz. ()
k=1 j=1

where the Vj, are independent beta(l—a, 8+ k) random variables and, independent
of these, the (Z;) are an i.i.d. sequence with values in some Polish space I with com-
mon (non-atomic) distribution H. That is to say P, ¢ is a random probability mea-
sure taking values in Py, where Py is the set of all probability measures on I. We will
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Poisson-Dirichlet Asymptotics 189

simply say that a random probability measure P is a two-parameter (¢, 6) Poisson-
Dirichlet process, having law say Il 9 on Py, suppressing dependence on H, if P can

be represented as in (1.1). That is P(+) 4 P, (). For shorthand we write P ~ II, o.
We denote the expectation operator corresponding to the law Il ¢ as Fq,9, which
is such that E, ¢[P(-)] = H(-). We note that the V} are obtained by size-biasing
a ranked sequence of probabilities known as the two-parameter Poisson-Dirichlet
sequence. It follows that by permutation invariance P, ¢ may also be represented
in terms of this sequence. Many properties of the two-parameter Poisson-Dirichlet
sequence, as it primarily relates to Bessel and Brownian phenomena, were discussed
in [36]. This sequence has gained in importance as it is seen to arise in a number
of different areas including, for instance, Bayesian statistics, population genetics
and random fragmentation and coalescent theory connected to physics. See [34] for
some updated references and [19] for some connections to Dirichlet means.

When « = 0 then P is a Dirichlet process in the sense of Ferguson [9]. Pitman [35]
showed that within a Bayesian context, these random probability measures can be
seen as natural and quite tractable extensions of the Dirichlet process. In particular
Pitman [35] showed that if random variables X7, ..., X,, given P are i.i.d. P and P
has prior distribution II, g, then the posterior distribution of P| X3, ..., X,,, denoted

as Hg"g, corresponds to the law of the random probability measure,

P,ifle)(') = Ry(p)Pao4n(p)al) + (1 = Rypy) Dn(-)

where
n(p)
= > Aoy, ()
j=1

(A1,...,Aypy) is a Dirichlet(e; —a, ..., e, (p) — @) random vector. All the random
variables appearing on the right hand side are conditionally independent given the
data. R, (p) is a beta(6+n(p)a,n—n(p)a) random variable and {Y1,...,Y,, )} de-
notes the 1 < n(p) < n unique values of {Xy, ..., X,,.} Furthermore, P, g{(p)a
o 94n(p)a- € is the number of X; equivalent to Y; for j = 1,...,n(p)., When
a = 0 one obtains the posterior distribution derived in Ferguson [9]. The notation
e; and n(p) are taken from Lo [29], as discussed in Ishwaran and James [17]. Fur-
thermore, a generalization of the Blackwell-MacQueen [4] prediction rule is given
by

~

n(p)
1.2 P(X,, X, X, _—
(12) P e 1%, X,) = 2 2R +; Y0

Note also that
P(Xui1 € - | X1, Xp) = BE[PT) ().

We also write
T it I
B = n—n(p)a

which importantly reduces to the empirical distribution when a = 0, or when
n(p) = n.

Let P§° denote a product measure on /°° making X; for i = 1,...,00 indepen-
dent with common (true) distribution Py. In this paper, extending the known case
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190 L. F. James

of the Dirichlet process, we show that as n — oo the posterior distribution H(O:(),

behaves as follows. When P, is discrete then H((lng converges weakly to a point mass

at Py a.s. P§°. When Py is continuous, that is, non-atomic, Hgﬁ; converges weakly
to a point mass at the mixture aH + (1 — a)FPy. Thus when Py is discrete/atomic
the posterior distribution is consistent. However, when Py is non-atomic the poste-
rior distribution is inconsistent, unless either v = 0 which corresponds to the case
of the Dirichlet process, or more implausibly one chooses H = F;. In addition to
this result we establish a functional central limit theorem, for the case where Py
is non-atomic, by showing that the process O%) centered at its expectation (1.2),
indexed over classes of functions, converges weakly to a Gaussian process. This is in
line with nonparametric Bernstein—Von Mises results of for instance, [31], [30],[28],
[5] and [22]. Additionally, we note that the weak convergence of the two-parameter
Poisson-Dirichlet process may be of interest in other fields. In particular, in order
for us to discuss the posterior weak convergence, when P, is non-atomic, we will
need to address the weak convergence of the centered process

Va,GJrnoz(') = \/E(Pa,eJrna - H)()7

as n — oo, which poses additional challenges. Note this process does not depend on
the data, except through the sample size n. Furthermore, the study of v, g4nq is
more in line with the literature on the behavior of Dirichlet processes and Poisson-
Dirichlet sequences when § — oco. See, for instance, [21], [7] and [32]. Additionally,
our work is complementary to a recent result of [8] on large deviation principles for
the two-parameter Poisson-Dirichlet process.

Returning to the consistency result, in terms of estimating the true Py in a non-
parametric statistics setting, our result shows that unlike the case of the Dirichlet
process, it is perhaps unwise to use I, ¢ as a prior. However we should point out
that Ishwaran and James [17, 18], owing to the attractive results in [35], suggested
that one could use Il p in a mixture modeling setting analogous to the case of the
Dirichlet process in Lo [29]. In this more formidable setting one can deduce strong
consistency of the posterior density, induced by the priors II, ¢y on the mixing dis-
tribution, by using the results of Lijoi, Priinster and Walker [25]. In fact, in a work
subsequent to ours, this was recently shown by Jang, Lee and Lee[20]. We also note
that those authors also obtain our consistency result as a special case. For some
more results on the modern treatment of Bayesian consistency in nonparametric
settings one may note, for instance, the works of Ghosal, Ghosh and Ramamoorthi
[11], Barron, Schervish and Wasserman [2] and Ghosal, Ghosh and van der Vaart
[12]; and the book of Ghosh and Ramamoorthi [13].

2. Consistency

This section describes the consistency behavior of the posterior distribution in the
case where the true distribution P, is either continuous or discrete. First we note
the following fact;

Lemma 2.1. Let f and g denote measurable functions on I, then for 0 < a < 1
and 0 > —a,

_Ota 11—«

EaalP(f)P(9)) = 5T H@OH() + 5

H(fg).
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Proof. The proof proceeds by using disintegrations. First the joint distribution of
(X1, P) can be written as,

P(dxl)Haﬂ(dP) = Ha79(dP|a:1)H(da:1)

1

a7

where T1, g(dP|a1) = 11" (dP). Then,
P(dws)a,p(dP|z1) = I} (dP)E[P(dz2)| X1 = 1]

where 11} (dP) = Il ¢(dPz1,z2) and

0+« 11—«

E[P(dl‘g)|X1 = 581] = mH(dxz) + mém (dl‘g)
Now this gives
0+« 11—«
Eaﬂ[P(dl‘l)P(d.’EQ)] = H(d.’lﬁl) mH(d.’EQ) + méwl (dl’g)

which by writing P(g9)P(f) = [; [, 9(x1)f(xz2)P(dx1)P(dxs) completes the result.
U

We proceed as in Diaconis and Freedman[10] by showing that the posterior dis-
tribution concentrates around the prediction rule. First using Diaconis and Freed-
man ([10], p.1117), we define a suitable class of semi-norms such that convergence
under such norms implies weak convergence. Let A = [ J:=, A; be a partition of I.
Then define the semi-norm between probability measures

o0

(2.1) | P=Qla= | D [P(A) — QA

i=1

for a suitable generating sequence of partitions A where, naturally for any @,
Yoy Q(A;) = 1. Now similar to ([10], Equation 14) for the Dirichlet process,
we will show that the posterior distribution concentrates around the prediction
rule (1.2).

In order to do this one only needs to evaluate the posterior expectation, express-
ible as,

(22) B || Py - BIPS)) ]

where E[Pc%) | equates with the prediction rule probability given in (1.2.) We obtain,

Lemma 2.2. 1

< —
T O0+n+1
Proof. First using basic ideas we expand, for each set A;,

E || Py - BIPS)) 2]

(n) (n) 2
(P9 (Ai) — E[P, 4 (A:)]) -
Furthermore,

<P0(:) (4))* = Ri(p)P§,9+n(p)a(Ai)
+ 2Ru(p)(1 = Ru(p)) Pabn(pa(Ai) D (Ai) + (1 — Rypy) D2 (A).
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192 L. F. James

Now from Lemma 2.1

0+ n(p)a+ 1-—«

E[P2 o4n(p)a(Ai)] = 0+ n(p)atl H?(A;) + WH(AJ
Additionally,
Y BR?,.] = @ +n(p)a)(@+np)a+1)
n(e)! @+n)(0+n+1) ’
2, (n—n(p)a)(n —n(p)a+1)
Bl = R ) = G v n e
and
L (ej —a)(er —a)
B = G mia) i — npa + 1)’
It follows that
BRG] = R R e

o0+ )0 = n(R)a) & 4y gy

L (7 ey
(n—n(P)a)*
Fi(Ap).
R T (S
Now
) (402 (0 +n(p)a)’
g[p™ A; = " H*A
(B[P, (A:)]) (9+n)2 (4i)
(9 +n)?
2
@+n)
Taking differences and using the fact that Y .o F,(A4;)H(A;) < 1 and similar
arguments completes the result. O

Proposition 2.1. If Py is continuous then the posterior distribution Hg% converges
weakly to point mass at the distribution

aH () 4+ (1 —a)Py(-) a.e. P5°.
Hence the posterior is consistent only if either P is a Dirichlet process or H = Pj.

Proof. From Lemma 2.2 it follows that the posterior distribution must concentrate
around the prediction rule. Now, under P, (assuming a continuous P) the predic-
tion rule becomes,

9+noz &
(2.3) P(Xpp1 € [Xy,.00 s Xn) = ———— 9+n +2

It is clear that under Py, that P{X,11 € - |Xy,...,X,} converges uniformly
over appropriate Glivenko—-Cantelli classes to

aH(-)+ (1 -a)P()
for almost all sample sequences. One gets this by simple algebra and classical results

about empirical processes (the second term in (2.3)) appropriately modified. [
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The previous results says that the posterior distribution is inconsistent for all
non-atomic Py unless o = 0 or one has chosen H = Fy. The behavior in the case
where Py admits ties is quite different and is summarized in the next result

Proposition 2.2. Suppose that Py is a discrete law such that n(p)/n — 0 then the

posterior distribution H((;Lg converges weakly to point mass at Py, a.e. Pg°, for all
0<a<landf>—a.

Proof. Since, n(p)/n — 0, it follows that

(2.4) P(Xp1 € |X X)—0+"(p)O‘H()+7§:)(ej_o‘)5 )

. n+1 Lesdn) = — 7 2 I A
converges uniformly to Py for almost all sample sequences X7, Xo, . ..,. This is true
since,

n(p) (e; — ) noq ne)
J
——y, = — 0x, — Oy,
; 0+n ZGJrn X 29+n Y
Jj=1 =1 Jj=1
where the second term on the right converges to zero. O

2.1. Some More Limits

Note that one obtains some information on the limit behavior of the random prob-
ability measure P, g4 n(p)a Which has law Il g4y (p)o- This type of result is more in
line with large 6 type asymptotics. In this case large 6 is replaced by large n(p)a.

Proposition 2.3. Suppose that Py is such that n(p) — oo, then the two-parameter
Poisson-Dirichlet law 11, g4 (p)a converges weakly to point mass at H.

Proof. The proof proceeds by again utilizing the semi-norm in (2.1). We have that
Eq 04n(p)alP] = H. Furthermore, from Lemma 2.1. the variance of P(A) under
Iy, 04-n(p)a i, for each A, equal to,

l1—«

—————H(A)(1 - H(A)).
Hence if P has law Il g4y (p)a, then,

11—«

2
Eogin(p)a [P — H[%] < 0+n(p)a+1’

completing the result. O

3. Bernstein—von Mises and Functional Central Limit Theorems

In this section we address the more formidable problem of establishing functional
central limit theorems for centered versions of the two-parameter process. We will
restrict ourselves to the case where Py is continuous which presents some difficul-
ties. In particular, in that setting, we are interested in the asymptotic behavior in
distribution, as n — oo, of the posterior process

v () = Va(Ply — B[RS ()
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194 L. F. James

conditional on the sequence X1, X, ..., and the asymptotic behavior of the process,

Va,9+na(') = \/R(Pa,9+na - H)()a

uniform over classes of functions F. For clarity, we first mention some elements
of the (modern) framework of weak convergence of stochastic processes on general
function indexed Banach spaces. There is a rich literature on this subject, here we
use as references [39], ([38], Ch. 10) and [14]. Let F denote a collection of measurable
functions f : I — R and let £°°(F) denote the set of all uniformly bounded real
functions on F. Now for a random probability measure @Q,,, and the probability
measure defined as its expectation E[Q,] := @, we consider the maps from F — R
given by the linear functional

fa@%ﬂzszwamx

and
fa@ﬁ=[ﬂwmmy

Gn(-) = Vn(Qr—Q)(-) denotes its centered process and let G denote a Gaussian
process with zero mean and covariances

(3.1) E[Gq(f)Gel9)] = Q(fg) — Q(S)Q(g)-

A Gaussian process with covariance (3.1) is said to be a Q-Brownian bridge. We will
assume that F possesses enough measurability for randomization and write, as in
([37], p. 2056), F € M(Q). The notation La(Q) represents the equivalence class of
square integrable functions. Furthermore, a function F'(x) such that |f(z)| < F(z)
for all x and f € F is said to be an envelope.

We are interested in the cases where the sequence of processes {G,(f) : f €
F} € £>°(F) converges in distribution to a Gaussian process G uniformly over F.
In that case we write

Gp ~» Gg in £7°(F).
Furthermore, because we are interested in the convergence of posterior distribu-
tions, if G,, depends on data X1, Xz ..., we will need the more delicate notion of
conditional weak convergence of G, (-) for almost all sample sequences X1, Xs.. .,

and we write
Gy ~> Gg in £°°(F) ass. .

More formally, one may say that the processes converge in the sense of a bounded
Lipschitz metric outer almost surely (see [14], and [39]).

The rich theory of weak convergence of empirical processes addresses the cases
where @, = P, =n~'>""" | dx,(-) is the empirical measure, and Q = Ep,[P,] = P
is the true underlying distribution of the data. Hence one has,

(3.2) V(P — Py) ~ Gp, in £°(F)

for many classes of F. The classes are said to be FPy-Donsker. The classical case
of the empirical distribution function, F,(t) = > I(x,<¢)/n arises by setting
Jt(z) = L(—ooca<y) for t ranging over R; see ([38], Example 19.6).

The most notable results for convergence conditionally on the data, center around
the bootstrap and its exchangeably weighted extensions where

Qn() = Pw() =Y Wibx, ()
i=1

imsart-1lnms ver. 2007/09/18 file: LancelotJames.tex date: November 26, 2007



Poisson-Dirichlet Asymptotics 195

for (W;) an exchangeable sequence of positive weights summing to 1. In particular,
we will use the following result of ([37],Theorem 2.1),

(3.3) Vn(Pw — P,) ~ ¢Gp, in {>°(F),a.s.

provided that (3.2) holds, Py(F?) < oo, and the weights satisfy certain conditions
as given in [37]. The constant ¢ is determined by the weights. The result generalizes
the result of [16] for Efron’s bootstrap empirical measure. In the case of Efron’s
bootstrap and the Bayesian bootstrap ¢ = 1. For results on the real line see [3], [27]
and [33].

As mentioned at the beginning of this section, we will consider the behavior of

the process ngg in the case where Py is continuous. We shall see that we can handle

part of the weak convergence of Vé:be) by utilizing results in [37]. This is very much
in the spirit of [27], [26] and [5]. However we will also need to deal with the behavior
of the process v g4nqo. This process is considerably more challenging to handle as
it is not obviously related to an empirical-type measure. However, in section 4, we
will exploit an important distributional identity that allows us to treat vy g4na, as
a measurelike sum of i.i.d. processes in the sense of [1], ([39], section 2.11.1.1) and
[41]. Throughout we will assume that F € M (H) and that there exist an envelope
F(z) satisfying H(F?) < oo.

We shall also have need of the (unconditional) multiplier central limit theorem
on Banach spaces for i.i.d. random variables in the Lorentz L, ; space, which is
found in [24]. More details may be found in [39] (see also [15]and [14]). A random
variable £ (see [39], section 2.9) is said to be in Lo if

€ll2,0 = /0 P(|¢| > x)dx < oo.

Finiteness of ||£]|2,1 requires slightly more the a second moment but is implied by
a 2 + € absolute moment. In our case, the Ly ; condition is easily satisfied as the
variables we shall encounter are gamma random variables having all moments.

3.1. Continuous Case

We now address the case of weak convergence of V(():Lg when P, is continuous. Here we
will need to consider the process v, g4na. Because, we will not be working strictly
with empirical-type processes, but actually measure-like processes, we will restrict
ourselves to the quite rich class of F that constitute a Vapnik—Chervonenkis graph
class (VCGC) (see for instance ([41], p.239)). This avoids the need to otherwise
state uniform entropy-type conditions. We now present the result below for 1/((;2.
We will present a partial proof of this result and then address the behavior of

Va,0+na, i the next section.
Theorem 3.1. Let F be a VCGC subclass of La(Py) and Lo(H) with envelope F
such that Py(F?) < 0o and H(F?) < co. For 0 < a < 1, and § > —a, let yéng()
(n)

denote the posterior, I, j, process centered at its mean and scaled by \/n. Then
when Py is continuous, conditional on the sequence X1, Xo, ...,

V(") v V1= aGp, + Va(l — )Gy + VaN(Py — H) in (*(F) a.s. .

Where Gp, and G are independent Gaussian processes, independent 0f]\7 which
is a standard Normal random variable.
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Proof. The process Vc(fg is equivalent to

0 + no
0+n

\/ﬁ(l - Rn)(Dn - Fn) + \/E(Rn - )(H - Fn) + Rnya,(ﬂ»na‘

Now since P, is continuous it follows that F), equates with the empirical measure
P,()=n"tY"  0x,(-), and D, = Py where Py has weights

where Gi_,,; are ii.d. gamma(l — «,1) random variables. Furthermore, R, is
beta(f + na,n(1l — «)) and hence converges in probability to « as n — oo. So
the first term is asymptotically equivalent to the process

Vn(l = a)(Pw — Pn)

and it follows that the result of ([37], Theorem 2.1) applies. Hence the process,
without the (1 — ) term, satisfies (3.3) with ¢ = 1/4/1 — a. It is easy to see that
R, centered by its mean and scaled by /n converges to a Normal distribution,
hence the second term converges in distribution to /N (H — Py). Finally, the limit
of Vq,6+4na Will be verified in the next section. O

4. Asymptotic Behavior of a Poisson-Dirichlet (o, 8 + na) Process

In this last section we establish the weak convergence of the process vy, g4nq. Since
Py 94na is closely associated with various properties of Brownian and Bessel pro-
cesses we expect that this result will be of interest in those settings. The establish-
ment of this result requires a few non-trivial maneuvers as P, g4no does not appear
to have any similarities to an empirical process. We first establish an important
distributional identity

Proposition 4.1. Let P, g4 no denote a random probability measure with law Iy g4 na,
then

n

Gai i
Poo(-) + Z GiPéL()

i—1 0+na

Paﬂ-{-na(')

where Po(le are i.4.d. Iy o random probability measures independent of Gg, (Ga,i)s
where G ; are i.i.d. gamma(a, 1) random variables, Gy is gamma(0, 1), independent
Of (Ga,7> and G9+na = G9 + Z;L:l G(,7Z

Proof. 1t is enough to establish this result for P, g4na(g), for an arbitrary bounded
measurable function g. The result follows by noting that for any 6 > 0,

Bl elo)] = [ /1 (1+/\g(x))“H(d$)} e

which is equivalent to the Cauchy—Stieltjes transform of order 6 of P, ¢(g), whose
form was obtained by [40]. It follows that,
—0/a—n
E[e—AGe+ymP,,,e+na(g)] _ |:/ (1 + )\g(x))aH(dx)}
I
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which is the same as

Ele P ] EleCaiPih(9)],
i=1

Thus we can conclude that

G0+na a,0+na — Gep(x o+ ZGa zP ’L) ( )
=1
Now, using the fact that Goina = Go + Y iy Ga,i is gamma( + na, 1), it follows
using the calculus of beta and gamma random variables that

d Gy
G0+naPa,9+na(') = G0+na Gg a 9 + Z G9+ )

where on the right hand side, Gy, is independent of the term in brackets. Now we
use the fact that gamma random variables are simplifiable to conclude the result.
See Chaumont and Yor ([6], sec. 1.12 and 1.13) for details on simplifiable random
variables. O

Proposition 4.1 now allows us to write

GG Zn 1 Goc i Ga K i
Vo na — V1 « + ¢ P(gl)a'f nH(-).
dhon = VG Paa) VLY 121 S P — VA ()
Additionally one has for 8 > 0, the covariance formula
G G 11—«
cov(~" (Pop = H)(f). 5 (Pao = H)(9)) = —5—[H(fg) — H())H(9).

which follows from Lemma 2.1. Using these points we obtain the next result.

Theorem 4.1. Let F be a VOCGC subclass of La(H) with envelope F' such that
H(F?) < oco. Let, for 0 < a < 1 and 0 > —a, Pagina denote the random
probability measure with Poisson-Dirichlet law Iy g4na, and define va gina(-) =
V1 (Pa o4na — H)(-). Then as n — oo,

v1—a
v ~y —
a,0+na \/a

Proof. The key to this result is of course Proposition 4.1, which allows us to express

Gy in (®(F).

Va,0+na, i terms of i.i.d. processes Pé)a having mean H and variance for each A,

as
11—«

14+«
In particular, it follows that the asymptotic distributional behavior of vy g4nq is
equivalent to that of

H(A)1 - H(A)].

\FZ zj S P~ H)0):

Appealing, again, to the law of large numbers we may instead use the process
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which decomposes into the sum of two asymptotically independent pieces,

fzn: ot )P0, — ipg; H)(

The second term is a measure-like process in the sense of [1] and ([39], section
2.11.1.1). However since we have chosen the class to be VCGC, convergence of
this process follows by using arguments similar to that in ([41], section 7.8). The
first term then converges by the multiplier CLT in Banach spaces ([24] or (]23],
Proposition 10.4)). O

4.1. Dirichlet Process Asymptotics for 6 — oo

The next result describes weak convergence of a centered Dirichlet process as 6 —
00.

Theorem 4.2. Let F be a VCGC subclass of Lo(H) with envelope F such that
H(F?) < co. Let, for 6 > 0, Po,o denote a Dirichlet Process with law Ilg g, having

mean H, and define 14(-) := VO(Pog — H)(-). Assume without loss of generality
that 0 = nk, for k a fized positive number. Then as n — oo,

7o ~ Gy in 0°°(F),

where Gy is a H-Brownian bridge. Furthermore the limit does not depend on k.

Proof. By an argument similar to Proposition 4.1, one can write

GoPoo £ GuiPy).

i=1

Hence 1y is asymptotically equivalent to

IZ( 1) - ;P‘JZ i

The result then follows analogous to Theorem 4.1. O
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Abstract: We review definitions and properties of reproducing kernel Hilbert
spaces attached to Gaussian variables and processes, with a view to appli-
cations in nonparametric Bayesian statistics using Gaussian priors. The rate
of contraction of posterior distributions based on Gaussian priors can be de-
scribed through a concentration function that is expressed in the reproducing
Hilbert space. Absolute continuity of Gaussian measures and concentration
inequalities play an important role in understanding and deriving this result.
Series expansions of Gaussian variables and transformations of their reproduc-
ing kernel Hilbert spaces under linear maps are useful tools to compute the
concentration function.
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1. Introduction

Ghosal, Ghosh and van der Vaart considered in [4] the rate of contraction of a
posterior distribution based on i.i.d. observations to the true density. Given prior
probability measures II,, defined on a set P of densities p relative to a given o-
finite measure on a measurable space (such that the maps (z,p) — p(z) are jointly
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measurable) and observations X7, ..., X,,, they characterized the rate ¢, | 0 at
which the posterior distribution

_ fB H?:1P(Xi) dIL,,(p)
JTT= p(X;) dIT, (p)

contracts to pg if the observations are an i.i.d. sample from this density, i.e. the
rate for which

(1.1) I, (B| X1, ..., X»)

Ep I, (p:d(p, po) > Men| X1,...,X,) — 0,

for sufficiently large M. In their results d can be the Hellinger distance, the L;-
distance, or the Lo-distance if the densities are uniformly bounded above.

The paper [15] applied these results to priors II,, constructed from Gaussian
processes. They consider a prior II,, constructed as the distribution of py,, for W
a Gaussian random element in a Banach space (B, | - ||) and w ~— p,, a map such
that, for some constant C' and all v,w € B with ||v — w| bounded above by some
fixed constant,

d(pvapw) < CHU —’IUH,
K(pvapw) g CHU*’LUHQ,
V(py,pw) < Cllv—wl|?

Here K(p,q) = [log(p/q) pdu is the Kullback-Leibler divergence and V(p,q) =
Il (log(p/ q))2 pdu. This setting covers, for instance, the case of density estimation
on [0, 1] as considered in Tokdar and Ghosh [14], with d the Hellinger distance, the
Banach space equal to B = C[0, 1] and

eW=

Pu(T) = —4——.
Jo €vv dy
It also covers logistic or probit regression as considered in [5] with appropriate
choices and several other situations, as shown in [15].

In the latter paper it is shown that if the true density takes the form py = py,,
then the rate of posterior contraction &, is characterized by the pair of equations

bl < nep,

(1.2) inf
heH:||h—wol|<en

(1.3) —log P(|W]| < &) 2

ne

IN

ne

Here (H, | - ||m) is the reproducing kernel Hilbert space (RKHS) of the Gaussian
variable, and P(|W|| < ¢) is its small ball probability (cf. [11]). Both equations
have a minimal solution ¢,, and the rate is the worse of the two solutions. The
second depends only on the prior, and gives a maximal rate regardless of the true
parameter wg, whereas the first involves the true parameter.

The reproducing kernel Hilbert space arises because it determines the support
and the ‘geometry’ of the concentration of the Gaussian measure, which are crucial
for its success as a prior. Results on RKHSs of Gaussian variables are spread over
many research papers, and sometimes seem to belong to what is ‘well known’ with-
out clear references. Moreover, there are different definitions for stochastic processes
and Borel measurable maps in a separable Banach space. In this paper we review
definitions, investigate when the different definitions agree, and derive results that
are useful for the construction of priors and the study of posterior distributions.
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2. Definitions and Elementary Properties

In this section we give and compare two definitions of RKHS, one for stochastic
processes and one for Borel measurable maps in a Banach space.

2.1. Gaussian Processes

A zero-mean Gaussian stochastic process W = (W;:t € T) is a set of random vari-
ables W; indexed by an arbitrary set T" and defined on a common probability space
(Q,U,P) such that each finite subset possesses a zero-mean multivariate normal
distribution. The finite-dimensional distributions of such a process are determined
by the covariance function K:T x T — R, defined by

K(s,t) = EW,W,.

The reproducing kernel Hilbert space (RKHS) attached to the Gaussian process W
is the completion H of the linear space of all functions

k
(2.1) tHZaiK(si,t), Qt,...,op €ER,81,...,8. €T,k €N,
i=1
relative to the norm induced by the inner product
k l ko1
(2.2) <ZaiK(si, ), BiK(t, .>>H =33 @K (sit;).
i=1 j=1 i=1j=1

It can be checked that this definition is independent of the representation of the
functions on the left, and that this defines a valid inner product.

The completion of the collection of functions (2.1) is an abstract metric-
topological operation using the metric induced by the inner product (2.2) only.
As such the completion is not a space of functions f: T — R. However, it can be
identified with a space of functions f: T — R, through the reproducing formula

f(t) - <f7K(ta )>H

For f a linear combination of the form ZleaiK (84, +) this formula follows from the

definition (2.2) of the inner product (-, -)g. For general f € H the (extended) inner

product on the right (with the extended function K(¢,-)) is well defined through

the completion operation, and can be used to define a function f:7T +— R.
Alternatively, the function in (2.1) can be written as

(2.3) t—EW,H, —H=)Y oW,,.

With the function in the display written as EW.H, the inner product (2.2) is equal
to
(EW.Hy,EW.Hy), = EH\ H,.

Thus the map H — EW.H is an isometry for the norm of the Ly-space attached to
the probability space (Q,U,P) on which the process W is defined and the RKHS-
norm. The stochastic process RKHS H, which is defined as the completion of the
set of functions (2.3), is therefore precisely the set of functions ¢ — EW;H with
H ranging over the closure of the set of linear combinations H = )", a;W,, in
L2 (Q,U,P) (known as the first order chaos of W). It follows again that we can
view H as a Hilbert space of functions on T'.
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2.2. Gaussian Elements in a Banach Space

A Borel measurable random element W with values in a separable Banach space
(B, ] - ||) is called Gaussian if the random variable b*W is normally distributed for
any element b* of the dual space B* of B, and it is called zero-mean if the mean
of every such variable b*W is zero. Henceforth we shall only consider zero-mean
Gaussian variables.

It is well known that the norm ||IWW|| of a zero-mean Gaussian variable, which is
a finite random variable by the assumption that W takes its values in B, has sub-
Gaussian tails. (cf. Corollary 5.1 below, or, e.g., ([17], Propositions A.2.1 and A.2.3)
for a direct proof.) In particular, all moments E||W||P are finite. We set

o?(W) = sup  Eb*(W)%
b* €B*:[|b* || =1

This is a finite number, bounded by E||[W||2.

For every element b* € B* we define Sb* € B as the Pettis integral EWb* (W)
of the B-valued random element Wb*(W). By definition, this Pettis integral is an
element Sb* of B such that b5 (Sb*) = Ebs (W )b* (W) for every b3 € B*. The following
lemma allows us to derive the existence of the Pettis integral from the fact that
E|W|? < .

Lemma 2.1. If X is a Borel measurable map in a separable Banach space B with
E| X|| < oo, then there exists an element b € B such that b*(b) = Eb*(X) for every
b* € B*.

Proof. Because the Banach space is assumed separable, the map X is automatically
tight (e.g. [17], 1.3.2). Therefore, for any n € N there exists a compact set K such
that E||X|[1x¢x < 1/n. This compact set can be partitioned into finitely many
sets B; of diameter smaller than 1/n. Without loss of generality these partitions
can be chosen as successive refinements for increasing n. Let X,, = ZZ bilxep,
for b; arbitrary points in the partitioning sets. Then EX,:= > . b;P(X € B;)
satisfies b*(EX,,) = Eb*(X,,) for every b* € B*. Furthermore, the sequence EX,, is
a Cauchy sequence in B, because [|[EX,, — EXy, || = supjp =1 [EV" (X, — Xp)| <
E|X, — Xm| — 0 as n,m — oo. Because E||X,, — X|| < 2/n, we have that
b*(EX,,) = Eb*(X,,) — Eb*(X) for every b* € B. The strong limit b of the sequence
EX,, is of course also a weak limit, whence b*(b) = Eb*(X) for every b* € B*. =

The reproducing kernel Hilbert space (RKHS) H attached to W is the completion
of the range SB* of the map S:B* — B defined by Sbv* = EWb* (W) for the inner
product

(501, Sbs)m = Eby (W)bs(W).

By the Hahn-Banach theorem and the Cauchy—Schwarz inequality,

ISl = sup  [py(Sb) = sup  [BB5(W)H (W)
byEB*:||bs||=1 b3 €B*:[|b3[|=1
(2.4) < o (W) (B (W)2)" = (W) Sb" .

It follows that the RKHS-norm on the set SB* is stronger than the original norm,
so that a || - ||g-Cauchy sequence in SB* C B is a || - ||-Cauchy sequence in B.
Consequently, the RKHS, which is by definition the completion of the set SB*
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under the RKHS norm, can be identified with a subset of B. In terms of the unit
balls B; and H; of B and H the preceding display can be written as

(2.5) H; C o(W)B;.

In other words, the norm of the embedding i: H — B is bounded by o(W).
Lemma 2.2. The map S:B* — H is weak-* continuous.

Proof. The unit ball B} of the dual space is weak-* metrizable ([12], 3.16). Therefore
the restricted map S: Bf — H is weak-* continuous if and only if weak-* convergence
of a sequence b} in B} to an element b* implies that Sb}, — Sb* in H. Now the weak-*
convergence b;, — b* is by definition pointwise convergence on B. Then the sequence
(b —b*)(W) tends to zero (almost) surely, and hence also in distribution. Because
each of these variables is zero-mean Gaussian, this implies that the variances tend
to zero, i.e. ||Sb;, — Sb*||Z = E(b; — b)*(W) — 0. (Alternatively, use the uniform
integrability of the variables b*W instead of the Gaussianity.)

This concludes the proof that the restriction of S to the unit ball B} is continuous.
A weak-* converging net b in B* is necessarily bounded in norm, by the Banach—
Steinhaus theorem ([12], 2.5), and hence is contained in a multiple of the unit ball.
The continuity of the restriction then shows that Sb} — Sb*, which concludes the
proof. m

Corollary 2.1. If B} is a weak-* dense subset of B*, then H is the completion of
SB.

By the definitions (Sb*, Sb™)g = EOG*WbH*W = b*(Sb"), for any b*,b* € B*. By
continuity of the inner product this extends to the reproducing formula:

(2.6) (Sb*, hym = b*(h),

which is valid for every h € H and b* € B*.

Just as for stochastic processes there is an alternative representation of the RKHS
through ‘first chaos’, in the present setting defined as the closed linear span of the
variables b*W in Lo(Q,U, P). The elements Sb* of the RKHS can be written Sb* =
EHW for H = b*W, and the RKHS-norm of Sb* is by definition the Lo(Q,U, P)-
norm of this H. This immediately implies the following lemma. Note that EHW is
well defined as a Pettis integral for every H € L2 (Q,U,P), by Lemma 2.1.

Lemma 2.3. The RKHS is the set of Pettis integrals EHW for H ranging over
the closed linear span of the wvariables b*W in Lo(Q,U,P) with inner product
(EH1W, HoW )y = EH, Ho.

It is useful to decompose the map S:B* — Bas S = A*A for A*: Ly,(Q,U,P) — B
and A:B* — Lo(Q,U,P) given by

A*H EHW,
AV = bW

It may be checked that the operators A and A* are indeed adjoints, after identifying
B with a subset of its second dual space B* under the canonical embedding ([12],
3.15, 4.5), as the notation suggests. By the preceding lemma the RKHS is the
image of the first chaos space under A*. Because R(A)* = N(A*) the full range
R(A*) = A*(L2(Q,U, P)) is not bigger than the image of the first chaos, although

imsart-1lnms ver. 2007/09/18 file: AWvanderVaart.tex date: November 20, 2007



206 A.W. van der Vaart and J.H. van Zanten

the map A*: Lo(Q,U,P) — H is an isometry only if restricted to the first chaos
space.

Recall that an operator is compact if it maps bounded sets into precompact sets,
or, equivalently, maps bounded sequences into sequences that possess a converging
subsequence.

Lemma 2.4. The maps A*: Lo(,U,P) — B and A:B* — Lo(Q,U,P) and S:B* —
B are compact for the norms.

Proof. In general an operator is compact if and only if its adjoint is compact,
and a composition with a compact operator is compact (see ([12], 4.19). To prove
the compactness of A fix some sequence b} in the unit ball B}. As the unit ball
is weak-* compact by the Banach—Alaoglu theorem ([12], 4.3(c)), there exists a
subsequence along which b = converges pointwise on B to a limit b*. Consequently
by, (W) — b* (W) almost surely, and hence in second mean. =

As a consequence we can conclude that the unit ball of the RKHS is precompact
in B. Indeed, H; = A*U; for U; the unit ball of Ly (2, U, P), and hence is precompact
by the compactness of A*.

Example 2.1 (Hilbert space). The covariance operator of a mean zero Gaussian
random element W in a Hilbert space B with inner product (-,-) is the map S:B — B
that satisfies E(W,b1)(W,ba) = (b1, Sba). It is well known that S is continuous,
linear, positive, self-adjoint, and of finite trace, and hence it possesses a square root,
which is another positive, self-adjoint operator S'/2:B — B such that S'/25/2 = §.
(The square root can also be described as having the same eigenfunctions as S with
eigenvalues the square roots of the eigenvalues of S.) The RKHS of W can be
characterized as the range of SY/? equipped with the norm ||SY/2b|g = ||b]|.

To see this note that the covariance operator S is exactly the operator S as defined
previously, after the usual identification of the dual space B* with B itself: b € B
corresponds to the element by — (b,b1) of B*. Hence the RKHS is the completion
of the elements Sb under the square norm ||Sb||Z = E(W,b)? = (b, Sb) = ||S*/?b||?.
This is the same as the completion of the set of functions SY/?c (with ¢ = S'/?b)
under the norm ||S*/2¢||?, = ||c|?>. The latter set is of course already complete, so
that completion is superfluous.

2.3. Comparison

If the sample paths t — W; of a stochastic process W = (W;:t € T) belong to
a Banach space of functions, then the process can be viewed as a map W into
the Banach space. If it is a Borel measurable map, then the preceding gives two
definitions of a RKHS. The two definitions will coincide provided the dual space
can be appropriately related to the covariance function. In particular, if the coor-
dinate projections m;: B — R, defined by b — b(t), are elements of the dual space,
then W; = 7 (W) and the covariance function K(s,t) = EW,W; takes the form
Ens(W)me(W) = (S7s, Sm)m. If the other elements Sb* are determined by the ele-
ments S, then the two definitions should be the same. It appears that in general
some conditions are needed to make the link between the two definitions. For the
Banach space ¢*°(T') of uniformly bounded functions z: T — R equipped with the
uniform norm ||z|| = sup{|z(¢)|:t € T'}, this can always be done.

The following result is probably known to the experts, but we do not know a
published reference.
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Theorem 2.1. If W is a Borel measurable zero-mean Gaussian random element
in a complete separable subspace of £>°(T) equipped with the uniform norm, then
the Banach space RKHS and the stochastic process RKHS coincide. Furthermore
Sﬂ't = K(t, )

Proof. For a given tight Borel measurable random element W in ¢°°(T') there exists
a semimetric p on T under which T is totally bounded and such that W takes
its values in the subspace UC(T,p) of functions f:T — R that are uniformly
continuous relative to p (e.g. [17], Lemma 1.5.9). Thus we may assume without loss
of generality that W takes its values in UC(T, p) for such a semimetric p. The space
UC(T,p) is a Banach space under the supremum norm || f|| = sup{|f(¢)|:t € T}.
Let K(s,t) = EW ;W,.

The coordinate projections m: f — f(t) belong to the dual space UC(T, p)*. The
corresponding Pettis integral Sm; is the function K (¢,-). This follows because it is
contained in UC(T, p) and, furthermore, for every s € T,

mo(K(t,-)) = K(t,s) = EW,W, = Exy(W)m(W).

Because the coordinate projections 7 f identify f uniquely it follows that K (t,-) =
EWﬂ't(W) = S’]Tt.

Thus the stochastic process RKHS, defined as the completion of the linear com-
binations (2.1), is contained in the Banach space RKHS. The inner products on the
two spaces agree, because

(S7s, STy = Em (W) (W) = K(s,t) = <K(s, ), K (¢, ~)>H.
By the Riesz representation theorem an arbitary element of UC(T, p)* is a map
f = [ f(t) du(t) for a signed Borel measure on the completion T of T'and f: T — R
is the continuous extension of f. Because T is totally bounded we can write it for
each m € N as a finite union of sets of diameter smaller than 1/m. If we define .,
as the measure obtained by concentrating the masses of p on the partitioning sets
in a fixed, single point in the partitioning set, then [ fdu, — [ fdu as m — oo,
for each f € UC(T, p). The map f +— [ f dytr, is a linear combination of coordinate
projections. It follows that for any b* € UC(T, p)* there exists a sequence b%, of
linear combinations of coordinate projections that converges pointwise on UC(T, p)
to b*. In other words, the linear span Bf of coordinate projections is weak-* dense
in UC(T, p)*, and hence the RKHS is the completion of SBf, by Lemma 2.1. m

Example 2.2. The preceding theorem applies, for instance, to the space of contin-
uous functions z: T — R on a compact metric space T. For instance C|0,1].

A more general connection between the two definitions of a RKHS can be made
by embedding the Banach space B in its second dual (see [12], 4.15). This is some-
what technical and will not be needed in the rest of the paper. The canonical
embedding is, as usual, the identification of b € B with the map b**:B* — R de-
fined by v**(b*) = b*(b). A Borel measurable random element W in B becomes
identified in this way with the stochastic process W** = (b*(W): b* € B*), which
has covariance function

K(b1,b3) = Eby (W)b3(W).

The stochastic process RKHS H attached to this process in Section 2.1 is the
completion of the set of functions K (b*,): B* — R relative to the inner product
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The function K (b*,-) is exacly the Pettis integral EWb* (W), written Sb* in the
preceding and now viewed as an element of B**; and the inner product in the
display is exactly (Sby, Sb5)m. Thus the two definitions of RKHS coincide, after
identification of B and its image in B** under the canonical embedding.

3. Absolute Continuity

Given a zero-mean Gaussian process W = (W;:t € T') with covariance kernel K
defined on a probability space (2,4, P) with RKHS H as defined in Section 2.1, we
can define a map U:H — Lo(Q2,U, P) by defining

(3.1) UK(t,:) = Ws,

and extending linearly and continuously. This map is an Hilbert space isometry,
since

EUK (s, )UK(t,-) = EW,W, = K(s,t) = (K(s,-), K(t,"))-

This isometry property also implies the existence of the extension. It follows that
the process (Uh:h € H) is the iso-Gaussian process indexed by H: a mean-zero
Gaussian process with covariance function EUgUh = (g, h)m.

The process W induces a distribution P" on the product o-field of RT. For
a function f:T +— R the process (W, + f(t):t € T) induces another distribution
PW+7 on the same space.

Lemma 3.1. If f € H, then PV*f and PV are equivalent and
dpW+f
“dPW
Proof. The process W is the ‘subprocess’ W€ = (Ug: g € G) of the iso-Gaussian

process W = (Uh: h € H) for G the set of functions K (t,-) with ¢ ranging over 7.
From the general theory of Gaussian processes

1
W) = eUf*in”%“, a.s..

dPW"+((hsf):heH)
dpwr

The process W& arises from the iso-Gaussian process by the projection mg: R¥ —
RE. The corresponding Radon-Nikodym derivative can be found as the conditional
expectation

(3.2)

1
WH) = eUf*in”%, a.s..

APV (e NugcC) B dPW H((h fu:heH)
dPW¢ W) = ( dPW*

Because lin (G) is dense in H by construction and U is continuous, the variable U f is
the Lo (Q,U, P)-limit of a sequence Ug,, with (g,,) C lin (G) and hence is measurable
relative to the completion of the o-field generated by W¢. Consequently, the right
side of (3.2) is W®-measurable as well and hence the conditional expectation in the
preceding display is unnecessary.

Finally, note that the shift (g, f)m is exactly the function f after the identification
g < K(t,-), by the reproducing property: f(t) = (K(t,-), f)m for every t € T. m

(WH)] WG) .

Let H be the abstract RKHS attached to a zero-mean, Borel measurable, Gaus-
sian random element W in a separable Banach space B defined on a probability
space (,U,P). Let U:H — Lo(Q, U, P) be the isometry defined by

(3.3) U(Sb*) = b* (W),  b* € B,
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and extending continuously. It is the same map U as in (3.1) if we make the iden-
tification Smy = K(t,-) of Theorem 2.1; also US = A for A defined in Section 2.2.
As before the map U is an isometry. The preceding lemma can be translated to the
present situation.

Lemma 3.2. If h € H then the distributions PV " and PV of W +h and W on
B are equivalent and

dPW+h

1
Do (W) =

Proof. The process W** = (b*(W):b* € B*) arising from W through the canonical
embedding generates the same o-field on the underlying probability space as W
and can be viewed as a measurable transformation of W under the map ¢:B —
RE" given by ¢(b)(b*) = b*(b). The process W + h is transformed in the process
W** + h** = ¢(W + h). The result therefore follows from Lemma 3.1.

The following alternative proof is given in Proposition 2.1 in [3]. The isometry
property of U shows that E(Uh)? = ||h||%. Because Uh is in the closed linear span
of the zero-mean Gaussian variables USb* = b*W, it is itself zero-mean Gaussian.
It follows that

dQ = V=3 lMIE gp

defines a probability measure on (Q2,U). For any b3, b5 € B* the joint distribution
of (USby,USbs) = (bW, b5W) is bivariate normal with mean zero and covariance
matrix ((Sb;‘, Sb;>H)i,j:1,2' By taking limits we see that for every h € H the joint
distribution of (b§W, Uh) is bivariate normal with mean zero and covariance matrix
Y with 2171 = ||Sb>‘1<||ﬂ2ﬂ, 2172 = <Sb>‘1<,h>H and 2272 = ”hHI%]I Thus

ok ok 1 1,. . 1 1 .
Egei®iW — EeitiW Uh=3lIME — (3603607 = 3IME _ o= 5%iatisie

The right side is also equal to

FeibiW+i(Sb] by _ fpibi (W+h).

The last step follows from the reproducing formula (2.6). We conclude that the
distribution of W + h under P is the same as the distribution of W under Q, i.e.

The preceding lemma requires that the shift h is contained in the RKHS. If this
is not the case, then there is no density.

Lemma 3.3. If b ¢ H then the distributions PV *° and P of W +b and W on
B are orthogonal.

Proof. By Lemma 5.1 (below) the closure H of H in B is the support of W. Because
the affine spaces H and H+ b are disjoint if b ¢ H, the assertion is clear if b € B—H.
Therefore, it is not a loss of generality to assume that B is the closure of H.

Fix a sequence {b}} C B* whose linear span is dense (for the norm) in B* and
is such that the variables b}V are i.i.d. standard normal variables. We prove the
existence of such a sequence at the end of the proof. We claim that H = {b €
B: > (bib)? < oo}. Indeed, the sequence h, = Sb}, is orthonormal in H by the
definition of the inner product in H and lin (h,) = Slin (b%) is dense in SB* by
construction of the sequence b}, and continuity of S. By the reproducing formula
bih = (h, hy,)m for every h € H, whence Y (b}h)? < co. Conversely, if > (b%b)? <
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0o, then h:= 3" (b5b)h, is a well-defined element of H, with b},h = b},b for every
m because b’ h, = (hp, hm)r = dmn. Because the linear span of the sequence (b))
is dense in B* it follows that b*h = b*b for every b* and hence b = h, which is
contained in H.

The map ¢:B — R defined by b +— (bb) is well defined and measurable. Tt
maps W onto a sequence (Z,) = ¢(W) of standard normal variables and maps
W + b onto the sequence (Z,, + bfb) of independent shifted normal variables. By
Kakutani’s dichotomy the latter two laws are orthogonal if Y, (b%b)? = oco. This
implies the orthogonality of the laws of W and W + b.

Finally we prove the existence of (b%) as claimed. Starting with an arbitrary
dense sequence (b%) in B*, we can make this linearly independent by removing
from left to right in the sequence b7,b5,... every b} that can be written as a
linear combination of the preceding (left-over) bs. This procedure yields a linearly
independent sequence (b)) whose span is dense in B*. The random variables b W
are automatically linearly independent in Lo(,U,P), because > A\biW = 0,
almost surely for a sequence \,, with finitely many nonzero elements. This implies
that >~ A,b} is zero on a set with probability one under the law of W, and hence
by continuity also on the support of this law, which is B by assumption. Thus
we can apply the Gramm-Schmidt procedure to turn the sequence bW into a
sequence of standard normal variables (Z,,). Then Z,, = Z?:l)\i,nb;kW for every n
for a triangular array of coefficients (A; ) with A, ,, # 0 for every n. The sequence
i Ainb} has the desired properties. m

4. Series Representation

Suppose that the covariance kernel K of the Gaussian process W = (Wy:t € T),
defined on the probability space (£2,U, P), can be written in the form

(4.1) K(s,t) =Y X;o;(s)e;(t)
j=1
for positive numbers Aq, A2, ... and arbitrary functions ¢;: T — R, where the series

is assumed to converge pointwise on 7' x T". The convergence on the diagonal implies
that > ; )\jgb? (t) < oo for all t € T. Then by the Cauchy—Schwarz inequality the
series 2 w;¢;(t) converges absolutely for every sequence (w;) of numbers with
> w?/)\j < 00, for every t, and hence defines a function from 7" to R. We assume
that the functions ¢; are linearly independent in the sense that >, w;¢;(t) = 0 for
every t € T for some sequence (w;) with >, w? /X < oo implying that w; = 0 for
every j € N.

Theorem 4.1. If the covariance function K of the mean-zero Gaussian process
W = (Wit € T) can be represented as in (4.1) for numbers \; and functions
¢;:T — R which satisfy Zj‘;l )\jqﬁ?(t) < oo for every t € T and are linearly
independent as indicated, then the RKHS of the stochastic process W is the set of
all functions 2]011 w;¢;(t) with Z;i1 w? /X < oo, and the inner product is given
by

(4.2) <Z v;ibi, ij¢j>H = Z Ué\u_)j.
i=1 j=1 j=1 Y
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Proof. Under the condition that Y ;- Ag¢?(t) < oo for every ¢t € T, the infinite
sum defining K (s,t) converges for every (s,t) € T x T, by the Cauchy—Schwarz
inequality, and hence the kernel is well defined. Let H be the set of all series
> orey fedr when (fy) ranges over the sequences with > 7 f7/A\, < oo. (These
series were noted to converge pointwise absolutely before the statement of the the-
orem.) By the assumed linear independence of the functions ¢;, the coefficients
(fj) are identifiable from the corresponding functions >, f;¢; € H. Therefore we
can define a bijection i: H — f5 by i: >, frér — (fx/v/Ax). The set H becomes a
Hilbert space under the inner product induced from ¢5, which is given on the right
side of (4.2), and which we denote by (-, -) z. We must prove that this inner product
agrees with the inner product of H and that H and H are the same as sets.

The function K (s, -) has a representation Y, ; fr¢x for f = Aiéi(s), and hence
is contained in H. It also follows that
(K(s, ) K(t, )y =3 %}W = K(s,t) = (K(s,), K(t,))yps

k=1

oo

where the second equality follows from the series representation of K, and the third
s (2.2). Thus the inner products of H and H agree. We conclude that H contains
H isometrically.

The space H has the reproducing property: (f, K(t,-))g = f(t) for every t € T
and f € H. This follows from

(LK) = <Z fk¢k,Z/\k¢k>H => %ﬁk@) = f(t).
K B B

If f € H with f L H, then in particular f L K(¢,-) for every t € T and hence
f (&) =0 by the reproducing formula. Thus H = H. =

Series expansions of the type (4.1) are not unique, and some may be more useful
than others. They may arise as an eigenvalue expansion of the operator correspond-
ing to the covariance function. However, this is not a requirement of the proposition,
which applies to arbitrary functions ¢;.

Example 4.1. Suppose that (T,0,v) is a measurable space and

/ K?(s,t) dv(s) dv(t) < oo.

Then the integral operator K: Ly(T, ©,v) — Lo(T,0,v) defined by

Kf(t) = / £(5) K (s,1) du(t)

is compact and positive self-adjoint. Thus there exists a sequence of eigenvalues
Ak L 0 and an orthonormal system of eigenfunctions ¢ € Lo(T, ©,v) (thus K¢y, =
Ae@r for every k € N) such that (4.1) holds, where the series converges in Lo(T %
T,0x0,vxv). The series y ;. frpr now converges in Lo(T,©,v) for any sequence
(fx) in Ly. By the orthonormality of the functions ¢y, they are certainly linearly
independent.

If the series (4.1) also converges pointwise on T X T, then in particular K (t,t) =
S Atz (t) < oo for allt € T and Theorem 4.1 shows that the RKHS is the set of
all functions Y. fuor for sequences (fi) such that (fr/v/Ax) € La.

If the kernel is suitably reqular, then we can apply the preceding with many choices
of measure v, leading to different eigenfunction expansions.
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If the process itself can be expanded as a series

o0
W= 1;Zi;,

j=1

for a sequence of i.i.d. standard normal variables (Z;) and suitable functions ¢;,
where the series converges in Ly(Q,U, P), then (4.1) holds with A\; = 7 and the
stochastic process RKHS takes the form given by the preceding proposition. The
following proposition gives a Banach space version of this result.

Theorem 4.2. Let (h;) be a sequence of elements in a separable Banach space B
such that Zf; wih; = 0 for a sequence w € {o, where the convergence is in B,
implying that w = 0. Let (Z;) be an i.i.d. sequence of standard normal variables
and assume that the series W = >, Z;h; converges almost surely in B. Then the
RKHS of W as a map in B is given by H = {32, w;h;:w € by < 0o} with squared
norm || 3o wihillf = 32, wi.

Proof. The almost sure convergence of the series W = Z:ﬁl Zih; in B implies
the almost sure convergence of the series b*W = Z;’il Z;b*h; in R, for any b* €
B*. Because the partial sums of the last series are zero-mean Gaussian, the series
converges also in Ly (Q,U,P). Hence for any b*,b* € B*,

EV'WhH'W = Ei Zib*h; i Zib h; = ib*hib*hi.

i=1 i=1 i=1

In particular, the sequence (b*h;) is contained in ¢ for every b* € B*, with square
norm E(b*W)2.

For w € {5 and natural numbers m < n, by the Hahn—-Banach theorem and the
Cauchy—Schwarz inequality,

|5 o

2

sup H Z w;b* ’

llox]<1

m<i<n m<i<n
2 * 2
< g w;  sup E (b*hy)=.
me<i<n 011, Sy

As m,n — oo the first factor on the far right tends to zero, since w € £5. By the first
paragraph the second factor is bounded by sup, <1 E(b*W)? < E[|[W|%. Hence
the partial sums of the series ), w;h; form a Cauchy sequence in B, whence the
infinite series converges.

Because >_,(b*h;)? was seen to converge, it follows that Y_,(b*h;)h; converges
in B, and hence b*(}_,(b*h;)hi) = >, b*h;b"h; = Eb*Wb*W, for any b* € B*.
This shows that Sb* = >, (b*h;)h; and the RKHS is not bigger than the space, as
claimed.

The space would be smaller than claimed if there existed w € ¢5 that is not in
the closure of the linear span of the elements (b*h;) of £2 when b* ranges over B*.
We can take this w without loss of generality as orthogonal to the latter collection,
ie. Y, wib*h; = 0 for every b* € B*. This is equivalent to ), w;h; = 0, which has
been excluded for any w # 0. =

It should be noted that the sequence (h;) in the preceding lemma consists of
arbitrary elements of the Banach space, only restricted by the linear independence
condition that . w;h; = 0 for w € £, implying that w = 0 (and the convergence of
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the random sequence ), Z;h;). Combined with an i.i.d. standard normal sequence
as coefficients, this sequence turns into an orthonormal basis of the RKHS.

From the proof it can be seen that the linear independence is necessary. If it
fails, then the RKHS is the set of linear combinations ), w;h; with w restricted to
the closure in ¢5 of the set of sequences (b*h;) when b* ranges over B* and square
norm ) w?. (Taking these linear combinations for all w € /5 gives the same set,
but the ¢o-norm should be computed for a projected w.)

Example 4.2. For Zy, ..., Z i.i.d. standard normal variables consider the polyno-
mial process t — Zf:o Z;t' /il viewed as a map in (for instance) C[0,1]. The RKHS

of this process is equal to the set of kth degree polynomials P,(t) = Z?:o a;t /il with

square norm || P,||3 = S ¥ a2, i.e., the kth degree polynomials P with square norm

=0 "1
k i
1Pl = 327 PO(0)%.

Conversely, any Gaussian random element W in a separable Banach space can
be expanded in a series W = Zjoil Zjh; for i.i.d. standard normal variables Z; and
any orthonormal basis (h;) of its RKHS, where the series converges in the norm of
the Banach space. Because we can rewrite this expansion as W = 3, |h;l|Z;hj,

where h; = h;/||hj|| is a sequence of norm one, the corresponding ‘cigenvalues’ \;
are in this case the square norms ||h;||?. To prove this result, recall the isometry
U:H — Ly(Q,U,P) defined in (3.3).

Theorem 4.3. Let (h;) be a complete orthonormal system in the RKHS H of a
Borel measurable, zero-mean Gaussian random element W in a separable Banach
space B. Then Uhy,Uhs,. .. is an i.i.d. sequence of standard normal variables and
W =32, (Uh;)h;, where the series converges in the norm of B, almost surely.

Proof. Tt is immediate from the definitions of U and the RKHS that U:H —
Ly(Q,U,P) is an isometry. Because U maps the subspace SB* C H into the Gaus-
sian process b* W, it maps the completion H of SB* into the completion of the linear
span of this process in Ly(Q,U, P), which consists of normally distributed variables.
Because U retains inner products, it follows that Uhy, Uhs, ... is a sequence of i.i.d.
standard normal variables.

By the definition of U and its continuity, for any b* € B*,

bW = U(Sh*) = U(i(Sb*, hl-)Hhi) - i(Sb*, hi)uUh; = ib*(hi)Uhi,
=1 =1 i=1

where the last equality follows from the reproducing formula (2.6) and the series
converges in Lo(Q,U,P). In other words, for any b* € B*, b*(31"  hi(Uh;)) =
i1 (b*h;)Uh; converges in Lo(€Q,U,P) to b*W. We wish to strengthen this to
convergence almost surely of W,,:=>"""  h;(Uh;) to W in B. This is an immediate
consequence of the Lévy—Tto—Nisio theorem, as given in, e.g., ([9], Theorem 2.4),
according to which convergence in distribution of all ‘marginals’ b*Y"" | X; to the
marginals b*W of some Borel measurable map W in a separable Banach space, for
b* € B*, implies the almost sure convergence of the series ), X.

An alternative proof based on a martingale argument is given in ([9], Propo-
sition 3.6). Let Z1,Zs,... be an orthonormal basis of the closed linear span
of the variables b*W in Lo(Q,U,P). Then it can be seen that, for every n,
EW|Zi,...,Z,) = Y., Z;h; in a Banach space sense, for h; = EZ;W. Conver-
gence of the infinite series follows by a martingale convergence theorem for Banach
space valued variables. m
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5. Support and Concentration

The RKHS of a zero-mean Gaussian random element W in a separable Banach
space B is essential for an understanding of the spread of its distribution.

To begin with, the support of W, the smallest closed set By in B with P(W €
By) = 1, is the closure of the RKHS.

Lemma 5.1. The support of a mean-zero Gaussian random element W in a sepa-
rable Banach space B is the closure of its RKHS in B. It is also the closure of the
set SB* in B.

Proof. We first show that the probability P(|[W| < ¢) of an arbitrary open ball
centered around 0 is positive. Let V' be an independent copy of W. Because we can
cover B with countably many balls of radius ¢, there exists some ball B(h,e) with
positive measure under the law of W. The difference B(h,c) — B(h, €) is contained
in the ball of radius 2¢ around 0. It follows that

P(V — W € B(0,2¢)) > P(V € B(h,¢))P(W € B(h,e)) > 0.

Now (V —W)/+/2 is a zero-mean Gaussian process with the same covariance func-
tion as W, and hence has the same distribution as W. It follows that P(W €
B(0,v/2¢)) > 0 for every € > 0.

Since the distribution of W — h is equivalent to the distribution of W for any h
in the RKHS, by Lemma 3.2, it follows that P(|[W — k|| < ) > 0 for any & > 0
and h € H.

This remains true for an element h € B that can be approximated arbitrarily
closely by elements from the RKHS. Thus the support of W contains the closure of
the RKHS in B.

By the Hahn-Banach theorem this closure H can be written as

H= () N@,
b* €B*:b*H=0

where b*H = 0 means b*h = 0 for all h € H and N(b*) = {b € B:b*(b) = 0}
is the kernel of b*. If b*H = 0, then in particular b*(Sb*) = E(b*(W )) =0, and
hence b*(W) = 0 almost surely. It follows that P(W € N(b*)) = 1 for every b*
in the display. By the preceding display the complement B — H is a union of the
open sets N (b*)¢. Because an open set in a separable metric space is Lindel6f ([6],
section 10) this union can be written as a union of countably many of the sets
N (b*)¢. Equivalently, the intersection in the preceding display can be restricted to
a suitable countable subset. It follows that P(W € H) = 1.

The second assertion follows, because the RKHS-norm is stronger than the norm
of the containing Banach space. Completing the set SB* for the RKHS-norm before
taking the closure in B does therefore not give a bigger set. m

An inequality of [1] gives further insight in the concentration of the distribution
of W. Let H; and B; be the unit balls of the RKHS and the space B, respectively.
The inequality involves the (centered) small ball probability

7¢0(€ = (W S E}Bl)
Theorem 5.1. (Borell’s inequality.) For any € >0 and M > 0,

P(W € By + MH;) > &(d~ " (e”)) + M),
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Here @ is the cumulative distribution function of the standard normal distribu-
tion. For fixed € > 0 the right side decreases as M — oo according to the tails of the
standard normal distribution. This shows that the ‘geometry of the concentration’
of W' is given by the unit ball of the RKHS. Summing the small ball eB; to the
multiple MH; can be seen as enlarging the latter set with an e-neighbourhood. In
general this is necessary to capture the mass of the W, because the support of W is
the closure of the RKHS; the RKHS itself may have probability zero. For M — oo
we obtain the equality P(W € eBy + H) = 1, for any € > 0, which (again) shows
that W is supported within the closure of H.

Example 5.1. For a mean-zero normal vector W in B = R* with covariance
matriz X2, the RKHS is the range of the covariance matrix equipped with the inner
product (g, Yh)yg = g7 Sh. This follows, because B* = R* and, for the element
g € B* given by h— hTg, we have Sg = EWW7Tg = Xg. The inner product of the
RKHS is (Sg, Sh)yy = EgTWhTW = g Sh.

The unit ball Hy is the set {Sh:hTXh < 1}. For nonsingular ¥ this set is the
ellipsoid determined by the inverse matriz X1, i.e., the ellipsoid determined by
the level sets of the density. For singular X the distribution is concentrated on a
lower-dimensional subspace, and we have a similar interpretation after projection
on this subspace.

Borell’s inequality is often quoted as only an exponential inequality on the norm
|[W]|, but this is in fact a consequence. The distribution of the norm ||W|| of a
non-zero Borel measurable Gaussian map W does not have atoms (cf., [2]) and
therefore has a unique median M (W).

Corollary 5.1. For any x > 0,
P(||W|| —MW) > x) <1- @(x/U(W)).

Proof. For ¢ = M(W) we have P(W € eB;) = P(||W| < M(W)) = 1/2. Hence
the choices e = M(W) and M = z/o(W) in Borell’s inequality yield the inequality
P(W € M(W)B,; + (z/c(W))H;) > ®(2/c(W)). Because Hy C o(W)B; by (2.5),
the left side is smaller than P(W € (M (W) + z)B1), which is 1 minus the left side
of the corollary. m

According to Anderson’s lemma (e.g., ([9], p73), ([16], p72), or ([17], 3.11.4)) a
ball of fixed radius receives maximum mass of a zero-mean Gaussian distribution
if centered at the origin. The following lemma gives a lower bound on the decrease
in mass if the ball is centered at an element of the RKHS. The lemma is implicit
in the proof of the main result in [7], and appears explicitly as (4.16) in [8].

Lemma 5.2. If h € H, then for every Borel measurable set C C B with C = —C,

1 2
P(W —heC)>e2lMEpw e 0).

Proof. By symmetry W and —W are identically distributed and hence P(W + h €
C)=P(-W+he-C)=PW —heC). By Lemma 3.2,

1
P(W + h € C) = Elo(W + h) = BeV'21Mi1 o (W),
This is true with —h instead of h as well. Combining these facts yields that

PW—heC) = igeV" 21, w)+ %EeU(_h)_%”_h”%lc(W)
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I A L
= e 2"MEEcosh(Uh)1c(W) > e 2"EP(W € O),
since coshx = (e + e7%)/2 > 1 for every z. m

The lemma with C equal to the ball of radius € around 0 refers to the noncentered
small ball probabilities P (||W —w|| < €), for every w in the RKHS. Up to constants
these can be completely characterized through the corresponding centered small
ball probabilities and approximation of the center w from the RKHS. Define

(5.1) Pu(€) 1< slIhllE — log P([W] <e).

= inf

heH: | h—w
For w = 0 this agrees with the negative exponent ¢g(¢) of the small ball probability
P(||WH < 5) = e~ %(9) defined previously. Up to constants this quantity gives the
exponent of the small ball probability at center w.

Lemma 5.3. For any w in the support of W and every € > 0,
Puw(e) < —logP(|W —wl|| < &) < ¢u(e/2).

Proof. For any h € H with ||h — w| < & we have |[W —w| < e+ ||[W — || and
hence P(|W —wl|| < 2¢) > P(||W —h|| < ). The latter probability can be bounded
below by exp(—3[|A]|Z)P (W] <€), in view of the preceding lemma. We conclude
by optimizing over h € H.

The set B, = {h € H:||h — w| < e} is convex and closed in H, because the
RKHS topology is stronger than the norm topology. Therefore the (convex) map
h +— ||h||% attains a minimum on B, at some point h.. Because (1 —A)h. +Ah € B,
for every h € B and 0 < X < 1, it follows that ||(1 — A)he + Ah||Z > ||he||%, which
implies that 2\(h — he, he)m + A?||h — he||Z > 0. The fact that this is true for every
0 < XA <1 can be seen to imply that (h, h.)m > ||he||F for every h € B..

By Theorem 4.3 the process W can be written as W = >, (Uh;)h;, for any
given complete orthonormal system hq, ho,... in H, where the series converges al-
most surely in norm. The truncated series W™ = Y"1 (Uh;)h; takes its values
in H. If |W — g — w|| < ¢ and some arbitrary g € H, then |[W™ —g —w| < &
for sufficiently large m, almost surely. Equivalently, W™ — g € B, and hence the
preceding paragraph implies that (W™ — g, h.)m > ||he||3, eventually as m — oo,
almost surely. Here (W™ ho)m = > i (Uhi){hi,heym = U D", hi(hi, he)m. By
the continuity of U the right side converges in Ly(Q,U, P) to Uh. as m — oo, and
hence almost surely along a subsequence. We conclude that Uhe — (g, he)m > ||he||%
almost surely on the event {||W — g — w]|| < €}. In particular the choice g = —h,
yields that Uh. > 0 almost surely on the event {|W + he. —w|| < €}.

By Lemma 3.2,

P(Wew+eBy) = P(W—h.€w—h.+eBy)
1 1
= Ee_Uh€_§Hh€“%“1Wew—hE+sBl < 6_5”h€“‘2*E1W6w—he+sBu
by the preceding paragraph. The probability on the right side is smaller than P(W €

€B1) by Anderson’s lemma. =

6. Small Ball Probability and Entropy
The unit ball of the RKHS not only expresses the shape of the Gaussian mea-

sure, but also allows a quantitative estimate of the small ball probability e~%0(¢) =
P(||[W]| <€) through its entropy within the Banach space.
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Let N(g,Hy, | - ||) be the smallest number of balls of radius € > 0 needed to
cover the unit ball Hj of the RKHS. This is bounded by the maximal number D(g)
of points h; in Hy with [|h; — hj|| > € for i # j. Because each ball of radius /2
around a point h; has probability at least e=*/2P(||W|| < ¢/2) by Lemma 5.2 and
these balls are disjoint, it follows that 1 > D(e)e~'/2P(||W| < £/2), whence D(e)
is finite for every € > 0. This shows that the RKHS unit ball H; is precompact in
B.

The following results, which were proved by [7] and [10], refine this argument,
and show roughly that for regularly behaved entropy € — log N (E,Hl, Il - H) and
small ball exponent € — ¢y(e), and for small ¢,

logN( Hy, |- ||) = ¢o(e).

€
Véo(e)
However, the exact statement has several constants in it.

Lemma 6.1. Let f:(0,00) — (0,00) be regularly varying at zero. Then

(i) log N (e/+/2¢0(e), Hu, || - 1) Z bo(2¢).

(ii) If ¢o(e) < f(e), then log N(e/\/[(e), Hl, I-11) < £(2)

(iii) Iflog N (e, Hy, || - [) 2 f(e), then ¢o(e) 2 f(e/v/¢o(e))-

(iv) Iflog N (e, Hy, || - |I) < f(e), then ¢o 26 f(E/\/% ))-
Lemma 6.2. Fora>0and BE€R, ase | 0, ¢po(c) < e *(log1/¢)? if and only if
log N (e, Hy, || - [|) = e2¢/@+) (log 1/5)2ﬂ/(2+a)

7. RKHS under Transformation

If a Gaussian process is transformed into another Gaussian process under a one-to-
one, continuous, linear map, then the RKHS is transformed in parallel.

Lemma 7.1. Let T:B — B be a one-to-one, continuous, linear map from a sep-
arable Banach space B into a Banach space B and let W be a Borel measurable,
zero-mean Gaussian random element in B with RKHS H. Then the RKHS of the
Gaussian random element TW in B is equal to TH and T:H — H is an isometry
for the RKHS-norms.

Proof. Let T*:B* — B* be the adjoint of T. The RKHS H of TW is by definition
the completion of the set of Pettis integrals

Sb* =E(TW)Y (TW) = T(EWb (TW)) = TST*b",
for the inner product
(Sb1, Sby)m = Eby (TW)by (TW) = E(T"b; W )(T"b; W) = (ST"by, ST b3)m-

It follows that the element Sb* of H is the image under T of the element ST*b* of
H, and its norm is the same: [|Sb*||u = ||ST*b"||m. Thus T: ST*B* C H — H is an
isometry for the RKHS-norms. It extends by continuity to a linear map from the
completion Hy of ST*B* in H to H. Because T is continuous for the norm of B, this
extension agrees with T. Because T: ST*B* — SB”* is onto, T is an isometry for
the RKHS-norms, and Hy and H are by definition the completions of ST*B* and
SB*, we have that T:Hy — H is an isometry onto H. It remains to be shown that
Hy = H.
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Because T is one-to-one, the range T*B* of its adjoint is weak-* dense in B*
([12], Corollary 4.12). By Lemma 2.2 the map S‘B* — H is continuous relative to
the weak-* and RKHS topologies. Combined this yields that S(7*B*) is dense in
SB* for the RKHS-norm of H and hence is dense in H.

Taken together the preceding shows that T:H — H is an isometry onto H. =

8. RKHS Relative to Different Norms

A stochastic process W can often be viewed as a map into several Banach spaces.
For instance, a process indexed by the unit interval with continuous sample paths
is a Borel measurable map in the space C[0,1], but also in the space Ls[0,1]; a
process with continuously differentiable sample paths is a map in C]0, 1], but also
in C'1[0,1]. The RKHS obtained from using a weaker Banach space is typically the
same.

Lemma 8.1. Let (B, ||-||) be a separable Banach space on B and let ||-||" be a norm
on B with ||b||" < ||b]|. Then the RKHS of a Borel measurable zero-mean Gaussian
random element in (B, - ||) is the same as the RKHS of this map viewed in the
completion of B under || - ||.

Proof. Let B’ be the completion of B relative to || - ||". The assumptions imply that
the identity map I: (B, || - ||) — (B', || - ||") is continuous, linear and one-to-one. The
proposition therefore is a consequence of Lemma 7.1. m

Example 8.1. Let W be a mean zero Gaussian process indexed by the unit interval
[0,1] with covariance function K (s,t) = EW;W;.

If W has continuous sample paths, then it is a random element in C[0,1]. The
RKHS of W viewed as a random element in C[0,1] is the completion of the linear
span of the functions K(t,-) under the inner product (2.2).

If W is a measurable process and fol W2ds < oo surely, then W is a random el-
ement in L[0,1]. The dual space of L2[0,1] consists of the maps g — [ g(s)f(s)ds
for f ranging over Ls[0,1], and Sf(t) = EW, [W,f(s)ds = [K(s,t)f(s)ds.
Therefore, the RKHS of W viewed as a random element in L2[0, 1] is the com-
pletion of the linear span of the functions t — [ K(s,t) f(s)ds for f ranging over
L0, 1] under the inner product (Sf,Sg)m = [ [ K(s,t)f(s)g(t) dsdt.

If W has continuous sample paths, then its covariance kernel is continuous, and
it can be shown by direct arqguments that the two RKHSs agree. This also follows
from the preceding lemma.

9. RKHS under Independent Sums

If a given Gaussian prior misses certain desirable ‘directions’ in its RKHS, then these
can be filled in by adding independent Gaussian components in these directions. A
closed linear subspace By C B of a Banach space B is complemented if there exists
a closed linear subspace By with B = By + By and By N B; = {0}.

Lemma 9.1. Let V and W be independent Borel measurable, zero-mean, jointly
Gaussian maps from a given probability space into a separable Banach space with
supports BY and BY such that BY NBY = {0} and the subspace BY is comple-
mented by a subspace that contains BY . Then the RKHS of V. + W is the direct
sum of the RKHSs of V and W and the RKHS norms satisfy [|[hY + bW |2y 0w =
1RV I2w + 1Y |2
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Proof. By the independence of V and W the Pettis integral SVtWp* = E(W +
V)b*(V + W) can be written as SY*Wb* = SVb* + SWb*. The assumptions of
trivial intersection BY NB" = {0} and of complementation of B" entail that there
exists a continuous linear map II: B — BY such that IIb = b if b € BY and IIb = 0
if b € BY; (cf., [6], 29.2). Then b* oIl € B*, IV = V and IIW = 0 almost
surely, whence SV (b* o II) = 0 and hence SV*W (b* o II) = SVb*. It follows that
SVB* ¢ SV*WB* and by symmetry SWB* ¢ SYTWB*. Also, for any b%, b5 € B,

(SVb;, SV byhavaw = (SVHWb o IL VWS o (I — T1))v s
= E(b] oII(V +W)) (b5 0 (I - I)(V + W))
— E®V) (05W) = 0.

We conclude that SYB* L SWB* in HY W so that HY W is the direct (orthogonal)
sum of HY and H". Furthermore ||SY*Wb*|2, . = E(b*(V +W))? = E(b*V)? +
E(0*W)?. u

By the Hahn-Banach theorem the assumption of complementation is certainly
satisfied as soon as one of the supports of V and W is finite-dimensional.

The assumption that BY N B"Y = {0} can be interpreted as requiring ‘linear
independence’ rather than some form of orthogonality of the supports of V and W.
The stochastic independence of V' and W translates the linear independence into
orthogonality in the RKHS of V' 4+ W.

The assumption requires trivial intersection of the supports of the variables V'
and W, rather than of sets that carry probability one. Because the RKHS is in-
dependent of the norm (Lemma 8.1) the closure operation involved in computing
the support may be taken for the strongest norm which is defined on the random
elements.

The assumption that BY N B" = {0} cannot be removed. For instance, if V =
Do wiZiy; and W= 3" i Ziap; are series expansions with independent standard
normal variables (Z;), (Z!) on a common basis (1;), then the sum process can be
written V + W = Y. u/ Z!"y; for pl! = \/p? + (p})? and Z independent standard
normal variables. The RKHS of V' + W is then the set of series ), w;1; with
coefficients (w;) satisfying >, (w;/ul/)* < oo (see Section 4). Thus the RKHS is
not an orthogonal sum and, asymptotically as i — oo, the eigenvalues (u!)2, which
determine the presence of the directions ¢; in the RKHS, are determined by the
slowest of the two sequences p; and pf. If p1;/p; — 0, then the RKHS of V + W is
essentially the same as the RKHS of W.

10. Examples

The RKHS of standard Brownian motion, viewed as a random element in C[0, 1],
is well known to be the set

(10.1) {f:[0,1] = R, f € AC, f(0) =0, / fl(t)*dt < oo},

where f € AC is the assumption that f is absolutely continuous. The RKHS inner
product is

<fvg>H:/0 f(t)g'(t)dt.

Lemma 10.1. The RKHS of a standard Brownian motion W on [0,1] is given by
(10.1) with the inner product as indicated.
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Proof. We use the definition of the RKHS in Section 2.1 and the fact that the
covariance kernel of Brownian motion is given by s At. The RKHS is the completion
of the linear span of the functions ¢ — s At as s ranges over [0, 1], under the inner
product determined by

<81 A\ *y 82 A\ '>H = 81 A\ S9 = /(81 A\ t)I(SQ A\ t)l dt,

where the prime denotes differentiation relative to ¢, in the sense of absolute con-
tinuity.
The linear span of the functions ¢ — s A t contains every function that is
0 at 0, continuous, and piecewise linear on a partition 0 = s9 < s1--- <
sy = 1. Indeed to obtain such a function with slopes «jq,...,an on the intervals
(0,81),--+,(8N—1,8n), first determine the coefficient of sy A - to have a correct
slope on (sy_1, Sy ), next determine the coefficient of sy 1 A- to have a correct slope
n (sy—2,S8n-1), etc. The derivatives of these functions are piecewise constant, and
the set of piecewise constant functions is dense in L3[0,1]. =

Given the RKHS of Brownian motion it is now easy to derive the RKHS of
several processes related to it.

e To release Brownian motion at zero, we may start it at an independent stan-
dard normal variable Z, giving the process t — Z + W;. The RKHS of the
constant process t — Z are the constant functions, which have trivial inter-
section with the RKHS of Brownian motion. A given function f:[0,1] — R
can be decomposed as f = f(0) + (f — f(0)), where the second part is in
the RKHS of Brownian motion if it is absolutely continuous with square
integrable derivative. By Lemma 9.1, the RKHS of Z + W is the set of all
absolutely continuous functions f:10,1] — R equipped with the inner product
(f,g)m = £(0)g(0) + [ f'(s)g'(s) ds.

o To smooth Brownlan HlOthn we may consider its k-fold integral 1§, W, where
(I&, F)() = [y f(s)ds and I§, = I§7'I3, . Taking a primitive is a continuous,
linear, one-to-one rnap from C[0,1] — C]0,1], and hence by Lemma 7.1 the
RKHS of Ik W is the set of functions I&f for f in the RKHS of Brownian

motion, equlpped with the inner product (If f, 1§, g)m = fo 1'(8)g'(s) ds.
This space can be described simply as the set of all functions f: [O 1] — R
that are k-times differentiable with an absolutely continuous kth derivative
with square-integrable f*+1  equipped with the inner product (f,g)u =
Jo FED ()9 (s) ds.

e The sample paths of k-fold integrated Brownian motion I¥ . W have k vanish-
ing derivatives at zero, which negatively affects its approximation properties
to smooth functions. (See Example 10.1 below.) We can release the deriva-
tives by adding a polynomial and considering the process t — Zf:o Zit' il +
(I&W)t, for Zy,...,Z; ii.d. standard normal variables, independent of
W. The supports of the polynomial process t +— Zi’c:o Z;t'/i! and I(’)“JrW
in C[0,1] do not have a trivial intersection, and hence we cannot apply
Lemma 9.1 in that setting. However, we may consider these processes as
Borel measurable random elements in the space C®)[0,1] of k-times differ-
entiable functions, equipped with the norm | f|lx = ||flleo + [|f*||oc. Ac-
cording to Lemma 8.1, this does not change the RKHS. The support of the
process I} W in c) [0,1] contains only functions with %k vanishing deriva-
tives at 0, and hence does have trivial intersection with the support of the
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polynomial process t +— Zf:o Z;t'/il, which is the set of kth degree poly-
nomials. Applied in this setting Lemma 9.1 yields that the RKHS of the
process t — Zf:o Zit'Jil + (IF, W), is the set of functions f:[0,1] — R
that are k-times differentiable with an absolutely continuous kth derivative
with square-integrable f 1) equipped with the inner product (f,9)m =
Zf:o F@(0)g@(0) +f01 FEED (5)gF+D (5) ds. To see the latter, note that any
f can be uniquely written as f = Py, + (f — Py) for Pu(t) = S35 f@(0)¢/i,
the kth degree Taylor polynomial and f — P a function with k vanishing
derivatives at zero. The polynomial Py is contained in the RKHS of the poly-
nomial process t — Z?:o Z;t'/i! with square RKHS-norm Zf:() P,gz)(O)2 by
Example 4.2, and the function f — Py is contained in the RKHS of I¥ W by
the preceding.

The preceding can be extended to fractional integrals of Brownian motion.
Rather than studying the fractional integral operator in detail, we give a direct
derivation of the RKHSs. For @« > 0 and W a standard Brownian motion the
Riemann—Liouville process with Hurst parameter o > 0 is defined as

t
R?:/ (t—s)* " V2aw,, t>0.
0

The process R™ is a centered Gaussian process with continuous sample paths. It
can be viewed as a multiple of the (« + 1/2)-fractional integral of the “derivative
dW of Brownian motion”. For o > 0 and a (deterministic) measurable function f
on [0, 1] the (left-sided) Riemann—Liouville fractional integral of f of order « (if it
exists) is defined as (cf., [13])

00 = g7 [ =920 s

For a a natural number, the function I, f is just the a-fold iterated integral of f,

and for a > 1/2 the Rieman-Liouville process is equal to I'(a + 1/2)[5;1/2W for
I, the fractional integral.

Lemma 10.2. The RKHS of the Riemann—Liouville process with parameter a > 0
viewed as a random element in C[0,1] is H = Ig_:rl/2 (L2]0,1]) and the RKHS-norm
is given by

Ioz+1/2 _ ||fH2 )

Proof. We use the characterization of the RKHS as the completion of the functions

(2.1) under the inner product (2.2). With f, the function defined by fs(u) = (s —

u)i_l/Q, we have, for all s,¢ > 0 and (-, )2 the inner product of Lz[0, 1],

ER®R® = /(t —w) T P (s —w) T P du = (fi, i)y = T+ 1/2) I8P £4(0).

1/2
IS‘: / f for some

f € Lo[0,1]. Moreover, the inner product (2.2) of two such elements Igflﬂf and

a+1/2
Iy

Hence every simple element of H of the form (2.1) is given by

g is given by

at1/2, a1z \ (f.9)
(102) BB, = ey iy
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It follows that the RKHS H is a subspace of the Hilbert space obtained by endowing

1311/2(142 [0,1]) with the inner product (10.2). To prove the converse inclusion,
suppose that g € Ig:l/Q(LQ[O, 1]) is orthogonal to H. Then g = Igfl/zf for some
f € L3[0,1] and g is, in particular, orthogonal to every element Igfl/zft of H.
Hence, for every t € [0, 1],

. a+1/2 a+1/2 o <f7 ft> _ Ig+1/2f(t)
0= (B ), = P20+ 13) ~ T(a T 1/2)

The injectivity of the operator I§; /% L5[0,1] — Ly[0,1] (see [13], Theorem 13.1)

then implies that f = 0, whence g = 0. We conclude that H = 13:1/2([/2 [0,1]), and
the inner product on H is given by (10.2). m

Example 10.1. The process t — Z + f(f Wsds, for Z a standard normal variable
and W an independent Brownian motion, has sample paths of reqularity 3/2 and
can take any value at 0, but the derivative at 0 is 0. We shall show that the latter
makes the process inappropriate as a prior model for 3/2-smooth functions.

By similar arguments as before the RKHS H of the process can be seen to be
the set of all functions h:[0,1] — R with absolutely continuous derivative such that
fol h"(s)?ds < oo and W' (0) = 0, with square norm

IlE = IK"]I5 + R (0)*.
We shall show that for the identity function id we have
1
inf{||h||&:h € H, ||h —id| s <€} 2 =

This may be contrasted with the approximation by the RKHS of the process t —
Zo+ Z1t + fot W, ds, which is of order (1/£)?/® for every function in C3/2[0,1] (see
[15).

To prove the claim note that |h — id|e < € implies that h(3¢) — h(0) > .
Therefore the quantity in the display is bounded below by

3e
int{ / () ds: h(3) — h(0) > £, 1/(0) = 0},
0
For a given h as in the display we can define g by

Then g'(y) = 31’ (3ey), " (y) = 9h" (3ey)e, and

g(0)=0, g4'(0)=0, g(1)>1

3e 3e 1
/0 h"(s)2d5:/0 g”(s/(35))2(gi)2 dS:/o g”(u)QZL?Edu.

Thus the preceding display is bigger than

(2%) inf{/olg"(Wdu:g(l) >1,9(0) = g'(0) = 0}.

The infimum is nonzero, because g" = 0 implies that g is a linear function, hence
identically 0 because g(0) = ¢’(0) = 0, contradicting g(1) > 1.
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Abstract: In public health management there is a need to produce subna-
tional estimates of health outcomes. Often, however, funds are not available to
collect samples large enough to produce traditional survey sample estimates for
each subnational area. Although parametric hierarchical methods have been
successfully used to derive estimates from small samples, there is a concern
that the geographic diversity of the U.S. population may be oversimplified in
these models. In this paper, a semi-parametric model is used to describe the
geographic variability component of the model. Specifically, we assume Dirich-
let process mixtures of normals for county-specific random effects. Results are
compared to a parametric model based on the base measure of the Dirichlet
process, using binary health outcomes related to mammogram usage.
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1. Introduction

Large national surveys are generally constructed to provide estimates for a diverse
group of data users. Estimates, from a single survey, often cover scores of topics and
are usually provided for as many population groups as the sample size will support.
Population groups of interest consist of both large and demographic groups and
subnational areas. As the data users are thought to hold a variety of prior opinions,
estimates for a particular group are usually constructed using only sample data
from the group in question along with randomization theory. Often estimates are
needed for small population subgroups that do not contain enough data for precise
estimation. In this situation, small area estimation methods, based on statistical
models and parametric exchangeability assumptions that use data from similar
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Semi-parametric small area estimation 225

groups are often used. These exchangeability assumptions are generally applied
across small areas if there is no a priori evidence to the contrary. Of course, this
assumption may be incorrect and, without alternatives to this assumption, will
remain throughout the inference.

We propose a semi-parametric, hierarchical model for small area estimation. The
model produces estimates for a small area that selectively use data from only subsets
of other small areas. The uncertainty about which subsets are valid is automatically
accounted for. This model is useful when, a priori, one suspects that all small
areas are not equally similar but one does not know where the dissimilarities are.
The model is an extension of currently used parametric hierarchical models for
small area estimation. Although the parametric hierarchical models are flexible
enough to adjust for the amount of ‘borrowing’, it is required that the subsets
where ‘borrowing’ can take place be prespecified. In practice, subset identity may
not be known. In addition, some small areas may be outliers and should not be
used in drawing inference about other areas and, vice versa, other areas should
not be used in drawing inference about them. The semiparametric model, proposed
here, will adapt to such outliers. The desired flexibility is accomplished by using a
Dirichlet process (DP) prior to define a probability model on possible partitions of
small areas. Specifically, the DP prior defines partitions of the set of all counties.
Conditional on an assumed partition the model assumes a homogeneous population
within all counties in a partitioning subset. This alleviates the difficult problem of
specifying a large number of prior probabilities for possible partitions as in Malec
and Sedransk (1992). In addition, the DP model is computationally tractable. The
model is applied to the National Health Interview Survey (NHIS) for estimates of
mammography utilization.

We begin with a historical overview of methodological improvements for small
area estimation in Section 2. This is followed, in Section 3, by a description of
the NHIS and how the variables were selected for the model of mammography
utilization. In Section 4 we motivate and describe the prior model on the random
effects. Section 5 discusses details of the implementation by Markov chain Monte
Carlo simulation. In Section 6 we apply the model to the NHIS and compare results
with alternative approaches.

2. Early and Current Methods for Small Area Estimation

Early estimates for small areas were based on the assumption that an outcome is
primarily a function of demographic class. By knowing the demographic charac-
teristics of a small area and estimating the national-level prevalence of outcomes
within the same demographic groups, one can derive small area estimates. Esti-
mates based on this assumption are known as ‘synthetic estimates’. One of the first
publications using this method pertained to synthetic state estimation of disability
[14].

A systematic, empirical study of biases in synthetic estimation was undertaken
by Schaible et al. [20]. Little data is usually available to evaluate the bias of actual
small area estimates. However, using a wide range of outcomes available in the U.S.
decennial census, it was shown that the basic homogeneity assumptions underlying
synthetic estimation were frequently unwarranted. To alleviate this problem, the
biases in synthetic small area estimates can be modeled as random effects. Related
estimates of this type have been proposed in Fay and Herriot [3], Dempster and
Tomberlin [2] and Battese and Fuller [1]. The model-based approach using ran-
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dom effects opens up the possibility for a variety of models, resulting in realistic
estimators that may combine data in a nonlinear manner.

Much of the recent development in small area estimation has concentrated on
obtaining estimates from random effect models without resorting to asymptotic
approximations using Bayesian Inference and Markov chain Monte Carlo methods
(see, e.g., [10]). In current research, the distributional assumptions of the random
effects models are being questioned. For example, alternative models which allow
for spatial effects have been employed by Ghosh et al. [5] and others. Maiti [7] uses
finite mixture models for random effects.

For a recent more detailed review of small area estimation, see Rao [16].

3. The NHIS and the Selection of Variables for Estimation

The NHIS is typical of many national, representative, personal interview surveys. A
personal interview can be relatively costly but response rates are generally higher
than for other modes of interview and complicated questions, especially questions
involving visual cues, can be asked. A substantial contributor to the total cost of a
personal interview survey is travel cost. To minimize travel costs, each interviewer
usually conducts interviews near his or her residence. Hence, sampling units are
usually small geographic land areas. As a result, there is a relatively large sample
size in these selected areas but relatively few areas selected across the country. In
addition, the overall sample size is selected to produce traditional, randomization-
based survey estimates at the national level. Due to high sampling costs, the sample
size is usually inadequate to make precise design-based estimates for most small
areas. However, estimates are usually desired at smaller levels, for example, for
allocation of funds or for assessing and administering health services. The required
precision of these estimates is usually of the same order of magnitude as that
required for national estimates, resulting in an extreme shortfall of data for making
small area estimates.

The NHIS is redesigned every ten years following the decennial census, taking
advantage of up-to-date population data. The NHIS is based on a complex sample
design of clusters of housing units, called segments. Segments are selected from
within a Primary Sampling Unit (PSU), which is usually a group of contiguous
counties. PSUs are sampled from strata, constructed to contain PSUs with similar
socio-demographic content. See Massey et al. (1989) for details. The segment is
the smallest sampling unit for many questions asked in the NHIS. Subsamples,
within segments, are also collected on special health topics from either a subsample
of households or from people within households. The questions on mammography
usage, studied here, are from a subsample of housing units, within segments sampled
during years 1993 and 1994.

The sampled outcomes from the NHIS are not an i.i.d. sample from the popu-
lation. They should not be considered a simple random sample due to both non-
response and to possible selection bias due to the sampling design. Nonresponse is
accounted for by poststratifying by county, age and race groups. Sample selection
effects are countered by including design variables in the model. An example of an
alternative approach, in which the sample selection process is modeled directly, is
given by Malec et al. [8].

In this paper we consider inference related to one of the questions in the NHIS
which asks whether a mammogram had been obtained within the past two years.
Periodic mammograms for screening of breast cancer are highly recommended for
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women of certain ages. Estimation of the mammography utilization rate by age
and race for local areas is important for evaluation purposes. Although NHIS data
based on single years of age by race within each county is available, as are census
population estimates for counties by race and five-year age groups, we chose to
evaluate the D = 6 demographic groups defined by the three age groups (30-39,
40-49, 50+) crossed with race (black, non-black).

We consider a model:
P(Yiar = 1) = pia;

where y;qr = 1 if the k-th person in demographic group d and county i did re-
ceive a mammogram in the past two years, and y;qr = 0 otherwise. It is assumed
throughout that there may be differences between local effects of mammography
utilization due to demographic groups. This is why six different prevalence rates,
pid, d =1,..., D, are used for each county i. The first step in the model selection
process is to select county covariates to account for small area effects. The county
variables used are from the Area Resource File [22]. Twenty-two county covariates
were evaluated. These covariates comprised regional status of the county, urban
variables, percent of population working in white collar jobs, percent of population
working in agriculture and construction, urban status, unemployment rate, per-
cent of households that are renters, percent minority (black, asian, hispanic and
mexican), degree of education, population density, and median home value. Let x;
denote a vector of all possible county-level covariates and let uy denote demographic
effects, d =1,...,D. Using a model

(1) P;q = logit(pia) = pa + b,

and Schwarz’s criterion we identified two county-level covariates: percent of work-
force in white collar jobs (x;1) and percent of persons aged 25+ with no more than
a ninth-grade education (x;2). A second model-fitting step was used to determine
whether interactions of the two county variables with the D demographic groups
were present. Using a logistic regression model like (1) with additional interactions
of county variables and demographic groups, we again used Schwarz’s criterion and
by forward stepwise selection identified the best set of interactions. We found in-
teractions of both covariates with the demographic group of 30-39 year old whites.
The estimated interaction term amounted to dropping all covariate effects on this
particular demographic group. As a last check, plots of average residuals were used
to determine that a linear relationship with the logits appeared reasonable.

Although the county covariates used in the model selection are close to the
variables that were used to design sampling strata, Malec et al. [10] found that
strata effects may still be present in the data. Sampling strata were defined by
grouping the county-based PSUs into 198 strata so that the PSUs in each stratum
have similar summary measures of socio-economic status [11]. By assuring that
each stratum contains a prespecified sample size, a more systematic coverage of
the population is possible. We will include stratum effects in the model to account
for this important prior knowledge based on the design. We shall use an additional
subindex  in pg;q and zg4 to indicate strata.

In the prior specification, instead of assuming that all stratum effects are dis-
tributed i.i.d., we allow their variability to be distinct within broad mega strata.
We defined two mega-strata by grouping the 198 strata into those representing the
very large metropolitan areas (like the New York City area) versus all others.
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4. A Semi-Parametric Randomized Block Model

Based on the discussion above, we include random stratum effects v, as well as
random (county by demographic) group effects (Bgq. Let ngq denote the num-
ber of individuals interviewed in demographic domain d, d = 1,..., D, county i,
i=1,...,1, and stratum s, s = 1,...,5. Counties are nested within strata, and
demographic domains are crossed with counties.

Let ysiq ~ Bin(nsid, psia) denote the number of positive responses among these
ngq individuals. Let s(i) denote the stratum containing county ¢, and let 3; =
(Bsia, s =s(i), d=1,...,D) denote the D dimensional random effects vector for
county 4. Since county indices ¢ are unique across stata, the subindex s in (g4 is
redundant and we use it only when it helps to clarify the hierarchical structure
of the model. We assume a logistic regression of the success probabilities py;q on
some quantitative covariates g4 and county-specific and stratum-specific random
effects:

(2) Psid = logit(psid) = 'r/57,db + ﬁsid + Us(i)a
with priors

Bi ~ h(ﬂl)a Vs ~~ N(0752 )7 b~ N(mba ‘/b)v 57;2 ~ Ga(a&b&)

m(s)

m = 1,..., M. Here m(s) denotes the mega-stratum containing stratum s, and
Ga(a, b) denotes a gamma distribution with mean a/b. In words, the random effects
0; are generated by some distribution h(:), details of which will be discussed below.
The stratum random effects are a priori normal with random variance §,,. The
model is completed with conjugate hyperpriors for d,, and b, with the latter pos-
sibly non-informative by choosing Vb_1 = (0. While a large number of experimental
units are available to inform inference about the county-specific random effects 3;,
only a moderate (198) and small (2) number of stratum and mega-stratum-specific
effects are included in the model. Therefore, we use fully parametric random effects
distributions for vs and 9,,, but a flexible non-parametric model for j;.

The choice of the prior model h(-) is guided by the following considerations. First,
health related outcomes always vary by age and race, but are correlated within
counties. Thus we need a multivariate prior on (8;1, ..., B8ip) allowing for different
effects in different demographic domains, and interactions between these effects.
Second, the model includes only few covariates, leaving significant heterogeneity
due to other un-recorded covariates. To account for such heterogeneity the model
needs to allow for possible clusters of sub-populations not identified by the given
covariates and overdispersion. Third, as with any health outcome the model needs
to accommodate outliers without unduly influencing inference. Finally, the model
should be a natural generalization of more conventional multivariate normal random
effects distributions.

These considerations lead us to use a mixture of normals prior model. Let g (-)
denote a multivariate normal probability density function with moments 6 = (p, X).
Then

Bi~ Dy wiN (Bis 1, 55) = / o (B:)dG(6),
i=1 —

where

G = i wj(SQ; .
j=1
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The mixture of normals model (4) allows for heterogeneity, outliers, skewness etc.,
as desired. The model includes a simple multivariate normal prior model as a special
case. By choosing a hyperprior on G which a prior:i favors a few dominating terms
in the mixture we formalize the idea that a priori we assume simple structure, but
as the data dictates the model allows introduction of more complicated structure
a posteriori, like a discrete mixture of a few dominating normal kernels. This is
achieved using a DP prior on G, G ~ DP(aG,). Here G, is the (standardized) base
measure and a > 0 is the total mass parameter. The base measure can possibly
depend on further hyperparameters v. Below, we will specify a base measure and
hyperprior on v and the total mass parameter «. See Ferguson [4] for a complete
description of the DP; a discussion of DP and DP mixture models like (4) can be
found in, e.g., [6], [13], and [23].

We summarize some properties which are relevant in the context of our applica-
tion.

1. The base measure GG, has an interpretation as the prior mean for the ran-
dom measure; the total mass parameter « is a precision parameter. For any
measurable set A we have

E{G(A)} = G,(A) and Var{G(A)} = G, (A){1 — G,(A)}/(1 + a).

2. The random measure G is a.s. discrete. Let F;; and F' denote the c.d.f. of G,
and G, respectively. Then F' can be thought of as a random step function
approximating Fy. The size w; of the steps depends on a. The larger the «,
the smaller the weights, i.e., steps sizes, w;.

3. Consider a random sample 0; ~ G, i = 1,...,n. Because of the discreteness
of G, with positive probability some of the 8; will be identical. Specifically, we
have the prior probabilities P(0; = 0;]65,) = 1/(a+n—1) for j <, i & {j, h}.

A commonly used device in posterior simulation when the likelihood involves a
mixture like in (4) is to break the mixture by introducing latent variables [18]. We
implement this by rewriting the DP mixture model (4) as

(3) Bi ~ N(Bi; iy 24)y  (u4,2) ~G, G~ DP(a,G,).

The model is completed by specifying a base measure G,

(4) G (1, %) = N(u;m, B) W[E ™15, (s5) 71,

and a hyperpior for v = (m, B, S) and «,

(5) S~Wlg,(R/q)], m~ N(a,A), B~ ~Wic,(cC)™], a~ G(aqa,ba)-

Here W (n, A) denotes a Wishart distribution with scalar parameter n and matrix
parameter A, and G(a,b) denotes a Gamma distribution with shape parameter a
and scale parameter b, parameterized such that the expected value of G(a, b) is a/b.

The model is summarized in Figure 1.

We will refer to model (2) together with prior (4) or, equivalently, (3) and hy-
perprior (4) and (5) as the MDP (Dirichlet process mixture) model. Alternatively
to the MDP prior one could choose fully parametric normal mixture models as
proposed by, for example, Roeder and Wasserman [19] or Richardson and Green
[17]. Based on experience with similar models, we would expect predictive inference,
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Sampling model:
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Fic 1. Graphical model representation. Circles indicate the variables, including the data, param-
eters, covariates and hyperparameters. Solid arrows indicate that the probability models for the
target variable are indexed by the variable at the sources of the arrow. Dashed lines represent the
deterministic expression for Pg;q. Fized hyperparameters are not indicated.
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like the posterior predictive inference for state totals, including counties without
samples, not to be much different under these models than inference using mixture
models with DP priors. Still, we prefer the semi-parametric formulation for sev-
eral reasons. First, the prior parameters G, and « in the DP prior model have a
straightforward interpretation as the mean and dispersion parameters (‘equivalent
prior sample size’). It is not immediately clear what implication certain choices
for priors on the parameters of the mixture model would have on the marginal
distribution of y in the finite mixture model. Second, the computational effort is
comparable in all three models.

5. Posterior Simulation

Model (2) with prior (3) — (5) can be estimated by Markov chain Monte Carlo
simulation. We shall use g for g = (6;,¢ = 1,...,1I), p for p = (p1,...,pur), ete.
Let y denote the data vector, y; = (ysia,d = 1,...,D) denote the data vector
for county i (with s = s(i) equal to the stratum containing county ), and ys =
(Ysia, @ : (i) = s, d = 1,...,D) denote the data vector for stratum s. An entry
of the type alb, ¢,y indicates that parameter « is being updated conditional on the
currently imputed values of b and ¢ and the data y. Absence of a variable d in the
conditioning set indicates conditional independence of a and d or that the model is
being marginalized over d. We outline the sequence of the updating scheme, with
details discussed below.
Let

(Z) b|ﬁvv7y7 (”) ﬂl“%a Ehbvvvyia (Z”) U|ba ﬂa 57y7 (“)) 6|U7 (U) 122 27’/304/8'

Steps () - (v) describe the transition probability of a Markov chain in (b, 3, v, 1, ).
Step (v) refers to updating the parameters of the mixture model h(-), including
Wiy i, @ = 1,..., I, the hyperparameters v of the base measure G,, and the to-
tal mass parameter . In a straightforward Gibbs sampler implementation each of
the updating steps would draw from the respective complete conditional posterior
distribution to generate a new imputed value of the respective parameter. Unfortu-
nately this is only possible for Step (iv). In all other steps the conditional posterior
distribution is not in a format allowing efficient random variate generation. The ap-
propriate MCMC implementation for steps (i) - (i4) is explicated in the Appendix.
Step (v) is described in [15].

By construction, the stationary distribution of this chain is the desired posterior
distribution p(b, 8, v, u, X]y). Most posterior inferences take the form of integrals
with respect to the posterior, such as the posterior mean b = [ bdp(b, 3,v, 1, Sly),
and such posterior integrals can be approximated by ergodic averages. For example
b~1/T Zle bt, where b' denotes the value of b after ¢ iterations of the Markov
chain.

The aim of the small area estimation model (2) is to provide inference for both
the sampled units and for the sampling units for which no data is available, and
to summarize such inference by subpopulations of interest, like states, etc. The
posterior simulation described earlier in this section allows us to compute such
inference with minimal additional computational cost. Index with¢=1T+1,...,J
counties not included in the available sample. Denote with Ngq4,2 = 1,...,J, s =
s(i), d = 1,..., D, the total populations in each cell of county and demographic
domain. The population totals Ng;q and covariates ;4 are available for all counties
i=1,...,J, from census data. To compute inference for state totals, we proceed by
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the following steps. Index the states with a = 1,..., A. Denote with a(¢) the index
of the state a containing county i. Let Yy;q denote the total number of subjects in
county 7 and demographic domain d who had a mammogram within the last two
years. Let Y, = Z{m i—a} >4 Ysia denote the total for state a.

At each iteration oé the Markov chain Monte Carlo simulation we have imputed
values for b, Bsiq, 9 =1,...,1, and vs, s = 1,...,S5. To impute random effects for
counties absent in the sample, ¢ = I+ 1,...,J, we simulate values for §; = (u;, ¥;),
i=1+1,...,J, using the following probabilities:

P(Hi:Hj)zl/(a—i—z'—l), j=1...,1—1,
(6) P(Gi;«éﬁj,j<i):a/(a+i—1) and P(91|02759J7']<Z):GV(92),

and P(5;10;) = N(pi,2;). Given imputed values for the random effects for all
counties and all strata, and for the logistic regression coefficients b, we can now
impute success probabilities p,;q for all counties, and simulate total counts Yy;q ~
Bin(Ng;q, psia) for all counties. Adding up the state totals Y, = Zi:a(i):a > a Ysia
we get simulated values Y, ~ p(Y,|y) from the posterior distribution on the state
totals.

6. The National Health Interview Survey

Figure 2 shows the final inference on the state totals (as a percentage of total
population N, for state a). Note how inference from the semi-parametric model
corresponds to a compromise between the oversmoothing synthetic estimates, and
the overfitting empirical means (based on observed data in each state only). The
states are sorted by decreasing imputed probability to facilitate comparison. The
posterior standard deviations in the state percentages are between 2 and 6 percent-
age points. This is the uncertainty due to estimating the state totals based on the
partial sample information only. Another source of error is due to evaluating the
posterior means numerically by simulation only. The corresponding uncertainties
are negligible relative to the inherent posterior standard deviations. Figure 3 shows
the same information in a geographical map of the U.S.

Figure 4 shows a summary of the imputed random effects [3s;4. Clearly, assuming
random effects for different domains to be i.i.d. generated from some univariate
random effects distribution would be inappropriate. Posterior correlations of (3;4
across d range from —0.5 to 0.6. Figure 5 shows some features of the estimated
mixing distribution G. A fully parametric model would correspond to either a point
mass G, or a conjugate multivariate normal (in ) measure G, corresponding to a
hierarchical model. Neither seems to be a good approximation to G. Figure 6 shows
the posterior distribution on the number of distinct p; in the mixture model (4).
The estimated stratum-specific random effects v, are shown in Figure 7.

7. Discussion

The proposed approach addressed some limitations of currently used models in
small area estimation by substituting a non-parametric model for the random ef-
fects distribution of the county- and domain-specific random effects. Resulting in-
ference allows more fidelity to the data than oversmoothing synthetic estimates,
without completely abandoning the borrowing of strength across counties, domains
and strata as formalized in the hierarchical model. Still, several assumptions remain
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F1G 2. Estimated state totals E(Yal|y) under the proposed model (bar plot), the synthetic method
(dashed line) and as sample averages over observed samples in each state (dotted line). The
short bars below the horizontal azis show one posterior s.d. SD(Y,|y) for the state totals. Error
bars at each sample average estimate indicate corresponding sampling errors (assuming that all
observations in a giwen state were independent). The sample did not include any data for NE
and ND. Thus, there is no ‘sample estimate’ for these states.

in the model. This includes the linear regression implied by the term ;b in (2)
and the normal prior on the stratum-specific random effects. While residual plots
(not shown here) indicate that the linear regression assumption was not severely
contraindicated by the data, a less restrictive approach is desirable. Given the mas-
sive data available to fit the model, more general non-parametric regression models
are possible. Also, the skewed distribution in Figure 7 indicates the need for less
restrictive prior models on the stratum-specific random effects vs. Both general-
izations are possible with methods discussed in this paper and will be pursued in
future research.

Other extensions could add additional robustness by, for example, replacing the
informal variable selection that we used for the demographic covariates by model
averaging, by allowing stratum-specific random effects for the regression on demo-
graphic covariates, and by including spatial smoothing. Besides the basic test of fit
by residual plots one could carry out specific model validation to investigate the
use of such model extensions.

Appendix: Resampling the logistic regression parameters

Steps (i), (i¢) and (i4i) in Section 5 require the updating of logistic regression
parameters. We describe an independence chain implementation for Step (¢). Steps
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Fic 3. Posterior predictive means per state for the percentage of women who had a mammogram
done in the past two years. The solidly filled fraction of the thermometer in each state corresponds
to the estimated mammogram utilization in that state. To highlight the differences between states,
the measurements are shown relative to the minimum and mazimum estimated percentage usage.
A fully filled thermometer corresponds to 58.4%, an entirely empty thermometer corresponds to
37%.

0

-2
|
]

r
L

1 2 3 4 5 6
DOMAIN

Fic 4. Bozplots of imputed random effects Bgs;a, split by domain d, based on the random effects
as imputed after 3000 iterations of the simulation.
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Fic 7. E{vs|ly}, s =1..S. The figure shows a histogram of imputed stratum-specific effects vs.

imsart-lnms ver. 2007/09/18 file: PeterMueller2.tex date: December 4, 2007



236 D. Malec and P. Muller

(#4) and (4i7) allow analogous implementations.

To update b = (b1, ..., b,), we first compute the moments of the normal approx-
imation to the likelihood based on the linearized logistic link function in a logistic
regression model (cf., [12], p41). Denote the moments of the resulting p-dimensional
normal approximation by (mq, V7).

The N (mq, V1) approximation of the likelihood is now combined with the N (my, V)
prior to obtain a bivariate normal approximation of the conditional posterior p(b|3, v, D).
Let m3 and V3 denote the moments of this approximation. Draw a candidate
b~ N (ms,V3), and compute the following acceptance probability. Let w denote
the full parameter vector, and @ the parameter vector with b replaced by b.

By = min d 1 PWI@) p(bsma, Vi)
v (0= {17 p(ylw) @(b;my, V1) } ’

where ¢(z;m, V) denotes a normal density with moments m and V, evaluated at
z. Replace b by b with probability a.

To derive expression (7) consider the general expression for acceptance proba-
bilities in a Metropolis—Hastings algorithm (see, for example, [21]). Denote with

g(@|w) the proposal distribution. Then

Substitute for g(®|w)/g(w|®):

o(Bisms, V) o(Bi;ma, Vi)p(Bis ma, Va)

o(Bisms, V) @(Bi; ma, Vi)e(Bi; ma, Va)

Also, p(@ly)/p(wly) = [p(yil@:)e(Bi; ma, V)l /[p(yilwi)(Bi; ma, Va)]. The factors
o( - ;ma,V2) in p(@|y)/p(w|y) cancel against the same factors in g(©|w)/g(w|®)
and we arrive at (7).
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Abstract: We propose a hierarchical Bayesian model to estimate the propor-
tional contribution of source populations to a newly founded colony. Samples
are derived from the first generation offspring in the colony, but mating may
occur preferentially among migrants from the same source population. Geno-
types of the newly founded colony and source populations are used to estimate
the mixture proportions, and the mixture proportions are related to environ-
mental and demographic factors that might affect the colonizing process. We
estimate an assortative mating coefficient, mixture proportions, and regression
relationships between environmental factors and the mixture proportions in a
single hierarchical model. The first-stage likelihood for genotypes in the newly
founded colony is a mixture multinomial distribution reflecting the colonizing
process. The environmental and demographic data are incorporated into the
model through a hierarchical prior structure. A simulation study is conducted
to investigate the performance of the model by using different levels of popu-
lation divergence and number of genetic markers included in the analysis. We
use Markov chain Monte Carlo (MCMC) simulation to conduct inference for
the posterior distributions of model parameters. We apply the model to a data
set derived from grey seals in the Orkney Islands, Scotland. We compare our
model with a similar model previously used to analyze these data. The results
from both the simulation and application to real data indicate that our model
provides better estimates for the covariate effects.

Contents

1 Introduction. . . . . . . . . . . . . .. e 238
2 Models. . . . . . 240
3 Simulation Study . . . . . . ..o 243
4 Application to the Grey Seal Data Set . . . . . . ... ... ... ..... 246
5 Conclusions . . . . . . . . .. 249
Appendix: A General Approach for Updating a Proportional Vector . . . . . 250
Acknowledgments . . . ... 251
References . . . . . . . . . oL 251

1. Introduction

Fisheries scientists and marine biologists are often faced with the problem of iden-
tifying proportions of individuals in a single catch that come from different stocks.
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Estimating these proportions is necessary for evaluating the effect of commercial
fisheries on individual fisheries stocks and for understanding the ecological factors
that influence the relative contributions of different stocks. Similarly, those who
study marine mammals are often interested in identifying the source populations
for newly founded colonies as well as environmental or demographic factors that
influence the relative contributions of different sources. The increasing ease with
which genetic data are collected and the tendency for populations of species to
become genetically differentiated over time has led to the increase in using ge-
netic markers to estimate the proportional contribution of source populations to
mixed stocks. The rationale is simple: allele frequencies are likely to differ among
source populations, and genotype frequencies in the harvest site/new habitat are
determined by the proportional contributions of the source populations. Both the
differences among source populations and the mixture proportions can be detected
by appropriate statistical models.

Several methods have been developed for the inference of the proportional con-
tribution, m, where m; is the percentage of individuals in the mixed population
originating from source 7. Conditional Maximum Likelihood Estimates (MLEs) have
been widely used [8, 9]. The conditional MLE assumes the sampled source popu-
lations are exhaustive lists of all possible sources and the allele frequency of the
sources are known without error. Neither assumption is satisfied for real samples.
Smouse et al [12] extended conditional MLEs to unconditional MLEs in which the
source allele frequencies are treated as estimated parameters and unknown sources
are allowed to be presented in the model.

In recent years, several authors have applied Bayesian methods to the stock mix-
ture problem [2-4, 9, 11]. One advantage of a Bayesian model is that the influence
of the genotype data from the mixture population on the estimation of source allele
frequency is fully incorporated through the joint likelihood and is reflected in the
posterior distribution of allele frequencies. Another advantage is that we can in-
clude non-genetic information in the model through appropriate priors. We can, for
example, set the prior distribution of mixture proportions as a function of ecological
or demographic parameters.

Until recently interest has largely focused on inference of the proportional stock
contributions, but there is increasing interest in understanding the ecological fac-
tors that influence those proportions, e.g., source population size and the distance
between the source and mixture habitat [3, 9]. While including these relationships is
difficult to implement in classical models, a hierarchical Bayesian model can easily
incorporate these relationships into the prior for the vector of proportional contri-
butions, m. Existing approaches for inference on m either use an additive logistic
transformation with parameters assumed to have normal priors on the logistic scale
[9] or model m directly on the simplex using a Dirichlet with parameters assumed
to be lognormal [3]. In this paper, we propose an alternative formulation of Dirichlet
prior structure that is both more efficient in separating mean and variance effects
and also directly interpretable. We conduct a simulation study to demonstrate our
approach and investigate its performance by varying the level of differentiation
among source populations and number of genetic markers. We apply our model to
the data derived from grey seals in the Orkney Islands and compare our results
with those obtained with a Dirichlet-lognormal prior [3] and with a model using a
uniform prior for m.
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2. Models

We conduct our analysis in a Bayesian framework. The parameters, such as (rela-
tive) allele frequency, P, and proportional contribution, m, are considered as ran-
dom variables and the statistical inference is based on the posterior distributions of
parameters. In this analysis, the genetic data from source and mixture populations
are included in the likelihood function and the covariate information is included
through a hierarchical prior structure.

The likelihood of the data is derived from genetic theory. The genetic data consist
of two parts: the allele counts from source populations and genotype counts from
the mixed population. Gaggiotti’s model [3] deals with the situation where there
is one new colony and several source populations that might contribute to the
founding group of the new colony. The data are collected from the first generation
descendants of migrants, but the model allows for non-random, assortative mating,
i.e., individuals from the same source population are more likely to mate with one
another than those from different source populations.

Consider a first generation descent individual & in the new colony whose mother
is from population i and father is from population j. Denote P(yx|ij) as the proba-
bility that this individual has genotype y, which includes L loci. Denote (a1, agix)
as the genotype of individual k at locus [. First consider individuals with both par-
ents from the same population, i.e., i = j. Assume mating is random among those
individuals and Hardy—Weinberg Equilibrium (HWE), which states that the fre-
quency of the heterozygous genotype is twice that of the homozygous genotype,
holds. The probability of genotype yy, is,

L

(2'1) P(yk“i) = H(;lkpauk;upamww
=1

where pg,,,.,; is the allele frequency of aq;;, at locus ! in population 7, and J;;; is an
indicator variable defined as

5 — 1 if ayk = azk
k= .
2 if ayk # agk.

When the parents are from different populations, i.e., i # j, P(yg|ij) is given by

L
(2'2) P(yk|U) = H(pallk;lipa2lk;lj +rylkpa2lk;lipa1lk;lj)’
=1

where
e = 0 if aur = ak
1 if aur # auk

Parameter 7y, indicates that when alleles at a locus are different, there are two
different ways of assigning them to parents in different source populations.

When mating happens assortatively, i.e., individuals tend to mate with those
from the same source population, HWE is not valid. The assortative mating can be
modeled by an assortative mating coefficient w € (0,1). Specifically, a proportion
w of first generation descendants arise from assortative mating among individuals
from the same source and a proportion 1 —w arise from random mating among all
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migrants. Consequently, the likelihood of finding the genotype yj in a sample from
the new colony is as follows:

I
P(yg|w,P,m) =w Y m; P(yglii)+
=1

(2.3) Zmpmm+22wmjmm)

i=1 j#i

where P(y|ii) and P(yg|ij) is as in (2.1) and (2.2).

Since HWE is assumed for source populations, the genotype frequency is de-
termined by the allele frequency. It is easy to show that the likelihood associated
with the genotype frequencies is equivalent to a multinomial with parameters cor-
responding to the allele frequencies and response variables as allele counts from
source populations. If we assume independence among the genotype counts across
loci and populations, the likelihood function for source allele counts is a product

multinomial:
L A

Pove) ~ T
1=1[=1j=1

where Njj; is the allele count for source population 7 at locus [ for allele a; and A4,

is the number of alleles at locus [.

The prior distributions for w and P reflect prior beliefs about plausible values for
these parameters. We choose vague/noninformative priors to reflect the fact that
we have no reason to expect particular values for these parameters. In particular,
we assume an uniform prior on (0,1) for the assortative mating coefficient w. For
allele frequencies in the source populations, P, we assume a Dirichlet prior

L A

wtvle) ~ TTTT Tt

i=1]=1j=1

As there is no previous data or preference for P, it is reasonable to take a’s all
equal to 1, leading to a symmetric Dirichlet prior with parameter 1.

The key to this analysis is how to incorporate the demographic/environmental
factors into the estimation of the proportional contribution m. Information on m
is obtained only indirectly through its influence on genotype frequencies in the
mixed population. Thus, there is no simple data likelihood connecting m and the
covariates. In a Bayesian framework, however, we can assign an informative prior
for m containing the information from the covariates. The challenge in doing a
regression type analysis is that the sum of the components of m must be equal
to 1. Since covariates have to be considered for every source, an ordinary linear
model or logit transformation does not fit here. Okuyama and Bolker [9] overcome
this problem by using an additive log ratio transformation based on an additive
logistic normal distribution. However, a baseline population has to be selected and
the covariates need to be adjusted according to the baseline population, which
makes it hard to accommodate multiple covariates and the interpretation of the
coefficients is not straightforward. Gaggiotti et al[3] use a hierarchical Dirichlet prior
to address this problem. In Gaggiotti’s setup, the first level prior distribution for
m is a Dirichlet distribution in which the individual parameters follow a lognormal
distribution, i.e.,

m ~ D(y)
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(2.4) log(vi) ~ N (pi,07)

P
My = ag + Z 0o, Gri,
r=1

where G,; is the value of the 7" factor for source population i and & = (a, . . . , Q)
is the vector of regression coefficients. The value of the covariates are standardized
and the prior for o, is N'(0,07). The covariates affect the prior through the param-
eter 1.

We introduce a new hierarchical prior structure for the mixture proportions
m. The first level prior for m is a Dirichlet distribution with parameters ((1 —
p)/p)p, where p € (0,1) and ¢ are the hyperparameters of the prior subject to the
constraint Zle ; = 1. This form of prior is widely used in population genetics for
its relationship with the measure of population differentiation, e.g., Wright’s Fgp
[1, 5, 6]. Due to the fact that the covariates are also observed, another hierarchical
level is added to incorporate the randomness. A Dirichlet prior with parameter n
is assigned to ¢. The covariates are included in the model by setting the logarithm
of 1 to be a function of a linear combination of the covariates, i.e.,

m~ D+ L),
p

(2.5) ¢ ~D(n),

p
IOg(m) =ap + Z Gy

r=1

Since the covariates are normalized, the regression coefficients «,.’s are assumed
to be independent of each other. Normal priors with mean zero and a large variance,
UZ = 10, are assigned to parameter c. The full model is:

Tr(P7 w7m7 p? w? a|Y7 N)

(2.6) 5 p(Y[P,w, m)r(mlp, @)m(p|c)m(c)m(w)p(N|P)m(P),

where Y is the genotype data of the new colony, N is the allele count in source
populations, and P is the allele frequency. The Directed Acyclic Graphs (DAGs)
of the Dirichlet-Dirichlet and Dirichlet-Lognormal models are presented in Figure
1 and Figure 2.

The prior structure of our model puts the support of p between (0,1) and the
value of ((1 — p)/p)ep; on the entire positive line. This setup brings several advan-
tages. First, a natural vague prior for p is simply a uniform distribution between
0 and 1, U4(0,1). Second, when we use U(0,1) as a prior, the posterior mean of
p can be used as an indicator of the dispersion of the regression of m on de-
mograpic/environmental factors. The variance associated with component m; is
vi(1 = ¢;)p, and 1 — p is roughly the proportion of variance in m explained by
the regression (cf.,[6]). Third, an informative prior on p can be used to influence
the variance of the prior and the relative weight of environmental covariates and
genetic data on the posterior of m. To see this, observe that (1 — p)/p increases
when p decreases and the variance of D(((1 — p)/p)p) is decided by the absolute
value of ((1 — p)/p)e. Thus a small value of p corresponds to a small variance. As
the variance of the prior usually decides the relative weight of the prior information
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on the posterior distribution, p indicates the relative weight of the covariates in the
posterior distribution of m.

In the models of [3], [9], and the model proposed in this paper, the effect of
the covariates is incorporated through the prior for m. The parameter of interest,
m, is determined by both genetic information through the likelihood and demo-
graphic/environmental information through the prior. An important question is,
what is the relative influence of these two sources of information on posterior in-
ference? The influence of the prior is usually directly related to its variance: with
a large variance the posterior is dominated by the likelihood while with a small
variance the posterior is dominated by the prior. For the Dirichlet-lognormal prior
in (2.4), the mean of m is controlled by the value of 1. At the same time the vari-
ance of m is affected by both the magnitude of 4 and the distribution of o2. The
interaction among these two parameters tends to increase the uncertainty in the
posterior distribution. In contrast, the prior proposed in (2.5) clearly separates the
roles of the parameters: the mean of m is determined by ¢ and the variance of m
is controlled by p. This separation is due to the constraint that ¢ is on the simplex.
In the simulation study and the application to a real life dataset, we illustrate that
the Dirichlet—Dirichlet prior shows less variation in estimating the covariate effects
while providing comparable coverage of interval estimates.

3. Simulation Study

We conduct a simulation study to investigate the performance of our proposed
model by simulating data from populations with different levels of genetic dif-
ferentiation as well as different numbers of genetic markers. As discussed above,
the estimation of the mixture proportions relies on the divergence among source
populations. We are interested in how different level of divergence among source
populations would affect the posterior distributions of the parameters of interest.
From a practical point of view, population divergence level cannot be controlled by
researchers. Instead, researchers can determine how many genetic markers are to be
assigned and included in the analysis. Hence, we are also interested in the relation-
ship between the number of loci and the posterior distribution of the parameters.
We consider three simulation scenarios. Under the first scenario, the level of
population differentiation is moderate and there are a relatively small number of
genetic markers, e.g., 8 loci are available. Under the second scenario, the number of
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TABLE 1
Normalized Covariates

Source Distance  Productivity

1 -0.295 1.298
2 -0.849 1.285
3 -0.822 -0.238
4 -0.562 -1.256
5 -0.326 -0.729
6 1.533 0.286
7 1.320 -0.646

loci is the same as the first scenario but the level of genetic differentiation among
source populations is higher. Under the last scenario, the genetic variation is the
same as that of the first scenario but the number of genetic markers is doubled,
i.e., 16 genetic markers are available. The number of source populations, number
of individuals in the mixed population, and allele counts in the source populations
are comparable with those in the grey seal data we analyze later.

In the first part of the simulation we generate allele counts in the source popu-
lations, which should reflect the level of genetic differentiation among them. This
is realized through a hierarchical population structure. We assume that the al-
lele frequencies of the source populations are from a common hyper-population,
which has fixed allele frequencies v, a L x A matrix with L being the number of
loci and A being the number of alleles at each locus. (Without loss of generality,
we assume all loci have the same number of alleles.) The allele frequencies py;, a
1 x A vector, for source ¢ and locus [ are random samples from a Dirichlet distri-
bution, D(((1 — 0)/0)v,), where 1, a 1 x A vector, is the allele frequency of locus
[ for the hyper-population, and € is a population divergence measure used widely
in population genetic studies, namely Wright’s F'st. Note that E[pj;] = v; and
Varlp;ii] = 01 (1 — 1), where 1 is the allele frequency of locus I, allele j for the
hyper-population. We choose # = 0.05 and € = 0.2 for small and large divergence
scenarios, respectively.

The detailed simulation is described as follows. Step 1: generate allele frequencies
of the hyper population, 1, by generating a random sample L times from an A di-
mensional symmetric Dirichlet distribution with parameter 1. Step 2: generate allele
frequencies, py;, from the Dirichlet distribution D(((1 — 0)/0)tp;) with predefined
0. Step 3: generate allele counts, Ny;, for source ¢ and locus [, from a multinomial
distribution with total allele counts N = 400, and probability p;; (from step 2).

In the second part of the simulation we generate genotypes of individuals from
the mixed population, which requires the proportional contributions m and the
probability of each genotype. We adopt fixed proportional contributions, which are
a function of the two covariates. Note that in both the Dirichlet-Dirichlet (2.5) and
the Dirichlet-lognormal (2.4) models, the conditional expectations of the prior for
m are the same, namely,

ea<G,;

i e G 7

1=

where « is the vector of regression coeflicients and G; is the vector of covariates for
source 7. We use two covariates with the values shown in Table 1 and the coefficients
are set to ay = —0.5 and ay = 0.5.

The genotype of an individual k is generated by the following steps. First, we
decide whether its parents are from the same source by comparing a uniform ran-
dom number on [0,1] with a preset assortative coefficient w = 0.05. The second
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step is to generate the genotype frequency at each locus. If the parents are from the
same source population, the probability of genotype yy, is 25:1 m; P(yg|ii), where
P(yklii) is as in (2.1). If the parents come randomly from the source populations
then the probability of genotype yy, is Zle mfP(yHii)—i—EiI:l > mam P(yklig),
where P(y|ij) is the probability of parents from different source populations as in
(2.2). Once we have the probability of each genotype for individual k at locus I, we
can easily generate the genotype from this probability. Step 2 is repeated for each
locus of the individual to get the complete genotype of individual k. The above
steps are repeated 160 times to get the genotypes of 160 individuals in the mixed
population.

We generate 50 data sets for each of the three scenarios, and we fit both the
Dirichlet-Dirichlet prior (2.5) proposed in this paper and the Dirichlet-lognormal
prior (2.4) to each data set using a MCMC method. Since most of the parameters
are vectors on a simplex, we use a multi-dimensional logit transformation to put the
support of the transformed parameters on the real line and remove the simplex con-
straint. A normal proposal density is then used to conduct a Metropolis—Hastings
update nested in the Gibbs sampling. Details of the MCMC update procedure are
presented in the Appendix. For most of the data set, we conduct 30,000 iterations
in the simulation with 5,000 burn-in and thin the MCMC output by 5. For chains
showing suspicious convergence behavior, longer iterations and fine tuning are used
to ensure convergence.

Table 2 presents a summary of the posterior analysis, including the average of the
posterior means, posterior standard deviations, root mean square error (RMSEs),
and the lengths of the 95% highest probability density (HPD) intervals. In general,
the posterior means of m are reasonably close to the true values in all scenarios.
The effects of population divergence and number of loci are reflected mainly in the
posterior dispersion of m. As shown in the Table, the lengths of the 95% HPD
intervals, the posterior standard deviations, and the RMSEs, all indicate that the
posterior dispersion of m decreases with the increase of population differentiation.
Given the same level of population differentiation, increasing the number of genetic
markers also significantly improves the precision of posterior estimation for m.
These results suggest that although in practice the population divergence is always
fixed, collecting and including more genetic markers in the analysis can significantly
improve the estimation of the proportional contribution parameters m.

For the regression coefficient a, both models provide reasonable estimates for
the posterior means. However, the posterior variation is large and the 95% HPD
intervals all contain zero. Results from the simulation study indicate that neither
level of population differentiation nor number of loci has significant effects on the
precision of a estimates. We consider this as a reasonable result since the covariate
coefficients are essentially a regression over 7 data points, i.e., the 7 source popu-
lations. The level of divergence and number of loci improve the precisions of the
posterior variance sfor m, which only affect « indirectly. With only 7 data points,
few simulated data sets will be able to provide strong support for a regression re-
lationship. Thus, increasing the number of loci or studying highly differentiated
populations will do little to improve posterior estimates of . A larger number of
populations would be required to provide statistically supportable evidence of the
effects.

The advantages of the Dirichlet—Dirichlet prior proposed in this paper are seen
primarily in the reduced posterior variation of the regression coefficients, a; and as.
Under the Dirichlet—Dirichlet prior, the posterior standard deviations and RMSEs
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TABLE 2
Posterior summary of simulation study

Dirichlet—Dirichlet Dirichlet-lognormal
TRUE 6 =0.05 #=020 6=005 6=005 6=02 6=0.05
L=8 L=8 L=16 L=8 L=8 L=16
my 0.249 *0.256 0.254 0.239 0.258 0.255 0.239
**0.044 0.033 0.036 0.045 0.032 0.036
**%0.063 0.052 0.053 0.065 0.052 0.054
*AEX0.170 0.127 0.138 0.173 0.126 0.139
ma 0.327 0.326 0.377 0.350 0.328 0.379 0.351
0.045 0.036 0.039 0.046 0.036 0.039
0.068 0.076 0.058 0.069 0.079 0.059
0.175 0.140 0.150 0.178 0.141 0.151
ms 0.151 0.134 0.125 0.137 0.135 0.125 0.138
0.038 0.026 0.031 0.038 0.026 0.031
0.052 0.053 0.048 0.052 0.053 0.049
0.145 0.099 0.121 0.149 0.100 0.121
my 0.079 0.073 0.065 0.077 0.072 0.064 0.075
0.033 0.020 0.027 0.033 0.020 0.026
0.042 0.038 0.039 0.044 0.038 0.039
0.119 0.075 0.103 0.121 0.074 0.100
ms 0.092 0.094 0.078 0.090 0.094 0.077 0.090
0.033 0.022 0.027 0.034 0.021 0.028
0.051 0.036 0.044 0.051 0.037 0.044
0.1259 0.082 0.103 0.126 0.082 0.105
me 0.060 0.069 0.060 0.060 0.066 0.059 0.059
0.033 0.020 0.025 0.033 0.020 0.024
0.045 0.032 0.038 0.046 0.033 0.038
0.115 0.074 0.090 0.114 0.074 0.089
mz 0.042 0.047 0.041 0.048 0.047 0.040 0.048
0.025 0.015 0.022 0.026 0.016 0.0232
0.038 0.029 0.037 0.039 0.029 0.036
0.088 0.057 0.078 0.089 0.056 0.079
oy -0.500 -0.398 -0.429 -0.430 -0.485 -0.493 -0.493
0.477 0.469 0.479 0.613 0.578 0.587
0.516 0.496 0.503 0.659 0.615 0.625
1.849 1.815 1.849 2.383 2.268 2.305
as 0.500 0.449 0.520 0.433 0.538 0.618 0.515
0.416 0.407 0.408 0.535 0.519 0.523
0.437 0.425 0.422 0.555 0.551 0.535
1.637 1.600 1.602 2.097 2.041 2.056
w 0.050 0.037 0.014 0.014 0.037 0.014 0.014
0.035 0.013 0.014 0.035 0.013 0.014
0.040 0.039 0.038 0.040 0.039 0.038
0.106 0.040 0.042 0.106 0.040 0.042

*: average of posterior means;

**: average of posterior standard deviations;
***: average of RMSEs;

***%: average length of 95% HPD intervals.

are uniformly smaller than that of the Dirichlet-lognormal model even though the
prior variances for a are all set to the same value, i.e., O'g = 10. We consider this
as mainly due to the confounding of the effects that both 1 and o2 have on the
variances of m. Another possible reason is the effects of the prior for 7 = 1/0%. In
any case, the Dirichlet—Dirichlet prior has the advantage of leading to more precise
estimation of regression coefficients and ease in picking a non-informative prior
without sacrificing nominal coverage of credible intervals.

4. Application to the Grey Seal Data Set

To illustrate the usefulness of our approach, we apply it to data from grey seal,
Helicoerus grypus, populations in the Orkney Islands, which were also analyzed by
[3] and [4]. The data consist of allele frequencies of 8 loci for seven source colonies
and the genotype frequencies for a newly established colony on Stronsay island.
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TABLE 3
Model Evaluation

Models Dbar pD DIC LPML
Dirichlet-Dirichlet 8044 336 8380 -3023
Dirichlet-lognormal 8042 337 8379 -3023
Uniform 8045 336 8381 -3023

There are two explanatory variables associated with each source population: dis-
tance between the source island and Stronsay island (a), and the 'productivity’
index, which is related to the population density and size of the source popula-
tion, (ag). The genetic data were collected from the first generation descendants
of migrants to Stronsay. We use the likelihood in equation (2.3) to allow for the
possibility that migrants are more likely to mate with other individuals from the
island from which they migrated. Since there is no closed form for the posterior
distribution, we use MCMC methods for posterior inference.

We compare results from three models with different priors: the Dirichlet—Dirichlet
prior, the Dirichlet-Lognormal prior, and a model with the symmetric Dirichlet prior
with parameter 1 for m, which corresponds to a model in which covariate effects are
not incorporated. Our results reveal that differences among the models rarely lead
to substantial differences in the mean posterior likelihood, which is intuitively rea-
sonable. The part of the likelihood function concerned with source population allele
frequencies is identical across all models, and the part of the likelihood concerned
with colony allele frequencies is tightly tied to the observed genotypes. The three
models differ only through the prior for the proportional contributions m, which has
limited impact on the likelihood unless the source population differs substantially.
A direct consequence of these properties is the similarity among metrics for model
evaluation measures that use only the likelihood, e.g., DIC [13] and the logarithm
of the pseudomarginal likelihood (LPML) [7]. As shown in Table 3, neither DIC
nor LPML provides strong support for any of the models relative to the others.

The posterior densities of the model parameters are given in Figure 3. Table 4
gives the posterior means and 95% HPD intervals of the parameters of interest:
m,7, and p. It can be seen that the posterior means of m are quite different for
the model with symmetric Dirichlet prior (with no covariates) and the models us-
ing covariate information. Specifically, models using covariate information suggest
a larger proportion from sources 2 and 3 than the uniform model, which is a rea-
sonable result since sources 2 and 3 are the closest source islands to the new colony
and posterior analysis indicates distance has a moderate effect on the proportion
contribution.

The 95% HPD intervals of all regression coefficients in all models include zero,
which is not surprising from the analysis of the simulation results. The large varia-
tion in « is presumably due to the small number of source populations. Nonetheless,
there is some support for the notion that the coefficient associated with distance,
a1, is negative. The posterior probability that a; is negative is more than 0.785
for the Dirichlet—Dirichlet model and 0.850 for the Dirichlet-lognormal model. The
posterior probability that as is positive in our model is 0.593 and 0.596 in the
Dirichlet-lognormal model. The Dirichlet—Dirichlet model shows a shorter HPD in-
terval compared to the Dirichlet-lognormal model, which is also consistent with
the simulation results. In short, distance has a negative effect on the proportional
contributions and population sizes have minor positive effects on the proportional
contributions.

As discussed above, the parameter p in our hierarchical model is analogous to

imsart-lnms ver. 2007/09/18 file: DipakDey.tex date: November 20, 2007



248 F. Guo, D. K. Dey and K. E. Holsinger

© @
S © S o
© [}
> < 2 ° z 2 o
g s 2 < Z2 e 2 3
[ j o [ 3
0 « a Q < o o
S N 3
=] o~
o o o
) S e S
-4 -2 012 -2 -1 0 1 2 00 02 04 06 00 02 04 06 0.8
al a2 ml m2
o
o &
R ©
9 5
z 3 z © 2z 2z
[%) [} [%] o [}
2 2 2 3 2
[ 3 < [ I o
o o a [a} [a
=t ~ r
o
S o o o
00 02 04 06 08 00 02 04 00 02 04 06
m3 m5 mé6
" ~
- ©
o wn
>
2 %’ <
2 2
[ [ ™
o 10 o ~
-
o o
00 02 04 06 0.0 0.4 0.8
m7 rho

Fi1c 3. The posterior densities of parameters in the Dirichlet—Dirichlet model
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TABLE 4
Posterior means and 95% HPD intervals
Dirichlet—Dirichlet Dirichlet-lognormal Uniform
Mean  95% HPD Mean 95%HPD Mean 95% HPD
m1  0.097 (0,0.280) 0.101 (0,0.282) 0.099  (0,0.250)
mo  0.297 (0.086,0.526) 0.305  (0.085,0.542) 0.243  (0.046,0.436)
m3 0.3 (0,0.514) 0.324  (0.045,0.586) 0.258  (0.035,0.475)
mg  0.113 (0,0.300) 0.11 (0,0.305) 0.104  (0,0.256)
ms  0.061 (0,0.196) 0.07 (0,0.195) 0.081 (0,0.198)
mg  0.052 (0,0.214) 0.037  (0,0.179) 0.092  (0,0.234)
my  0.079 (0,0.270) 0.053  (0,0.230) 0.123  (0,0.289)
ay -0.494  (-1.808,0.668) -1.03 (-3.005,0.961) 0 (0,0)
s 0.113 (-0.864,1.084) 0.182  (-1.191,1.680) O (0,0)
w 0.609 (0.105,1.000) 0.613  (0.110,1.000) 0.616  (0.056,0.986)
p 0.118 (0,0.343)
T 1.453  (0.183,4.377)

a ‘goodness of fit’ measure for the relationship between the covariates and m.
Specifically, 1 — p is roughly the proportion of variance in m explained by the
regression. As the results in Table 4 show, the posterior mean for 1 — p is near
0.9, which indicates a fairly tight regression in spite of the uncertainties associated
with «. In summary, we conclude that there is moderate support for the hypothesis
that increasing distances between the source and colony populations decrease the
proportional contributions of the sources to the colony.

5. Conclusions

The primary goal of this analysis is to incorporate environmental/demographic
information into the estimation of the proportional contributions of source popula-
tions to a new colony through appropriate informative priors. Two other models are
available which satisfy the constraint that the sum of the proportional contributions
must equal one, i.e., additive logistic transformation [9] and Dirichlet-lognormal
model [3]. We introduce a parametrization for the Dirichlet prior derived from pop-
ulation genetics in which we specify the mean, ¢;, and variance, p(1 — ¢;)p;, of the
mixture parameters and a linear model for the parameters of a second Dirichlet
that determines ;. The Dirichlet—Dirichlet prior has several advantages over the
alternatives. First, the parameter p has a natural vague prior distribution, a uni-
form distribution [0,1]. Second, p controls the variance of the Dirichlet prior and
1 — p has a natural interpretation as the proportion of variance explained by re-
gression. Finally, the mean of the proportional contributions is not affected by the
parameter p and the regression coefficients have a direct interpretation as regression
effects on proportional representation. The separation of mean effect and variance
effect is a major advantage of the proposed formulation compared to alternative
models where the proportional contribution for any given population depends on
the relative magnitude of coefficients associated with other regression components
and their random effects.

The simulation study indicates that larger population divergence would lead to
more precise estimation of the proportional contributions m. Given a particular
level of population divergence, better estimates of m can also be achieved by in-
cluding more loci in the analysis. The simulations show that the Dirichlet—Dirichlet
prior has better performance in estimating the regression coefficients in term of
posterior variation than a Dirichlet-lognormal prior.
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When we apply our model to the grey seal data we find that the distance be-
tween a source island and the new colony play a moderate role in its proportional
contribution but that the effect of source population productivity is weak. These
results are consistent with those presented in [3], but the posterior variability of the
regression coefficients is smaller, as in the simulation study. The advantages of the
formulation presented here seem likely to be generally available in the analysis of
compositional data. In particular, a formulation similar to the one used here may
be generally useful in modeling situations where additive logistic transformations
have been the norm, both because of direct interpretability of regression coefficients
and the natural interpretation of 1 — p as a goodness of fit measure.

Appendix: A General Approach for Updating a Proportional Vector

The conditional distributions of model parameters are non-standard distributions;
hence, we use a Metropolis—Hastings algorithm nested within Gibbs sampling to
conduct each MCMC update. Several vector parameters, P, m,and ¢, are subject
to the constraint that the support of their components is on [0,1] and the summation
equals to one. We use a multidimensional logit transformation to ‘de-constrain’ the
parameters and perform Metropolis—Hastings updating using a Normal proposal
density. Let 8 be a vector of dimension p+1 with constraints §; > 0 and >_% +11 0; =1.

Let -
_ exp(&i)
1+ 30 exp(§))
The Jacobian matrix df(0)/0€ is the matrix with entries

ebitebi (Z;_’Zl S )762&'

0;

_ (47, )2 for i =J
Lij = it for i - i
Ty, P oriAd
It can be shown that the determinant of the Jacobian matrix is
e ?:1 &

(1+ Z;’:l b )ptl )
The full conditional distribution of ¢ is
Z;'):l &

e
(1+ Z§:1 efi)ptl )

Instead of sampling 6, we conduct a Metropolis-Hastings update for £ using a
normal proposal density N (&, &?), where £ is the maximizer of 7(£|D) and [7? is the

f€ID) = f(6|D)

estimated variance, which could be a fixed value based on a pilot run or the inverse
of the score matrix. Alternatively, we can use a Normal proposal density centered
at the current value. The algorithm operates as follows:

Step 1. Let £ be the current value. Find the maximum likelihood estimate of &, é .
Step 2. Generate a proposal value £&* from N(é, &2).

Step 3. A move from £ to £* is made with probability

feDy(EE)

—*71
feD)@(S )

o
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where @ is the standard normal probability density function. The ¢ is then converted
back to its expression in terms of 6.
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Abstract: High-dimensional data models, often with low sample size, abound
in many interdisciplinary studies, genomics and large biological systems being
most noteworthy. The conventional assumption of multinormality or linear-
ity of regression may not be plausible for such models which are likely to be
statistically complex due to a large number of parameters as well as various un-
derlying restraints. As such, parametric approaches may not be very effective.
Anything beyond parametrics, albeit, having increased scope and robustness
perspectives, may generally be baffled by the low sample size and hence un-
able to give reasonable margins of errors. Kendall’s tau statistic is exploited
in this context with emphasis on dimensional rather than sample size asymp-
totics. The Chen-Stein theorem has been thoroughly appraised in this study.
Applications of these findings in some microarray data models are illustrated.
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1. Introduction

The past three decades have witnessed a phenomenal growth of research litera-
ture on statistical methods for large dimensional data models. Such models abound
in various interdisciplinary fields, especially in the evolving field of genomics and
bioinformatics. Knowledge discovery and data mining (KDDM) or statistical learn-
ing tools are usually advocated for such high dimensional data models, often on
primarily computational or heuristic justifications. The curse of dimensionality is
so overwhelming that classical likelihood (principle) based statistical inference tools,
baffled with an excessive number of parameters, may not be robust or efficient. Con-
ventional assumptions of multinormality of errors and linearity of regression models
may not be generally tenable in such contexts. Moreover, having a large number
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of coordinate variables, the assumption of their stochastic independence may not
be realistic in a majority of cases. On top of that, at least a part of the response
variables may be discrete or even purely qualitative in nature; often, the categorical
responses may not reveal any (partial) ordering. In that sense, discrete multivariate
analysis may appear to be more appropriate than conventional multinormal model
based analysis. Even for multinormal models, the high-dimensionality may demand
a far larger sample size in order to implement a full likelihood based asymptotic
analysis. That is, we need the conventional n > K environment for drawing appro-
priate statistical conclusions with reasonable precision.

Typically, in such high-dimensional models, one encounters a K > n environ-
ment, where K is the dimension of the data and n is the sample size. In such high-
diensional low sample size, HDLSS, models, effective dimension reduction may be
a challenging statistical task, usually beyond the scope of KDDM. For example, in
neuronal spike train models, there are literally tens of thousands of neurons (nerve
cells), and in the presence of external stimuli, the spike trains for any observable
subset of neurons exhibit a high-degree of nonstationarity. Further, recording of
such spike trains in a large number of nerve cells may be invasive to the brain
functioning due to the destructive nature of recording ([15], Ch. 3). Essentially, we
have a very high dimensional counting process. Doubly stochastic Poisson processes
have been considered in the literature, albeit without much claim of optimal reso-
lutions. In magnetic resonance imaging, MRI, there could be tens of thousands of
microscopic units producing an enormously high dimensional spatial data model.
More complexities may arise in case of (functional) fMRI models. For such HDLSS
models, parametric asymptotics may not have adequate scope or good statistical
interpretation.

The transition from conventional normal theory to nonparametric linear models
has been well fortified along with the development of nonparametric or robust
statistical methods based on R- statistics (ranks), M-statistics (maximization) and
linear combinations of order statistics or L-statistics; see, for example, [8] where
other pertinent references have been extensively cited. In a more general setup,
nonparametric regression functionals have been formulated wherein the linearity of
regression or a specific nonlinear form are not assumed to hold.

In the context of testing monotonicity of nonparametric regression, without as-
suming a linear or any specific nonlinear form, Ghosal et al. [5] considered suitable
U-processes based on a locally smoothed Kendall’s tau statistic. They provided gen-
eral asymptotics for such locally smoothed Kendall’s tau processes when both the
independent and dependent variates are stochastic, and illustrated their effective
use in the postulated hypothesis testing problem. Such local versions of Kendall’s
tau statistics have simple statistical interpretation, albeit, in view of possibly slower
rate of convergence, the impact of large sample size is apparent in their analysis.
In the contemplated bioinformatics area, as we shall see, the HDLSS scenario calls
for alternative approaches, and some of these will be explored in this study.

In a simple regression setup, the Theil-Sen (point as well as interval) estimates of
the regression slope based on the Kendall tau statistic [14], have simple forms, and
are computationally tractable and statistically robust. Another advantage of the
Kendall tau statistic is its adaptability for count data as well as latent-effect models.
Further, a test for the null hypothesis of no regression based on the Kendall tau
statistic (being distribution-free under the null hypothesis of invariance) remains
valid and efficient for such complex models. Our contemplated models, unlike [5],
entail a high dimensional data with relatively (and often inadequately) smaller
sample size, i.e., the HDLSS (K > n) environment. As we shall see in the next
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section, there may not be a genuine temporal pattern. In addition, there may be
other complications arising from lack of spatial-compactness, spatial homogeneity
and other spatial dependence patterns.

For better motivation, in Section 2, an illustration is made with a microarray data
model where HDLSS models typically arise. Section 3 deals with the appropriateness
of statistical modeling and analysis based on a pseudo-marginal approach incorpo-
rating coordinatewise construction of the Kendall tau statistic, in such K > n
environments. Section 4 is devoted to the dimensional asymptotics for the Kendall
tau process in such HDLSS models where there are two basic problems : (i) group
divergence, and (ii) classification of genes into disease and nondisease types. For
the first problem, a pseudo-marginal approach based on the Hamming distance
has been explored in [17] while in the latter context, multiple hypotheses testing
(MHT) problems in HDLSS setups arise in a different perspective and call for some
alternative novel tools for valid and efficient statistical appraisals. Motivated by
these perspectives in such HDLSS models, some applications of the Chen-Stein
[3] theorem in such K >> n environments are presented in the last section. These
generalizations cover both the MHT and the gene-environment interaction testing
problems.

2. An Illustrative Data Model

We consider a genomic model arising in microarray data analysis as an illustra-
tion. The microarray technology allows simultaneous studies of thousands of genes,
K, possibly differentially expressed under diverse biological / experimental setups,
with only a few, n, arrays. We may refer to Lobenhofer et al. (2002) where for a
set of 1900 genes, arranged in rows, the gene expressions were recorded at 6 time
points, with 8 observations at each time point. Thus 1900 = K > n = 48. The
gene-expression levels are measured by their color intensity (or luminosity) as a
quantitative (nonnegative) variable, either on the (0, 1) or 0 - 100 per cent scale,
or (based on the log-scale) on the real line . A gene associated (causally or statis-
tically) with a target disease is known as a disease gene, DG, while the others as
nondisease genes, NDG. Gene expression levels under different environments cast
light on plausible gene-environment interactions (or associations) so that if the ar-
rays are properly designed, mapping disease genes may be facilitated with such
microarray studies. One of the main issues is identifying differentially expressed
genes among thousands of genes, tested simultaneously, across experimental con-
ditions. Typically, for a target disease, there are only a few DG while the NDG
comprise the vast majority. A NDG is expected to have a low gene expression level
while a DG is expected to have generally higher expression levels. Thus, a natural
stochastic ordering of gene expression levels of the DG with varying disease sever-
ity is plausible while the NDG expression levels are expected to be stochastically
unaffected by such disease level differentials.

Microarray data go thorough a lot of standardization and normalization so that
conventional simple models, such as the classical MANOVA models, may rarely be
totally adaptable. If the arrays are indexed by an explanatory or design variate
(t) that possesses an ordering (not necessarily linear), then the stochastic ordering
could be exploited through suitable nonparametric techniques. The main difficulty
in modeling and statistically analyzing microarray data stems from the high di-
mensionality of the genes compared to the number of arrays. While the different
arrays may sometimes be taken to be at least statistically independent, the genes
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may not. Moreover, not much is known about the spatial topology of the genes
or their genetic distances. There is another factor that merits our attention. The
gene expression levels for the different genes in an array are neither expected to
be stochastically independent nor (marginally) identically distributed. Sans such
an i.i.d. clause, standard parametrics typically adaptable for fMRI models (albeit
mostly done in a Bayesian coating) may encounter roadblocks for fruitful adapta-
tion in microarray data models. Thus, structurally, such data models are different
from those usually encountered in nonparametric functional regression models. For
this reason, a pseudo-marginal approach is highlighted here. This approach exploits
the marginal nonparametrics fully and renders some useful modeling and analysis
convenience.

3. Some HDLSS Formulations

Motivated by microarray data models introduced in Section 2, we consider here a
set of n arrays (sample observations) where there is a design variate t; associated
with the ith array, for ¢ = 1,...,n. Without loss of generality, we assume the ¢; are
ordered, i.e.,

(3.1 1 <t <o <y,

with at least one strict inequality. We do not, however, impose any linear or spe-
cific parametric ordering of these design variates. The multisample (ordered alter-
native) model is a particular case where n can be partitioned into I subsets of
sizes ni,...,ny such that within each subgroup, the ¢; are the same while they
are ordered over the I different subsets. For the ¢th array, corresponding to the K
genes (positions), we have a gene expression level denoted by X, k= 1,..., K,
so that we have K-vectors X; = (X;1,...,X;k)’, for i = 1,...,n. The joint distri-
bution function of X; is denoted by Fj(x), x € R¥. Further, for the kth gene in
the ith array, i.e., Xk, the marginal distribution is denoted by Fix(z), x € R, for
k=1,...,K; i=1,...,n. For a given i, the Fj;, k= 1,..., K may not be gener-
ally the same, and moreover, the X;x, £ = 1,..., K may not be all stochastically
independent.

If a gene k is NDG and the t; reflect the variability of the disease level, then the
F;.,i=1,...,n should be the same. On the other hand, for a DG k, for ¢ < ¢/, X
should be stochastically smaller than X,/ in the sense that the Fy,i = 1,...,n
should have the ordering

(3.2) Fig(z) > Fop(x) > - > Fog(),V 2 € R

Therefore, we could force a characteriation of DG and NDG based on the following
stochastic ordering: For a NDG k, the F;,, i = 1,...,n are all the same, this being
denoted by the null hypothesis Hyg, while for a DG k, the stochastic ordering in (3.2)
holds which we denote by Hig, for K = 1,..., K. In this marginal formulation, we
have a set of K hypotheses corresponding to the K genes, and whatever appropriate
test statistic (say T,x) we use for testing Hor vs. Hi, these statistics may not
be, generally, stochastically independent. The basic problem is therefore to test
simultaneously for

(3.3) Hy =N Hop, vs Hy = U Hyy,

without ignoring possible dependence of the test statistics for the component hy-
potheses testing Hog, vs Hig, for £ = 1,..., K. This makes it appealing to follow
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the general guidelines of the Roy [12] union-intersection principle (UIP), albeit in
a marginalization (i.e., adapting a finite union and finite intersection scheme), and
thus permitting a more general framework so as to allow simultaneous testing and
classification into DG / NDG groups. In a very parametric setup, some order re-
stricted inference problems have been considered by [11]. However, in our setup,
such normality based parametric models may not be very appropriate.

Our approach is based on the classical Kendall tau statistics for each of the K
genes and the incorporation of these (possibly dependent) marginal statistics in a
composite scheme for classification. For the kth gene, based on the n observations
Xk, i = 1,...,n, and the tagging variables t¢1,...,t,, we define the Kendall tau
statistic as

-1
(34) Tnk = <n> Z SigH(Xi/k — Xik)SigIl(ti/ — tz)7

2 —
1<i<i’<n

for k = 1,..., K. Conventionally, we take sign(0) = 0. Note that T, is a (gen-
eralised) U-statistic of degree 2 [7]. Further, note that by (3.1), we may set
S ={7) :t; < ty;1 <i < i < n}andlet N be the cardinality of the set
S. Then by (3.1),n—1< N < (g) Moreover, we may rewrite T}, as

—1
(3.5) Tppe = (g) > sign(Xik — Xi), k=1,..., K,
S

where S depends on the ordering of the t; and therefore remains the same for every
k=1,..., K. Note further that whenever N < (g), the range of variation of T, is
(=N/(3),N/(3) ) which is contained in the interval (—1,1). That is why we shall
find it convenient to take the modified or rescaled Kendall tau as

(3.6) e =N"1 Z sign(Xox — Xix),
S

whose range is exactly (—1, 1), albeit the distribution being still discrete.

Note that for any k = 1,..., K, under Hyy, for every i # 4’, the difference X,y —
Xir is symmetrically distributed around 0, and hence, Eo;{sign(X;r — X;x)} =0
so that

(3.7) Eo{To} = Eor{T%} =0, Vk=1,... K.

Further, the marginal distribution of T}, under Hg is generated by the n! equally
likely permutations of the X;; among themselves. Therefore when all the Fj; are
continuous, ties among the observations being negligible with probability 1, T}
(or T?,) is distribution-free under Hyy. This distribution may depend on the set S
but that being the same for all k, we conclude that under Hy in (3.3), marginally
each T, is distribution-free and these K statistics all have the same marginal
distribution. If all the ¢; were stochastic and continuous then N = (2) and we will
have

(3.8) Varo{Tnr} = 2(2n 4+ 5)/{9n(n — 1)}.

On the other hand, in general for N < (), the t; are not distinct and may be even
nonstochastic, and hence, the variance is equal to

(3.9) Varg{T%,} = N72{(2/3)(N1 — N3) + N} = v2, say,
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where Nj is the cardinality of the set {(i,4'), (i,4") : ¢; < ti,t; < tir,ty # tin}
and N is the cardinality of the set {(¢,4"), (¢",7) : t; > t;» # ty }. For small values
of n and given (3.1), one can enumerate S and obtain the exact distribution of
T2, under Hoy. If n is large, the standardized form of the statistic, i.e., T)%, /vy, has
closely a standard normal distribution. In our setup, perhaps the exact permutation
distribution plays a greater role and this will be illustrated later on.

The behavior of T), under alternatives would naturally depend on the stochastic
ordering in (3.2) and these statistics will not be exact distribution-free nor possibly
have identical marginal laws. Nevertheless, under (3.2), for every i < i', X, — X
has a distribution tilted to the right, so that

(3.10) E{T% | Hix } >0, Vk=1,... K.

This motivates us to use tests based on the marginal statistics T, using the right
hand side critical region, or equivalently the right-hand sided p-values. Recall that
the distribution of each T)?,, at least for n not too large, is discrete, but that is not
going to be of any particular concern. A greater concern is to incorporate possible
stochastic dependence among the K statistics T.0,, k = 1,..., K (even under the
null hypothesis) and their possible heterogeneity when some of the Hij are true.
A basic problem is to formulate suitable multiple hypothesis testing procedures to
assess which hypotheses are to be rejected subject to a suitably defined Type I error
rate. This is elaborated in the next section.

4. Dimensional Asymptotics and the Union Intersection Test

Although independence across microarrays may be assumed, their i.d. structure
may be vitiated if the arrays relate to different biological or experimental setups.
Moreover, for different genes, the gene expression (marginal) distributions are likely
to be different when there is gene-environment interaction. Taking into account such
plausible inter-gene stochastic dependence and heterogeneity, we need to prescribe
statistical modeling and analysis tools. This will be accomplished through dimen-
sional asymptotics where K is made to increase indefinitely while n, being small
compared to K, may or may not be adequately large.

In view of (3.3), it is tempting to appeal to the union-intersection principle [12],
or UIP, to construct suitable test statistics which will cover the genome-wise picture
in a reasonable way. Towards this, we may note that as under Hy (i.e., Hog, Vk),
marginally each T, has the same distribution (which does not depend on the
underlying Fj ). Thus, corresponding to any ¢ : —1 < ¢ < 1, the tail probability
Po{T?, > c} is the same for all k and this can be evaluated by using the exact
permutation distribution generated by the n! permutations of the X, 1 < i < n.
The UIP then leads to the following union-intersection test, UIT, statistic:

(4.1) T =max{T?% :1 <k < K},

where the test function is given by ¢(T*°) = 1,, or 0, accordingly as T*° is >, =
or < candy: (0 <~ <1)is so chosen that Ex{¢(T°)} = a, the preassigned level
of significance. Note that for n not adequately large, the null distribution of 1'%,
is essentially discrete and hence this usual randomization test function is aimed to
take care of this problem.

The crux of the problem is therefore to determine such a critical level ¢,. The
joint distribution of the T')?, , 1 < k < K, even under the null hypothesis Hj, depends
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on the underlying K-dimensional distribution F;, and hence, in general will not be
distribution-free. Thus, the usual technique of finding out the critical level of T}:°
from this joint distribution may be intractable.

One possibility is to incorporate the fact that under Hy, the K-vectors X;,: =
1,...,n, arei.i.d. and hence their joint distribution remains invariant under any per-
mutation of these vectors among themselves. Thereby we can evaluate such critical
values by an to appeal to the permutation distribution generated by the n! equally
likely permutations of the K-vectors {X;} among themselves. This permutation
law generates the (unconditional null) marginal laws of the T)%,, and provides some
conditional versions of their joint distributions of various orders. Since this per-
mutation law is a conditional law (given the collection of all these K-vectors), the
critical values obtained in this manner are themselves stochastic, thus introducing
another layer of variation. Nevertheless, it provides a conditionally distribution-free
test. One discouraging feature of this permutation approach is that the permuta-
tion invariance does not hold under the alternative hypothesis, and hence critical
levels computed from the permutation law involving an observed set of {X;} may
be sensitive to the data conformity to the null situation.

If we assume that all the 7)7, are stochastically independent, then we have for
any ¢, —1 < ¢ <1, under Hy,

(4.2) P{T;* < ¢} = [Po{T7) < }]",

so that the distribution-free nature of the T,,; under the null hypothesis provides the
access to the computation of the test function and the critical level. If n is at least
moderately large, in view of the asymptotic normality of T)?, /v, the randomization
test function may be replaced by a conventional normal theory test function, where
for the individual tests, a significance level a* is so chosen that

(4.3) a=1-(1-a"k.

Generally, if we let o* = (a/K), then the size of the UIT is < « no matter whether
the T'?, are stochastically independent or not. There is, therefore, a certain amount
of conservativeness in this specification.

In passing, we may remark that by the classical asymptotics on Hoeffding’s
U-statistics, any pair (Tsk,qu), with k& # ¢, is a bivariate U-statistic, for a* suf-
ficiently small, so using the bivariate extreme statistics results (viz., [18]), we can
claim that the events {T)7, > co+} and {1}, > co+} Will be asymptotically (as
K — 00) independent so that Po{Ty;, > cax, T}, > ca+} can be well approximated
by [Po{T?, > ca-}]*>. In a similar manner, the third order probability terms can
be handled, and the Bonferroni bound retaining the second and third order proba-
bilities provide a good approximation : a = Ka* — ([2()04*2 + (g{)a*?’ +o(a*3). As
a result, a* = («a/K) provides a good approximation to the level of significance.
Therefore, for the UIT, when K is large, even when the genes are not stochastically
independent, letting a* = (a/K') we may consider the following multiple hypothesis
testing scheme:

For a chosen a* = K~ 'a, obtain the marginal distributional critical level cq-,
and reject those Ho; k € {1,...,K} for which the corresponding T, exceeds cq-

A randomization test function can be prescribed when n is not adequately large.
Thus, the UIT provides a bound on the family wise error rate, FWER. If we take
ax ~ a/K and K is large, we need to make sure that n is so large that v, Lo < 1
this will imply that if we are to use the permutation null distribution of any 7%,
, being attracted by the permutational central limit theorem, it has a nonzero
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mass point beyond cqx /v,. If v2 = O(n™1), as is typically the case, then c,+ =
O(n=1/2y/=2Tog a*) so that log K = O(n) and this does not appear to be a serious
concern in real life applications. For example, if we have three groups of arrays,
say within each group there are 5 arrays, the total number of partitioning 15 units
into 3 subsets of 5 each is equal to (15)!/(5!)® and this is so large (756,756) that
even if K is as large as 30,000, it would not be a problem. However, for large K,
the UIT, like the classical likelihood ratio test, will have little power, and hence
alternative test procedures need to be explored. This illustrates the important role
of the design of the study and the number of arrays required in trying to include a
very large K.

Roy’s UIT can be adapted by exploring the information contained in the ordered
p-values. If the T, are all stochastically independent (and as they are identically
distributed under the null hypothesis Hp) then one can adapt Simes’ [19] theorem
(which is a restatement of the classical Ballot theorem (viz., [9]) introduced some
twenty years earlier). If Py, ..., P are the p-values for the K marginal tests and
Pr.1 < --- < Pg.g are the corresponding order statistics, then assuming that under
Hy the Py, have a uniform (0, 1) distribution (i.e., tacitly assuming that the T)?, /vy,
have a continuous distribution under Hp), Simes’ theorem asserts that for every
a:0<a<l,

(4.4) P{Px. > ka/K,Vk=1,...,K |Hy} =1-a.
Suppose now we define the anti-ranks S1,..., Sk by letting
(4.5) Py =Ps,, k=1,..., K,

where again ties among the ranks are neglected under the assumption of continuity
of the distribution of the Pj. Whereas Simes’ theorem provides a test of the overall
hypothesis, Hochberg [6] derived a step-up procedure for multiple hypotheses testing
based on the following : For every a € (0, 1),

(4.6) P{Pru>a/(K—k+1),Vk=1,....K |[H}=1—-a.

Benjamini and Hochberg [2] considered a step-up procedure based on the Simes
theorem. Their multiple hypothesis testing procedure is the following:

Reject those null hypotheses {Hops, } for which Ps, < ka/K, k=1,...,K, and
accept those null hypotheses in the complementary set.

For some related developments in a parametric setup, we refer to [2], [4], [10], [20],
and [13], among others.

These developments paved the way for other measures of error rates which are
more adaptable in the K > n environment. Some of these will be discussed later
on. There are two basic concerns that can be voiced in this respect. The whole setup
is based on the assumed uniform distribution of the P, under the null hypothesis.
However, if we look into the statistics 77, in our setup, we may note that though
they have a specified distribution, the latter is a discrete one defined over the in-
terval (—1,1). Noting that there are a set of discrete mass points, ties among the
T°, /v, (and hence Py) can not be neglected with probability one, and moreover,
the P will have a set of probability mass points on [0,1] with non-zero masses.
Thus, technically the above probability results are not strictly usable (unless n is
indefinitely large, contradicting the K >> n environment). Secondly, as was stressed
earlier, the T)?;, across the set of genes are generally not stochastically independent.
Controlling the FWER when K is very large may generally entail undue conserva-
tiveness of multiple hypotheses testing schemes. On the other hand, using a level
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of significance for each marginal hypothesis testing problem may lead to a large
FWER.

In the context of microarrays suppose that there are K7 disease genes (DG) and
Ky = K — K; NDG; thus, we have a set of Ky null hypotheses which are true and a
complementary set of K7 hypotheses which are not true. Suppose that based on our
multiple hypotheses testing procedure, we accept mg out of Ky true null hypothesis
so that the remaining Ky — my = m; true null hypotheses are rejected. Similarly,
among the K; not true null hypotheses, [y are accepted as true and /; accepted in
favor of the alternative. Thus, a totality of R = mj + [; hypotheses are rejected
while K — R are accepted. Mind that though we observe R, through our chosen
multiple hypotheses testing procedure, individually m1,l; are not observable; all
these (R, 11, m1) are stochastic in nature. A natural modification of the FWER, to
suit such K > n environments, is the per-comparison error rate (PCER) defined
as

(4.7) PCER = E(mi)/K,

which is the expected proportion of Type I errors among the K hypotheses. A
related measure is the per-family error rate (PFER), defined as

(4.8) PFER = E(my),

which is the expected total number of Type I errors among the K hypotheses.
Obviously, PFER = K.PCER ,and is generally large when K is large (unless the
PCER is very small). Moreover,

(4.9) PFER = E(my) =Y _rP{my =r} > P{m; > 0},

r>1

so that PFER > FWER.

If our observed R = 0 then no true null hypothesis is rejected and hence there
is no false discovery. For R > 1, the proportion of false discovery is given by
@ = m1/R; conventionally, it is taken Q = 0 when R = 0, so that @Q is properly
defined for every nonnegative R and m;. However, @ is not observable. Hence, the
false discovery rate (FDR) is defined as

(4.10) FDR = E{Q} =Y P{R=r}E{mi/R|IR=r}.
r>1

Since, conventionally, we have forced Q = 0 for R = 0, this definition of FDR may
produce a negative bias. An alternative definition, known as the PF DR, is defined
as

(4.11) PFDR = E{Q|R > 0} = FDR/P{R > 1}.

Naturally, PFDR > FDR.

In the formulation of FDR and PFDR it is not necessary to assume that all
of the test statistics have continuous distributions under the null hypothesis. If
these distributions are all continuous then of course the p-values have a uniform
(0,1) distribution under the null hypothesis, and hence, the multiple hypotheses
testing schemes discussed earlier can be conveniently adapted. In our setup, each
test statistic has marginally the same null distribution, albeit that is discrete. So,
it might be necessary, especially when n is not large, to make use of this otherwise
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completely specified, discrete distribution without assuming a uniform distribution
for the associated p-values under the null hypothesis.

We may simulate the permutation distribution of any marginal test statistics and
thereby take into account possible dependence among the gene expressions without
assuming any specific pattern. Of course, marginally, each test statistic has the

same null distribution. So, if we consider the set {T'%, : k =1,..., K} and define
the empirical distribution

K
(4.12) Gr(t)=K 'Y I(Tg <t), t€(~1,1),

k=1
then Fo{Gk(t)} = G(t),Vt € (—=1,1) where G(t) is the common marginal distribu-
tion of the T)%, under the null hypothesis. The summands in G (t) are all bounded
variables, nondecreasing in ¢ € (—1,1) and G(¢) is also nondecreasing and assumes
values on (0, 1). Thus, whenever G (t) stochastically converges pointwise to G(t), it
does so uniformly in ¢t € (—1,1). Further Gk (t) — G(¢) is a bounded r.v., and hence,
if it converges in probability, it converges in the rth mean for every r > 0. Therefore
it might suffice to assume that the dependence pattern satisfies the condition:

(4.13) Var(Gk(t)) — 0,as K — oo.

Then we conclude that |Gg (\)—G(.)|| = sup{|Gk (t)—-G(t)| : t € (—1,1)} stochasti-
cally converges to 0. Further, (4.13) holds under quite general dependence patterns.
It is naturally tempting to explore weak convergence (invariance principles) re-
sults for VK (Gx(.) — G(.)) wherein K is taken indefinitely large but not n. Since
G(t),t € (—1,1) is a discrete distribution function with mass points over (—1,1),
the jump-discontinuities of G(.) may vitiate the usual compactness (or tightness)
properties possessed in the continuous case, albeit by strengthening (4.13) to

(4.14) limsupy KVar(Gg(t)) <oo,Vt € (-1,1),
pointwise, the asymptotic normality (as K — oo) follows under quite general de-

pendency conditions. If we have some linear functional of Gk (.) as a test statistic,
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this weak convergence would have been quite useful in deriving the asymptotic (in
K) normality of the test statistic under the null hypothesis; (4.14) would have been
sufficient in that context. However, in our case, we have some functional of Gk (.),
of extremal order statistic type, namely, the extreme quantiles of a set of depen-
dent r.v.s, and hence we may need somewhat different regularity conditions. This
perspective is appraised more elaborately in the next section.

5. Dimensional Asymptotics and Chen—Stein Theorem

In the previous section we have briefly discussed the plausibility of some K, NDG
and Ky, DG with K, + K; = K, the total number of genes. Neither K; nor the
DG positions are known and hence we have a dual problem of estimating K; as
well as identifying the positions of these K1 DG’s. It is conceivable that the NDG
having stochastically smaller expression levels (than the DG) and the stochastic
dependence among the DG may not be insignificant. We intend to incorporate this
stochastic dependence structure among the gene expressions in a suitable model.
Unfortunately, sans any positional ordering of the K genes, it might be difficult to
assume suitable mixing conditions under which central limit theorems may apply.
As for considering alternative limit theorems for dependent sequences, we intend
to incorporate the Chen—Stein theorem [3] and its ramifications wherein Poisson
approximations for more general dependent sequences are advocated. For our con-
venience, let us state the Chen-Stein Theorem in a slightly updated version [1].

Theorem 1. (Chen—Stein): Let T be an index set with elements i € T and let K be
the cardinality of the set . For each i € T let Y; be an indicator random variable
and let

(5.1) P{Y; =1} =1— P{Y; =0} = pxs, i € I.

Let W = >7,.;Y; the total number of occurrence of the events {Y; = 1}, i €
T, and let A\x = ) ,crpri = E(W). For each i € I, we define a set J; € T
and its complement JF as the set of dependence of i and its complement, set of
independence of i. Thus, it is tacitly assumed thatY; is independent of {Y;, j € J¢},
for every i € . Further, let

b = Y Y EX)E(Y;);

i€Z j€T;
(5:2) = Z Z PKiPKj,
€L jET;
(5:3) b= > EMY)),
€T j(#i)eTi
and
(5.4) by =Y ENE(Y; — E(Y;)|{Y;,Vj € T}

iel
Finally, let Z be a random wariable having Poisson distribution with parameter
E(Z) = Ak. Then
1—e 2K
LW) = L(Z)] < 2(b1+b2+ 53)T

(5.5) 2(by + by + b3) min{1, \;' }.

IN
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A direct corollary to Theorem 1 is the following:
(5.6) |P{W =0} — e | < 2(by + by + b3) min{1, \x'}.

An interesting feature of this Theorem is the dual control of Ak, the expectation and
b1, b2, and bz, the dependence functions. In line with our intended application we
consider a natural extension of this result. With the same notation as in Theorem
1, we replace the Y;,i € Z, by a sequence of processes Y;(t),i € Z,t € T, where
T = (0, a), for some a > 0, and assume that for each ¢, Y;(¢) is nondecreasing in ¢
and yet a zero-one valued random variable. Further assume that the sets J; do not
depend on t € T. For every i € Z, t € T, we denote by px;(t) = E(Y;(¢)), and the
corresponding parameters by Ai (t), b1(t),ba(t) and bs(t). Let W = {Wk(t),t €
T} be the sum process and corresponding to Z, we introduce a Poisson process
Zy ={Zk(t),t € T} whose expectation process is {Ax = {Ak(t),t € T'}. Then

1—ex®
Ak (1)

The proof of this extension is along the lines of Theorem 1 and hence we omit the
details.

In our study, unless n is large, we may not have a continuous time parameter
(t € T). Thus, we consider an intermediate result that remains applicable for small
n as well.

LW ) — £(Zi)| < 2 sup{(b1(£) + ba(t) + bs(1)) LteT).

Theorem 2. Consider a set of M discrete time points —1 < 17 < ... <7y <1
with respective probability masses N1, ..., My where M may depend on n. Also,
let vnj = Zanm-, j=1,...,M. Further, let Yi(1;),i =1,..K, j=1,....M
be an array of zero-one valued random variables where Y;(7;) is nondecreasing in
7 and E(Yi(1j)) = vnj, j = 1,..., M. Define Wg = {Wi(r;),j = 1,..., M}
where Wi (1) = Zfil Yi(r;) forj =1,....,M. Similarly, let Zx = {Zk(15),j =
1,..., M} be a discrete time parameter Poisson process with the drift function v =
{vnj,j=1,...,M}. Define the parameters bi1(7;), br2(75),brs(r;), j=1,....M
as in (5.2), (5.8), and (5.4); assume that as K — oo,

1—e™mi
(57) max{(bKl(Tj) + ng(Tj) + bK3(Tj))7. 17 < M} — 0.
nj
Then, as K increases indefinitely,
(5.8) IL(Wk) = L(Zg)| — 0.

Again, being a finite-dimensional version of Theorem 1, this does not need an
elaborate proof.

In the present context, under the null hypothesis, all the T)?, have a common
distribution over (—1,1); this is discrete but symmetric about 0, and is completely
known (though could be computationally intensive if n is not too small). Let us
denote the distinct mass points for 7.7, by —1 =a; <as <---,ar =1 and let

(59) T; = PO{T;:]@ Z G,L_j+1}, ] = 1, RN 7L.
Then 0 <71 <7 < --- <71 <1. Also, let us write

(5.10) Yi(r)) =I(T% > an_j41), j=1,....L, k=1,...,K.
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Further, let

M=

(5.11) Wi(r;) =S Yi(r), j=1,...,L.

k=1

Also, let J =max{j:1 < j < L; 7; < n} for some pre-assigned n > 0. Basically, we
would like to pursue the distributional features of the partial sequence {Wg (7;), j <
J}, and incorporate Theorem 2. Note that in this way, we avoid the conventional
assumption of a continuous null distribution of the coordinate-wise test statistics.
Of course, if n is adequately large, the assumption of a uniform distribution of the
p-values (under the null hypothesis) would be reasonable. For example, if we have
a three sample situation with n; = ny = n3 = 4 then L = (12)!/(4!)? = 34, 650 so
that we could choose J = 1 and use the Poisson approximation. It is also possible
to choose J = 2 with an appropriate cut-off point and still stick to a FWER around
0.05. In any case, under alternatives (of stochastic ordering) the distribution of the
T2, will be tilted towards the right, still confined to the interval (-1, 1), and hence,
their centering would be shifted to the right of the origin with a negatively skewed
distribution.

Corresponding to the known points 71 < --- < 77, let us consider the partial pro-
cess Wi (7;),5 =1,...,J, as defined above. Also, let us choose a set of nonnegative
integers r1 < --- < ry in such a way that

(5.12) Po{Wg(7;) > rj,for some j < J} = «,

where « may not be exactly equal to a specified level (such as 0.05) but can be
approximated very well through the above Poisson process result. If we let

(513) AjZ[WK(Tj)>’I”j], jzl,...,J,

then (5.12) can be written as P{ Uj<jA; }, so that by the Bonferroni inequality,

P{Uj<sA;} = > P{A}— > P{4;4;}
J<J 1<j<g’'<J
(5.14) + S P{AALAL + -+ (1)K P{A; - Ak
1<j<k<I<J

Next, we use the Poisson approximation to each P{A;} wherein we use the follow-
ing:

(5.15) P{AY ~ e i {0 wn /ety G > L

r>T;

Further, note that Wi (7;) is a nondecreasing (step) function in j so that using the
Markov property and Theorem 2 we may evaluate P{A;A; }. Actually, we write
P{A;A;} = P{A;} - P{A|A,}, for k > j, and use Theorem 2 to approximate
the conditional probability by P{Z, > ri|Z; > r;} where ry > r;,Vj < k. Also,
typically terms involving more than 2 events (A4;) will be small and can usually be
neglected. Nevertheless, even if they are not small, the Markov property embedded
in Theorem 2 can be used to provide a good approximation. Alternatively, we may
write P{Uj<sA;} = 1 — P{N;<;A%} and using Theorem 2, write P{N;<sAS} as
a J-tuple sum over Poisson distributional probabilities. For small r;,j < J, as is
typically the case, this computation does not appear to be a formidable task.
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Led by these findings, let us now consider the following testing procedure:

Compute the Wi (1;), j < J as above. If Wi (1;) < m;, Yj < J, accept the null
hypothesis that there is no DG. On the other hand, if Wi (7;) is greater than m,;
for at least one j < J, then reject the null hypothesis that all the genes are NDG,
and proceed to detect those genes k € K as DG where

(5.16) K={ke{l,...,K}:Yy(r;) =1, for some j < J}.

Note that if for some k, Yy (7;) = 1 for some j < J, then Yy(r;) =1, V j' > j.
Further, note that K is a stochastic subset of {1,..., K}, and R = cardinality of I
is a (nonnegative) integer valued random variable. The overall significance level of
this testing procedure is well approximated by the preassigned level .

Let us denote the following exclusive events by
(517) Bl :Al; BJ:AiAC

J—1

A, g <.

Then, by definition, A; = N;<;B;. With the same notation as in (4.7)—(4.11), we
study the other measures (viz., PCER, PFER, FDR and PFDR). Towards this, we
consider the nonnull situation where Ky are NDG and K; = K — Kg are DG. To
handle the distribution of R, the total number of rejections, we let

(518) T; = (K()Tj —|—Klﬁj)/K = Tj + (Kl/K)(ﬁj _Tj)7 j Z 1,

where

(5.19) Bi=K" Y P{Tg >ar_jalke {1,....K} - Ko},
keDG

for j = 1,...,J. Note by arguments similar to those in Sections 3 and 4, 3; >
75, Vi < J. We may write

(5.20) E(mq) = ZE(mlf(Bj))-

Jj<J

Next note that the events B;,j < J, depend on the partial process Wg (7;),7 < J
and are thereby governed by Theorem 2 with v,,; = K¢7,j < J. On the other hand,
the distribution of m; is governed by the process W7 (7;),j < J, where the drift
function for Wg(7;)) is vy,; = Ko7j,j < J. Using Theorem 2 and the reproductive
property of the Poisson distribution, we may well approximate the (conditional)
distribution of m;, given R, by a binomial law with parameters (R, Ko7;/(Ko7; +
K13;)) whenever B; holds. Thus, we are able to provide a good approximation to
the PFER by writing

(5.21) E(m) =Y E{E(mi/R | R, B;)RI(B;)}.
J<J
If J =1, the conditional binomial law directly applies and we have the approxima-
tion
Kotl

5.22 —_
( ) Kot +K1t1‘

.E(RI(R > 1)) = Kot P{R > 11},

where the last step follows from the fact that for a Poisson variable X with parame-
ter np, E(XI(X >r)) = npP{X > r}. For J > 2, we have to apply the conditional
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binomial law under the sets B;, followed by the distribution of R over the sets B;,
and this can be done by repeated quadrature procedures. Numerical studies have
thereby good scope.

By construction, rejection of the null hypothesis Hj entails that R > r; and may
even be greater than r; if B; pertains for some j > 1. As such, we do not have any
problem in applying the original definition of FDR (in (4.10)). We write

(5.23) FDR = E(Q) = Y _E(QI(B;)) =Y E{E(Q|R € B;)I(B;)}

isJ Jj<J

and use the conditional binomial law for each term in the right hand side. Detailed
numerical study is planned for a future communication.

We conclude this section with some pertinent remarks and observations. First,
the use of the Chen—Stein theorem in a multi-state context can be done under fairly
mild regularity conditions regarding the dependence of the genes. Secondly, by our
choice of the r;,57 < J and allowing possibly J > 1, we are not only in a position
to allow more flexibility in the choice of statistical inference procedures but also to
enforce the rejection of null hypothesis under a more structured setup. This allows
us to study the FDR, etc., under more diverse setups. Further, using Kendall’s tau
statistic for each gene separately, we are in a position to allow heterogeneity of the
gene expressions across the K genes in a completely arbitrary manner, while un-
der the null hypothesis, the distribution of the ).,k = 1,..., K being completely
known provides an easy access to the incorporation of the Chen—Stein theorem.
Finally, instead of using Kendall’s tau statistic (coordinate-wise), it might be at-
tractive to use more general rank statistics [16]. Though the distribution-free aspect
holds under the null hypothesis, such distributions are more complex to evaluate
and the associated Poisson processes have more complex drift functions. Further,
such linear rank statistics involve some design variables which assume more struc-
ture on the Fji, k= 1,..., K, not necessary with the use of Kendall’s tau.
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Abstract: Rescaled spike and slab models are a new Bayesian variable se-
lection method for linear regression models. In high dimensional orthogonal
settings such models have been shown to possess optimal model selection prop-
erties. We review background theory and discuss applications of rescaled spike
and slab models to prediction problems involving orthogonal polynomials. We
first consider global smoothing and discuss potential weaknesses. Some of these
deficiencies are remedied by using local regression. The local regression ap-
proach relies on an intimate connection between local weighted regression and
weighted generalized ridge regression. An important implication is that one
can trace the effective degrees of freedom of a curve as a way to visualize and
classify curvature. Several motivating examples are presented.
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1. Introduction

Rescaled spike and slab models were introduced in [1] as a Bayesian variable se-
lection method in linear regression models. Such models were shown to possess a
selective shrinkage property in orthogonal models. This property allows the poste-
rior mean for the coefficients to shrink to zero for truly zero coefficients while for the

IDepartment of Quantitative Health Sciences Wb4, Cleveland Clinic, 9500 Euclid Avenue,
Cleveland, Ohio 44195, e-mail: hemant . ishwarant@gmail.com

2Department of Statistics, Case Western Reserve University, 10900 Euclid Avenue, Cleveland,
Ohio 44106, e-mail: ariadni.papana@case.edu

AMS 2000 subject classifications: Primary 62J07; secondary 62J05

Keywords and phrases: selective shrinkage, penalization, effective degrees of freedom

268
imsart-lnms ver. 2007/09/18 file: ishwaran_papana.tex date: December 3, 2007



Orthogonalized Rescaled Spike and Slab Smoothing 269

non-zero coefficients posterior estimates are similar to the ordinary least squares
(OLS) estimates. In [2], rescaled spike and slab models were used to analyze multi-
group microarray data (an extension of previous work [3]). Selective shrinkage was
shown to be a sufficient condition for oracle-like total misclassification. A finite
sample adaptive method for selecting variables using this principle was given.

In this manuscript we extend the application of rescaled spike and slab models
to smoothing problems. Given an outcome value Y related to a variable x through
an unknown function f(x), we would like accurate recovery of f(x). Smoothing
is a prediction problem, and an important contribution of the paper is advancing
applications of rescaled spike and slab models to prediction settings. However this
does not mean selective shrinkage, a core ingredient to model selection, is not at play
in a prediction paradigm. Indeed, as shown, selective shrinkage plays a crucial role
in adaptive selection of over-parameterized basis functions in response to curvature
of f(x).

We consider global smoothing via orthogonal polynomial regression as well as
local regression using orthogonal polynomials. Orthogonality is a key ingredient in
our approach. Not only does it allow us to exploit the selective shrinkage property
of rescaled spike and slab models, which follow as a consequence of orthogonality,
but it also greatly improves the computationally efficiency of our algorithms. While
much work has been done in the area of smoothing, we note there are novel features
in our approach potentially useful in applied settings. One important feature be-
ing that selective shrinkage allows for greater adaptivity to curvature and greater
robustness to misspecification of dimension of basis functions. Secondly, in local
regression settings, adaptivity via selective shrinkage can be interpreted in terms
of dimensionality and curvature. From this we provide an effective degrees of free-
dom plot for graphing estimated dimensionality of f(z) as a function of x. Such
plots provide a simple and powerful way to register curves. Several applications are
provided as illustration.

2. Rescaled Spike and Slab Models

We begin by first reviewing background theory for rescaled spike and slab models.
The underlying setting is the linear regression model where Y7,...,Y,, are indepen-
dent responses such that

(2.1) Y; = Bixin + -+ BaTia + e = X1 + &, t=1,...,n.
Here x1,...,x, are non-random (fixed design) d-dimensional covariates and 8 =
(B, ..., Ba) is the unknown coefficient vector. The ¢; are independent random vari-

ables (but not necessarily identically distributed) such that E(g;) = 0, E(e?) = o2
and E(e}) < M for some M < oo (the last condition is needed to invoke a trian-
gular central limit theorem later, but is not crucial and can certainly be relaxed).
The variance 02 > 0 is assumed to be unknown. Throughout we assume x; are
standardized so that " | x;x = 0 and )i a7, = n for k = 1,...,d (without
loss of generality we assume that there is no intercept term in (2.1)). We shall also
assume throughout that X, the n x d design matrix, is orthogonal, i.e., X!X = nl.
As mentioned in the Introduction, this will allow us to exploit certain elegant the-
ories for rescaled spike and slab methods, although, of course, the spike and slab
method works for general design matrices.

Spike and slab methods first appeared in the works of [4] and [5] for subset
selection in linear regression models. The expression “spike and slab”, coined by
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Mitchell and Beauchamp in [5], referred to the prior for the regression coefficients
used in their hierarchical formulation. This was chosen so that the coefficients were
mutually independent with a two-point mixture distribution made up of a uniform
flat distribution (the slab) and a degenerate distribution at zero (the spike). In [6]
a different type of prior was used. This involved a scale mixture of two normal
distributions. In particular, the use of a normal prior was highly advantageous
and led to a Gibbs sampling method that highly popularized the spike and slab
approach; see [7-11].

As pointed out in [1], priors involving a normal scale mixture distribution, of
which [6] is a special example, constitute a wide class of models termed “spike and
slab models”. A modified class of spike and slab models called “rescaled spike and
slab models” was introduced [1]. These new models differed in that the original Y;
values were replaced by new values scaled by the square root of the sample size and
divided by the square root of an estimate for o2. Rescaling was shown to induce a
non-vanishing penalization effect for the posterior mean, and when used in tandem
with a continuous bimodal prior, the resulting posterior mean was shown to possess
a selective shrinkage property in orthogonal models [1].

A rescaled spike and slab model was defined in [1] to denote a Bayesian hierar-
chical model specified as follows:

(}/1*|X“,8) 129 N(Xiz?ﬂan)a i:]-a"'7n7
(Blv) ~ N(o,I)
(22) v~ ).

Here Y;* are the rescaled Y; values defined by Y;* = 6~ 'n'/2Y;, where 62 = |[Y —
XB,|[2/(n—d) is the unbiased estimator for o2 based on the full model, and By, is the
OLS estimate for B (other estimators for o3 are also possible; these details, however,
play a minor role). The value of n used in the first level of the hierarchy in (2.2)
is a variance inflation factor introduced to compensate for the rescaling. Moreover,
inclusion of n in the hierarchy was shown in [1] to be necessary for selective shrinkage
to take place. Without rescaling, shrinkage for the posterior mean vanishes in the
limit due to the prior becoming swamped by the likelihood [1].

In (2.2), 0 denotes a d-dimensional zero vector, I' = diag(y1,...,74) is a d X
d diagonal matrix and 7 is the prior measure for v = (v1,...,74)!. A Bayesian
parameter o2 can also be introduced in (2.2) at the first level of the hierarchy.
However, we avoid this approach here and opt for the simpler set up ((2.2)). The
rationale for this is the following: (i) we have already removed the effect of 03 when
rescaling Y;, and (ii) the simpler setup enforces a sparse solution for the posterior
mean in ill-determined settings when d is of the same size, or larger, than n. Point
(ii) is especially relevant as this is the setting we are interested in here.

2.1. Rescaling, the Choice of w, and Implications for Shrinkage

In addition to rescaling the response, the prior for +; must satisfy certain require-
ments in order for selective shrinkage to occur. A sufficient condition requires the
prior to have a bimodal property such that the right tail of the distribution is con-
tinuous and such that there is a spike in the distribution near zero (see Theorem 6
of [1] for precise details). One such example is the continuous bimodal prior used
n [1-3]. This prior is induced by a parameterization involving a binary variable
and a positive variable with an inverse-gamma distribution. More precisely, define
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Y& by Y& = I kT,?, where I, and T,? are parameters with priors specified according to

) ML —w) b, () Fwdi(),  k=1,....d,
) iid

~ Gamma(ag,az)

(IH’UQ,IU

(Tk_z|a1,a2

(2.3) w ~ Uniform|0, 1].

The choice for vy (a small positive value) and a; and ay (the shape and scale
parameters for a gamma density) are selected so that 7, has a continuous bimodal
distribution with a spike at vy and a right continuous tail (see Figure 1). Such a
prior allows the posterior to shrink a coefficient to zero depending upon the value
for «. Small values heavily shrink a coefficient towards zero.

(a) (b)

Q@ o :
o N
Q7 =
O o 7
2 A 2
2 £
53 53
= (el ]
o o |
o o
O L T T T T T T T T T T T O L T T T T T T T T T T T
© 0 4 8 12 16 20 24 © 0 4 8 12 16 20 24
Hypervariance, yy Hypervariance, yg

Fic 1. Conditional density for ~; given w: (a) w = 0.1, (b) w = 0.25. Observe that only the
densities height changes as w is varied. One can think of w as a complexity parameter controlling
model dimension. Prior based on hyperparameters a1 = 5,a2 = 50 and vo = 0.005 as in [1-3].

2.2. Selective Shrinkage Recast in Terms of Penalization

One can view the posterior mean as a solution to a constrained least squares op-
timization problem in which the hypervariances are related to penalty terms. This
provides us with another way to think about the effects of selective shrinkage. As
before, we consider the orthogonal setting where X!X = nl. Let Vi, = E(r|Y*)
where v, = v1/(1 + ;). For our argument it will be easier to think of penalization
in terms of B = &n_l/zﬁ*, where ,B* = F(B|Y*) denotes the posterior mean for 3
under our rescaled spike and slab model. It can be shown that

d
(2.4) B:argmin{||Y—Xﬂ|2+nzl Vkﬁi}
Y oV

Observe how each (3 coefficient in (2.4) is penalized by a unique value (1 —V})/V.
The closer Vj is to 1, the smaller the penalty and the less the shrinkage for G,
while the closer Vj is to zero, the larger the penalty, and the more [ is shrunk
to zero. It is clear the more adaptive V} is to the true coefficient value, the more
accurate variable selection becomes.

This argument can be formalized by studying the asymptotic behavior of Vj.
Using a similar argument as in [2], one can show that under the spike and slab
model (2.2) with continuous bimodal prior (2.3) (specified in Figure 1), the following
holds:
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Theorem 2.1. Assume that maxi<;<p ||xi||/v/n — 0. If (2.1) represents the true
data model, and the coefficient By, for variable k is truly non-zero, then

(2.5) Vi 1
Moreover, if By is truly zero, then

20 By & BrmVEAI 0 i)
, fol exp(vZ2/2)(1 —v) =32 f(v/(1 - v)|w) dv ’

where f(-lw) = (1 — w)go(-) + wgi(:) is the prior density for v, given w, where
go(u) = vou~?g(vou™"), g1(u) = u~>g(u™") and

9 =y 2 i

and Zy, has a N(0,1) distribution.

a1~ oxp(—agu)

Result (2.5) of Theorem 2.1 shows that V} approaches the value 1 in the case
where there is true signal, and hence the penalty for 8y in (2.4) vanishes as the
sample size increases, and (5 will not be shrunk, just as we’d expect and hope for.

18

Limiting Density

0 36 9 13

00 02 04 06 08 1.0
Standardized Hypervariance, vy

Fi¢ 2. Limiting density for vy, conditioned on w = 0.1 and Z,% under the null that (B is truly
zero. Values for Zﬁ selected from the 25th, 50th, 75th, 90th, 95th and 99th percentiles of a X%'
distribution. Mode on the left increases as Zg decreases, whereas mode on the right decreases.

Result (2.6) applies to the case when [y is really zero. The term Zj appearing
in (2.6) is the limit of the posterior mean B,’; under the null, and thus Zj, reflects the
effect of the data on the posterior under the null. In particular, unless BZ is unduly
large, the posterior mean for vy should be relatively close to the value under the
prior. This has implications for sparse settings. In such cases, the posterior value
for w will be small and the posterior for v conditioned on w (which will look like
the prior given w) will be concentrated near zero. Thus, the left-hand side of (2.6)
should be small and the posterior mean penalized and shrunk towards zero. On the
other hand, if B; is large, then the left-hand side of (2.6) will be large, and there
will be less penalization and less shrinkage for ;. A large value for ﬁz is unlikely
under the null and in fact is expected only when (i is really non-zero, which is
another way to see why (2.5) holds. Figure 2 illustrates how v might depend upon
ﬁz in a sparse setting under the null that 8y is truly zero.
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3. Orthogonal Polynomials: First Illustration

For our first illustration we consider a dataset related to spinal bone mineral density
(BMD) (see [12] for a more complete description of the data). The response is the
relative change in spinal BMD as a function of age in male and female adolescents.
Figure 3 plots the results of our analysis. Predicted values for Y based on the
posterior of the rescaled spike and slab model (2.2) are superimposed on the figure
as solid dark and dashed dark lines for men and women, respectively. The analysis
on the left side of the plot is based on an orthogonal polynomial design matrix with
d = 10 basis functions. Also superimposed are OLS estimates (gray lines).

While the left side of Figure 3 shows some difference between the methods,
discrepancies become more apparent if d is allowed to increase. We re-ran the same
analysis but using an overly parameterized design involving d = 25 basis functions.
The right side of Figure 3 records the result. Notice how badly OLS overfits, whereas
rescaled spike and slab predictors remain relatively unaffected.
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Fic 3. Left plot: Relative change in spinal BMD as a function of age. Solid dark and dashed dark
lines are spike and slab predicted curves for men and women using an orthogonal polynomial
design matrix with d = 10 basis functions. Gray solid and dashed lines are OLS estimates for men
and women. Right plot: Analysis similar as before, but now using an over parameterized basis
function, d = 25. Note the spiky behavior of the OLS.

3.1. Comparative Analysis Using Effective Kernels

A more formal comparison between the two approaches can be based on an effective
kernel analysis. Effective kernels were introduced in ([13], Chapter 2.8), as a way to
evaluate the differences between kernel smoothers. Suppose we have data (z;,Y;),
i =1,...,n, where Y; are the response values. It is assumed that

(31) }/’i:fi""aia 7;:1,...,71,

where f; = x!3 are unknown mean values and x; € R¢ are the values of the pre-
chosen underlying d basis functions evaluated at z;. Call a smoother s(z) linear in

Y if for each x

s(wo) = Z Sj(0)Yj,

j=1
where S;(z¢) depends only upon the z-values and not the responses. More generally,
let £ = (fy,...,f,)% If s(x;) is a linear smoother for f;, then

f=SY
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is a linear smoothed estimate of f, where S is the n x n smoother matriz, S = {s; ; }
for s; ; = S;(x;). The value S;(z;) = s, is often referred to as the effective kernel
at x; [13, 14]. The effective kernel measures the influence of x; on Y;. The set of
values {s; ; : 7 = 1,...,n}, which is the ith row of S, is called the effective kernel
for Y;. Plotting the effective kernel is a way to compare different smoothers [13].
This idea can be adapted to our setting as follows. First we derive the effective
kernel for the OLS estimate. Consider the orthogonal regression setting in which
X!X = nl. Let X (k) denote the kth column of the design matrix X. It follows that

f= SY, where

d
(3.2) S =X(X'X)"'X  =n"" Y xX{p-
k=1

The effective kernel for V; is n~?! ZZ:1 xi’kxfk) and the effective kernel at x; is
Sii = n_lxﬁxi.

The notion of an effective kernel needs to be slightly modified to handle adaptive
penalization. We adopt the notion of an adaptive smoother matrix that allows the
effective kernel to depend upon both z; and Y;. Define the spike and slab predictor

as £* = X3.

Theorem 3.1. Under othogonality, the spike and slab predictor for Y; in (3.1) can
be written as f* = S*Y, where

d
(33) S*=n"! Z VkX(k)XEk).
k=1

One can conceptualize S* as an adaptive linear smoother matriz. Consequently, the
effective kernel for Y; is defined as n=? 22:1 kai,kxzk), and the effective kernel at

e of — pp—1 d 2
wiis s7; =10 )k ety

Figure 4 shows the effective kernels at x; for the OLS and rescaled spike and
slab predictors, where z; is age. The plots are based on the over-parameterized
orthogonal polynomial design involving d = 25 basis functions. The large number
of predictors helps to emphasize the non-robustness of the OLS estimate. Note
especially how the OLS estimate is affected by the points near the edges of the
plots. In contrast, note the robustness of the spike and slab approach.

3.2. Effective Degrees of Freedom

The smoother matrix provides information about the nature of a predicted curve.
Ideally, however, we would like a rigorous and systematic manner in which to sum-
marize this information as a way to register (classify) a curve. One way to compare
rigorously curves is to use the notion of the effective degrees of freedom [13]. For
any smoother matrix S, the effective degrees of freedom, %y, is defined as

For the OLS smoother matrix (3.2), Z4(S) = n=! 3" | 22:1 x7, = d (the last
identity on the right is due to orthogonality). Meanwhile, for the spike and slab
smoother matrix (3.3), we have the following corollary to Theorem 3.1.
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Fic 4. Left plot: Effective kernels at x;, i = 1,...,n, for men using over-parameterized design,

d = 25 (rescaled spike and slab values depicted by thick line; OLS by dashed line). Right plot:
Effective kernels for women.

Corollary 3.1. Under the conditions of Theorem 3.1,

n d d
Dy( nIY N Vi, =) Vi <d
=1 k=1 k=1

Hence, the degrees of freedom for the spike and slab smoother is bounded by the
dimension of the underlying polynomial basis.

Observe how {V}}, the shrinkage parameters, dictate the degrees of freedom. The
larger the value, the more degrees of freedom used up, and the less shrinkage there
is. In the analysis presented earlier using a saturated design (d = 25), the effective
degrees of freedom are 4.2 and 5.8 for men and women, respectively, indicating
more overall shrinkage for men and evidence of differences in the two curves.

Effective degrees of freedom are useful for assessing overall differences between
curves. However the method is limited in its ability to register a curve, as it reduces
the overall properties of a curve to a single summary value. In the next section we
illustrate a much more effective way to register curves.

4. Local Regression

In this section we illustrate how rescaled spike and slab models can be used for local
regression, an alternative method of smoothing [15, 16]. By exploiting orthogonality,
and by drawing connections to generalized ridge regression, we show that rescaled
spike and slab predictors can be viewed as local regression smoothers with a local
smoother matrix whose effective degrees of freedom can be traced over x as a way
to characterize curvature of the underlying function. Another nice feature of using
rescaled spike and slab models, just like in global smoothing, is that we end up
being fairly robust to the choice of the dimension of the underlying basis functions.

First let’s review some background on local regression. In local regresssion, for
a given x;, rather than performing a global regression to estimate f;, one instead
fits a weighted regression model using weighted least-squares, with weights for an
observation x chosen by how close they are to x;. This results in a local estimator

f(xl) = (fi,h ey %1'7”)25
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in which the ¢th coordinate, f“, is used as an estimator for f; = E(Y;). Unlike (3.1),
however, the relationship between f; and x; can vary with 1.

As well known, a local regression predictor is nothing more than a weighted least
squares predictor. That is, for a given x;, let b; j = (bi j.1,- - ,bi j.a)" be the values
of the d basis functions chosen for x; evaluated at x;. The local regression predictor
is defined as f(z;) = B;Byy, where

n d
(4.1) ﬁW argngn{Z(Yj *Zﬂkbi,j,k)QK (xj hxl)},
1 k=1

j=

and K (-) is a positive kernel function with unknown bandwidth parameter h > 0.
Solving, it can be shown that f(z;) is the weighted least squares predictor,

(4.2) f(z;) = B;(BIW(z;)B;) " 'B!W(z;)Y

where B; is the n x d design matrix with jth row b; ;, and W (z;) = diag{W; ;} is
the n x n diagonal weight matrix, where

Wi, :K(—) i=1..on.
h
See [14] for details.

Example 4.1. A popular basis function expansion for local regression is in terms
of polynomials [17, 18]. In this case, the design matrix is

1 T, — X4 (331 —a:i)d

1 To — Tj (1‘2 —Ii)d
(4.3) B, =

1 ozp—m o (@ — )t

nx(d+1)

Note that B; has rank d + 1 because we always include an intercept term. The
rationale for using a polynomial expansion follows by considering an expansion of
of E(Y;) = f(z;) around z;. Since,

P (zj — )k
Flag) = S+ 30 B 0 4 R,

k=1

where R; is a small remainder term, the local weighted regression (4.1) is (approx-
imately) the value for # minimizing

n P

Z(f(xi) +Z(%;7!xi)kf(k)(l’i) - (ﬂo +]§:1ﬂk(mj xi)k)>2K <xj hxl) ,

j=1 k=1

If d = p, then By estimates f(x;) while 8, estimates f)(x;)/k! for k = 1,...,d.
The local regression predictor is

d
fij=Bow +Y_ Bewla; —z)f,  j=1,...,n,
k=1

which should be a good approximation to f(x;) when x; is near z;.
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4.1. Rescaled Spike and Slab Weighted Regression

The representation (4.2) presents an immediate tie-in to the spike and slab method-
ology. The rescaled posterior mean, 8, from (2.2) is a model averaged generalized
ridge regression (GRR) estimator, expressible as

B=E { (X'X 40 1) XtY’Y*} .

It is not hard to see that by appropriately introducing a weighting matrix into the
hierarchy, that one can arrive at a model averaged weighted GRR estimator, and
a smoother of the form (4.2). The advantage of this type of approach is that the
resulting smoother will be based on an estimator that uses adaptive penalization.
In this modification, similar to (4.3), we work with a polynomial basis that
depends upon ¢. However, our polynomial basis will be strictly orthogonal. Let

. Tj — Ty
= {5 x (552) 50}

For an orthogonal basis we define B; to be the design matrix for z; obtained using
a d-degree orthogonal basis using only those z; values where j € I; 5.

For each j € I;, define Y* = 6 1pl/? Y;, where n; is the cardinality of I;

K3 K3
and 67 is an estimator for o3 for the set of responses, {Y; : j € I; ,}. We use the

estimator due to [19],

nifl
1

6'22 = Z(TLZ — 1) Z (Y(j+1) - }/(j))2a

j=1

where Y(;) is the Y-value corresponding to the jth ordered z-value in I;; (the
estimator is most easily computed by sorting the x values)

Let Y} be the vector of the rescaled values Y* = 7_1 Y for j € I; . Let W;
be the subset of W (z;) corresponding to those j € ]Iz,h For a given z;, the modified
rescaled spike and slab model is

(Y;B;, Wi, 8) ~ N(B;g,n,W; ")
(Blv) ~ N(0,T)
(4.4) vy ~ w(dv).

Consider the following theorem which characterizes the spike and slab predictor
*(z;) = B; ﬂz w» where 3, w s the rescaled posterior mean from (4.4). We use this
result later to explicitly characterize the smoother matrix and its effective degrees
of freedom under orthogonality.

Theorem 4.1. Under the Bayesian hierarchy (4.4), the spike and slab local pre-
dictor can be expressed as

£ (z;) = (£71,... . 15,) = S1,Y,,

where S}, is the model averaged smoothing matriz defined by

;h =E {Bi (BIEWZ-BZ- + ni[‘_l)_l BIZ?WZ_

]

Note that the smoother matriz S}, unlike (4.2), takes advantage of adaptive pe-
nalization.
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4.2. Orthogonality

Our construction for the basis ensures that B!B,; = n;I. However, in order to fully
exploit orthogonality, we additionally require that

For (4.5) to hold we must have W; = I. The simplest way to satisfy this condition
is to use a nearest neighbour kernel. For a fixed bandwidth value h, let

K (%) = 1{|z| < h).

The nearest neighbour kernel puts a weight of 1 on all values of  within a distance
of h to zero. Using such a kernel implies that W; =T and I, ,, = {j : |z; — x| < h}.
Shrinkage, just as in the global orthogonal regression setting, is intimately related
to the degrees of freedom of the smoother matrix. Consider the following corollary
to Theorem (4.1) characterizing effective degrees of freedom under orthogonality.

Corollary 4.1. Under the orthogonality assumption (4.5), the local smoother ma-
triz for the rescaled spike and slab predictor is S} ) = n; 'B;V;BL. The effective
degrees of freedom of S7 } equals

2¢(S; ) = ny (B V;Bl) = n; 'tr(BIB;V,) ka<d

where V; = diag{V; .} and

Vig=E ’Y k=1,....,d
ok (1+’7k )

Hence, the degrees of freedom of the spike and slab local smoother is bounded by the
dimension of the local polynomial basis.

The effective degrees of freedom can be used to provide insight into the geometry
of a curve f. If the effective degrees of freedom is large, f will possess higher order
local curvature, whereas if the degrees of freedom are small, f is likely to be flat.
Plotting Z¢ (S;‘ ») is therefore a way to register a curve and to identify key differences
between curves. We illustrate this concept by way of three different examples.

4.3. Spinal BMD Data Revisited

For our first example, we applied the local rescaled spike and slab model (4.4) to
the previously analyzed BMD data. For the analysis, we used a nearest neighbour
kernel with a bandwidth set at h = 1, corresponding to one year of age. For the
basis function we used cubic orthogonal polynomials. Figure 5 plots the spike and
slab predictor for men and women (line types as in Figure 3). Also superimposed
on the figure are predicted curves using Friedman’s supersmoother (implemented
in the programming language R by the call ‘supsmu(x,y)’). The two methods agree
closely, although Friedman’s smoother appears to over-smooth the data for men.
The right-hand side of Figure 5 plots the effective degrees of freedom for men and
women. One can immediately see a phase shift in the figure, signifying distinct
modes for the two curves. Also, overall, there is significantly less shrinkage for
women with degrees of freedom being positive over a much wider region than men.
In both cases, curves eventually flatten out at around age 20.
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Fic 5. Left plot: Local kernel regression for BMD data via rescaled spike and slab models with
orthogonal polynomial cubic basis functions. Solid dark and dashed dark lines are spike and
slab predictors for men and women, respectively. Gray solid and dashed lines are Friedman’s
supersmoother for men and women. Right plot: Effective degrees of freedom of spike and slab
local smoother (solid lines are men, dashed lines are women).

4.4. Cosmic Microwave Background Radiation

As another illustration we look at data related to cosmic microwave background
(CMB) radiation [20]. Here, the value for x is the multipole moment and Y is the
estimated power spectrum of the temperature fluctuations. The outcome is sound
waves in the cosmic microwave background radiation, which is the heat left over
from the big bang.

We used the same strategy and settings as before. For the bandwidth we used
h = 25 which was estimated prior to fitting using generalized cross-validation.
Results from the analysis are depicted in Figure 6 with plots zoomed in on different
regions of x in order to help visualize the varying curvature. The bottom right plot
of Figure 6 shows the effective degrees of freedom. The plot suggests the presence
of at least 4 distinct inflection points. In particular, note that initially for x < 200
there is a steep increase in the curve signified by the effective degrees of freedom
being roughly constant at 3.0. At around x = 200 there is a significant drop in
the effective degrees of freedom, followed by an increase and a flattening out until
around x = 400. The drop at = = 200 indicates the first inflection point. At z = 400
there is another drop in the effective degrees of freedom. Similarly, there is a drop
near x = 600 and = = 800. All told, this suggests at least 4 distinct inflections, all
appearing in multiples of 200 starting at z = 200.

4.5. Mass Spectometry Protein Data

The study of proteins is critical to understanding living organisms at the molecular
level as proteins are the main components of physiological pathways of cells. Pro-
teomics, the study of proteins on a large scale, is often considered the natural step
after genomics in the study of biological systems. Greatly complicating any system-
wide analysis of proteins, however, is the dynamic nature of the proteome, which
constantly changes through its biochemical interactions with the genome and the
environment. While the challenges faced by proteomics are great, the benefits at
the same time are potentially huge. For example, by studying protein differences for
diseased individuals, one might be able to discover pathways responsible for these
differences, which in turn could lead to novel biomarkers for identifying disease.

imsart-lnms ver. 2007/09/18 file: ishwaran_papana.tex date: December 3, 2007



280 H. Ishwaran and A. Papana

c A c 4
£8 g8
E €8
(&) - O A
> >
[ J o J
- O = O
O | Lo |
s < &<
D- ] g D- ] o
e 1 ‘ ‘ ‘ ‘ Rl S —
0 100 200 300 400 0 100 300 500
Multipole Moment Multipole Moment
o
8 il 4
LE o
R e
L L
L o “C‘) —
8 3 10 |
0 200 400 600 800 0 200 400 600 800
Multipole Moment Multipole Moment

Fic 6. First 3 plots (top to bottom left to right) are rescaled spike and slab local predictors
(thick dark lines) for CMB data. Gray lines are Friedman’s smoother. Bottom right plot: Effective
degrees of freedom for rescaled spike and slab predictor. Note the presence of 4 modes suggested
by this last plot.

One promising technology for profiling protein behavior is SELDI-TOF-MS (sur-
face enhanced laser desorption/ionization time-of-flight mass spectrometry). In this
technology, homogeneous biological samples are placed on the active surface of an
array. The protein samples are washed and an energy absorbing molecule solution
is placed on the surface of the array and allowed to crystalize. The array is then
queried by a laser which ionizes the proteins in the sample. Charged gaseous pep-
tides are emitted and their intensity is detected downstream. The mass over charge
ratio (m/z) of a peptide-ion is determined from the recorded TOF (time-of-flight).
The data collected from a SELDI-TOF-MS experiment consists of the intensity
(abundance) of proteins in the sample for a given m/z ratio. One can think of the
set of these two values as constituting a spectra. Each biological sample produces
one spectra and it is of interest to study differences in spectra as a function of
phenotype. See [21] for more details and further references.

Identification of unique peaks in the spectra, a method commonly referred to
as peak identification, is a crucial part of analyzing mass spectrometry data. From
a statistical perspective, peak identification can be recast as a smoothing problem
where the goal is to identify modes in the data after appropriate smoothing. The
outcomes are the spectometry intensity measurements, whereas x is the specific m/z
ratio. To illustrate how our spike and slab method can be used for peak detection, we
analyzed a set of 8 calibration spectra available as part of the “PROcess” library [21]
in the Bioconductor R-suite. The data is unique because it is known a priori that
the same 5 proteins are present in each of the 8 samples.
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F1G 7. Mass spectometry calibration data: 8 spectra, each comprising 13,468 distinct m/z ratios
(horizontal axis constrained to a subset of observed m/z ratios to help zoom in figure). Top plot:
Solid lines are rescaled spike and slab predictors and dashed vertical lines indicate known unique
proteins. Bottom plot: Effective degrees of freedom.

The results from the analysis are plotted in Figure 7 (we note that the data was
first baseline normalized prior to analysis). The black lines in the top plot are the
rescaled spike and slab smoothed predictors for each spectra. We used orthogonal
polynomials of degree 5 (the high degrees of freedom used due to the spiky nature
of the data). The bandwidth was set at h = 50. Superimposed are 5 dashed vertical
lines indicating the 5 distinct proteins. Interestingly, we find that 3 of the 5 proteins
are clearly identified in all 8 spectra. However, the two smallest proteins m/z = 1084
and m/z = 1638 are less visible, the protein at m/z = 1084 especially so. There
is also evidence of at least 2 additional peaks at approximately m/z = 3500 and
m/z = 4500. The effective degrees of freedom plot, also given in Figure 7, confirms
these findings. The plot also indicates that overlap of spectra is sub-par suggesting
further normalization of the data is needed.
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Abstract: This article presents certain recent methodologies and some new
results for the statistical analysis of probability distributions on manifolds. An
important example considered in some detail here is the 2-D shape space of
k-ads, comprising all configurations of k planar landmarks (k > 2) -modulo
translation, scaling and rotation.
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1. Introduction

The statistical analysis of shape distributions based on random samples is important
in many areas such as morphometrics (discrimination and classification of biolog-
ical shapes), medical diagnostics (detection of change or deformation of shapes in
some organs due to some disease, for example) and machine vision (e.g., digital
recording and analysis based on planar views of 3-D objects). Among the pioneers
on foundational studies leading to such applications, we mention Kendall [20] (also
see Kendall et al. [21]) and Bookstein [9]. The geometries of the spaces are those of
differentiable manifolds often with appropriate Riemannian structures.

Our goal in this article is to establish some general principles for nonparametric
statistical analysis on such manifolds and apply those to some shape spaces, es-
pecially Kendall’s two-dimensional shape space ¥ of the so-called k-ads, i.e., the
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space of configurations of k points on the plane (not all identical), identified mod-
ulo size and under Euclidean motions of translation and rotation. Two sample tests
for the comparison of both extrinsic and intrinsic Fréchet mean shapes and mean
variations of two distributions on ¥§ are provided. As far as we know the explicit
computations of these tests are new. In the case of the intrinsic mean and variation,
the usual support criterion (see e.g., Le [24] and Bhattacharya and Patrangenaru
[6-8]) is significantly relaxed, thereby substantially enhancing the applicability of
the tests.

For recent results on statistical analysis of 3-D shapes, which we do not consider
here, we refer to Dryden et al.[11] and Bandulasiri et al.[2].

Sometimes the sample sizes in shape analysis are only moderately large. Under
such circumstances, one may more effectively use Effron’s bootstrap methods (Ef-
fron [14]), whose superiority over the classical CLT-based confidence regions and
tests may be established via higher order asymptotics (see e.g., Babu and Singh
[1], Bhattacharya and Qumsiyeh[5], Bhattacharya and Ghosh [4], Ghosh [16], Hall
[17)).

We next turn to the specific example of main interest to us, namely, ¥5. For
purposes of medical diagnostics, classification of biological species, etc., one may
use expert help to choose a suitable ordered set of k points or landmarks in the
plane, or a k-ad,

z = {(vj,y;),1 <j <k},

on a two-dimensional image of an object under consideration. One assumes that
not all k points are the same, and k > 2. Kendall’s shape space ¥& comprises the
equivalence classes of all such k-ads under translation, rotation and scaling. For
a given k-ad z, the effect of translation is removed by considering z — (z) where
(z) is the vector whose elements are all equal to the mean location of the k-ad,
namely, (1/k) Z?Zl (x,y;). The translated k-ads then lie in the (2k—2)-dimensional

hyperplane H of (R?)* ~ R?* given by

H = {(z;,yj)1<j<k : ij =0, Zyj =0},

and they comprise all of H except the origin. The effect of scale, or length, is
removed by dividing z — (z) by ||z — (z)|| where ||.|| is the usual Euclidean norm in
(R?)",

(ug, vi)1<i<nll = D (W2 + )]/,

The resulting transformed k-ad w = (z—(z))/||z — (z)|| is called the preshape of the
k-ad z. The set of preshapes is then naturally identified with the unit sphere in H,
which is basically the same as the unit sphere S in R2*=2. Finally, the shape
[z] of a k-ad z is given by the orbit of w = (u;, Uj)/lgjgk under rotation, namely,

(1.1) 2] = ( Cf)sg _Smf ) ( i ) , —r <<
S1n COS ’Uj 1<j<k

Thus 5 is a quotient space of S?*73 namely, S?*3/S' and it has dimension
2k — 4.

We will use a mathematically more convenient way of describing ¥§ as achieved
by viewing a k-ad as an element of C*, namely, z = (z; + iy;)1<j<x. Then (z) is

the complex k-vector whose elements are all equal to (1/k) 32" (z; +iy;). The

j=1
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translated k-ad then lies in the complex (k — 1)-dimensional hyperplane

k
H*' = {(aj)1<j<r €CF > a; =0}

j=1

The norm ||z — (z)|| has the same value as before. But the rotation by an angle
0 of w = (z — (z))/||z — (z)|| may now be expressed as e’w. For a system of
coordinate neighborhoods, or parametrization, of this spherical representation of
Y as a quotient space of S2¥73, see Gallot et al. ([15], pp. 32, 34).

Another parametrization of 5, compatible with the above, is obtained by view-
ing the shape of a k-ad z = (x; + iy;)1<;j<k as the orbit

{z0(z — (2z)) : 2o € C\ {0}}.

Note that 2o = Ae?? for A = |2| and some 6 € (—, 7], so that the orbit, namely, a
complex line through the origin in H*~!, is independent of both scale and rotation
and, therefore, a representation of the shape of z. Thus X% is (isomorphic to) the
space of all complex lines through the origin in C*¥=1, the complex projective space
CP*~2, a familiar and important example in differential geometry. For a system of
coordinate neighborhoods for X5 viewed as CP*~2, see Gallot et al. ([15], pp 9, 10,
64, 65).

We next consider an extrinsic distance on X5 corresponding to a special embed-
ding, namely, the Veronese- Whitney embedding ¢ of ¥4 into the space S(k,C) of
k x k complex Hermitian matrices:

(1.2) op([2]) = ww*

where w = (z — (z))/||z — (z)|| is the preshape of z. Here w is regarded as a column
vector of k complex numbers, w = (wy,ws,...,wy), and w* is the transpose of
its complex conjugate. Observe that the right side of (1.2) is constant on the orbit
{ew : —71 < 6 < 7} of the preshape w and is, therefore, a function of the shape
[2] of the k-ad. Also, this function is one-to-one on X% into S(k,C). The vector
space S(k,C), with the real scaler field i, has dimension k2. This is because a k x k
Hermitian matrix is specified by k real numbers on the diagonal and (g) complex
numbers (i.e., 2(’;) real numbers) as lower-right off-diagonal elements. On S(k, C)
define the norm ||.|| and distance d by

|A||* = TraceAA* = TraceA?,
(1.3) d*(A, B) = ||A — B||* = Trace(A — B).

Note that this is the same as the Euclidean norm and distance in ®2%”. The induced
distance pg on ¥} is then given by

Pz, [wl) = d* (¢ (l2)), ¢E([W])) = Trace(UU* —vv')?

Z|U3‘ +Z|’UJ‘2 ZZ U0 U5 + 050wy )

Jj=1 Jj=1j'=1
(1.4) =2 2u* v|2

S

where u and v are the preshapes of [z] and [w] respectively. The distance pg is
known as the full Procrustes distance (Kendall [22] , Kent [23] , Dryden and Mardia

12]).
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Let X, 1 <j <n,beii.d. k-ads such that their shapes [X;], 1 < j < n, have the
common distribution Q. Let fi denote the Euclidean mean of Q = QO¢;31 viewed as
a probability measure on S(k,C). Let M = ¢5(X%), and denote the Euclidean pro-
jection of ji on M by Pji = Py fi. The extrinsic mean of @Q is then pg = ¢~ (Pp).
It minimizes the Fréchet function (2.1) with respect to the distance pg. Similarly,
for the sample extrinsic mean, calculate PX where X = (1/n) Z?:l oe([X;]) is a
coordinate-wise average of the matrix elements W;W: and Wj is the preshape of
X; (1 <j <n). The asymptotic distribution of \/n(PX — Pfi) is given by that of
its projection on the tangent space TpﬂM at Pji, since its projection on the com-
plement of TpﬂM is negligible. For computation of this projection, one chooses a
suitable orthonormal basis of S(k,C) (considered as a single orthonormal frame for
its constant tangent spaces), and calculates the differential of the projection map
P =Py :SkC)— M in terms of these coordinates. One thus arrives at a non-
singular (2k — 4)-dimensional Normal distribution in the limit (see Sections 3.1-3.4
for details).

Turning to the intrinsic mean on a Riemannian manifold M, with geodesic
distance dg, the first problem to resolve is its existence as the unique minimizer of
the Fréchet function [ d2(p, m)Q(dm). Here a result of Karchar [19] on the existence
of a unique minimizer is greatly improved by a result of Kendall [22], which allows
the radius r of a geodesic ball B(p, r) containing the support of @ to be twice as large
as required by Karchar [19] (Proposition 4.1). On such a ball, the map ¢ = exp,,*
(the inverse of the exponential map at p), is a diffeomorphism onto its image in
the tangent space T, M at p. Using the coordinates of the vector space T, M, called
normal coordinates, one arrives at a central limit theorem for the sample intrinsic
mean fi,7 (Theorem 4.2), following Bhattacharya and Patrangenaru [8]. Note that,
with the (non-Euclidean) distance on 7, M induced by ¢ from the geodesic distance
dg, on M, the image p,, = ¢(tnr) of s is the minimizer of the Fréchet function

Folz) = / (67 2, 6 ') On(dy)

where Q,, = Qn 007!, Q, = (1/n) Z?zl dix;)- Thus p, is a M-estimator in the
Euclidean space T,M. The assumptions in Theorem 4.2 guarantee that this M-
estimator is asymptotically Gaussian around p = ¢(ur). The asymptotic distribu-
tion of the test statistic (4.5) follows from this.

The computation of the test statistic (4.5) is generally more involved than that
used for comparing extrinsic means (see, e.g., (3.17) for the case M = ¥%). This
involves, in particular, the metric tensor of M to compute geodesics and normal
coordinates. We refer to [3] for the asymptotic theory for intrinsic means, with
explicit computations of parameters especially for the planer shape space of k-
ads. However in Section 5 of the present article, we display numerical values of
the intrinsic two-sample test statistics, along with the corresponding p-values, in
two examples. It may be noted that for highly concentrated data in each of these
examples, the extrinsic and intrinsic distances are close and hence the extrinsic and
intrinsic test statistics have virtually the same values.

The minimum value attained by the Fréchet function is called the Fréchet vari-
ation of @) and it is a measure of spread of the distribution @. The sample Fréchet
variation is a consistent estimator of the Fréchet variation of Q as proved in Propo-
sition 2.4. If the Fréchet mean exists, we derive the asymptotic distribution of the
sample Fréchet variation in Theorem 2.5. This can be used to construct a nonpara-
metric test statistic to compare the spread of two populations on M. We compute
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numerical values of the test statistic, along with the p-values for M = ¥} in Sec-
tion 5. For highly concentrated data as in the examples considered in Section 5, the
Fréchet variations of the distributions are very small. Then the mean comparison is
usually sufficient to discriminate between the populations and the variations show
no significant difference.

We conclude this section with two brief remarks. First, the main objective of
inference in the two-sample problem on Y% is to discriminate between two different
distributions on it. It turns out, in most practical problems that arise, that the
means and variations (extrinsic or intrinsic) are generally adequate for this dis-
crimination. More elaborate procedures such as nonparametric density estimation
suffer from the ‘curse of dimensionality’ on this commonly high-dimensional space.
One can, however, do such density estimation on a tangent space (e.g., on T),, M,
via the inverse exponential map exp;}), as in the Euclidean case. Excepting for the
computation in normal coordinates, this presents no novelty. Secondly, in examples
with real data sets that we have studied (e.g., those in Section 5), the p-values of
the nonparametric two-sample tests for comparing means, developed in this arti-
cle, are always much smaller (often by an order of magnitude or more) than those
based on existing, mostly parametric, tests in the literature (see Dryden and Mar-
dia [12]). This seems to indicate that the tests proposed here may be more powerful
than those that have been used in the past, for many data sets that arise in prac-
tice. This perhaps also points to the inadequacy of parametric models of shapes
popularly used in the literature in capturing certain important shape features.

2. Fréchet Mean and Variation on Metric Spaces

Let (M, p) be a metric space, p being the distance on M. For a given probability
measure () on (the Borel sigma-field of) M, define the Fréchet function of Q) as

(2.1) F(p) = /M p*(p,)Q(dx), pe M.

2.1. Fréchet Mean

Definition 2.1. Suppose F'(p) < oo for some p € M. Then the set of all p for which
F(p) is the minimum value of F' on M is called the Fréchet mean set of ), denoted
by Cgq. If this set is a singleton, say {ur}, then pp is called the Fréchet mean
of Q. If X1,X5,...,X, are independent and identically distributed (i.i.d.) with
common distribution @, and @, = (1/n) Z;L=1 dx, is the corresponding empirical
distribution, then the Fréchet mean set of @, is called the sample Fréchet mean
set, denoted by Cgq, . If this set is a singleton, say {up, }, then pp, is called the
sample Fréchet mean.

The following result has been proved in Theorem 2.1, Bhattacharya and Pa-
trangenaru [7].

Proposition 2.1. Suppose every closed and bounded subset of M is compact. If the
Fréchet function F(p) of Q is finite for some p, then Cq is nonempty and compact.

The next result establishes the strong consistency of the sample Fréchet mean.
For a proof, see Theorem 2.3, Bhattacharya and Patrangenaru [7].

imsart-lnms ver. 2007/04/13 file: ims_paper3.tex date: November 28, 2007



288 A. Bhattacharya and R. Bhattacharya

Proposition 2.2. Assume (i) that every closed bounded subset of M is compact,
and (ii) F is finite on M. Then given any ¢ > 0, there exists an integer valued
random variable N = N(w, €) and a P-null set A(w,€) such that

(2.2) Co, CCoH={peM:pp Co <€}, ¥n>N

outside of A(w,€). In particular, if Cq = {ur}, then every measurable selection
wr, from Cq, is a strongly consistent estimator of pp.

Remark 2.1. It is known that a connected Riemannian manifold M which is
complete (in its geodesic distance) satisfies the topological hypothesis of Proposi-
tions 2.1 and 2.2: every closed bounded subset of M is compact (see Theorem 2.8,
Do Carmo [10], pp 146-147). We will investigate conditions for the existence of the
Fréchet mean of @) (as a unique minimizer of the Fréchet function F of Q) in the
subsequent sections.

Remark 2.2. One can show that the reverse of (2.2), that is, ‘Co C C; Vn >
N(w, €)’ does not hold in general. See, for example, Bhattacharya and Patrangenaru
([7], Remark 2.6.

Next we consider the asymptotic distribution of pr, . For Theorem 2.3, we assume
M to be a differentiable manifold of dimension d. Let p be a distance metrizing the
topology of M. For a proof of the following result, see Theorem 2.1, Bhattacharya
and Patrangenaru [8].

Theorem 2.3. Suppose the following assumptions hold:

(i) Q has support in a single coordinate patch, (U,¢), ¢ : U — R smooth. Let
Y, =¢(X;),j=1,....n.

(ii) The Fréchet mean up of Q is unique.

(iii) Vo, y — h(z,y) = p*(¢ " ta, ¢~ 1y) is twice continuously differentiable in a
neighborhood of ¢p(ur) = p.

(iv) E(Dh(Y1,1))? < oo Vr.

(v) E( sup |DsD,h(Y1,v) — DD, A(Y1,u)]) =0 ase— 0V rs.

lu—v|<e
(vi) A = E (DsD,h(Y1,p)) is nonsingular.
(vii) ¥ = Cov (Dh(Y7, 1)) is nonsingular.
Let pr, be a measurable selection from the Fréchet sample mean set, and write
tn = ¢(pr,). Then under the assumptions (1)-(vii),

(2.3) Vi — 1) = N(0,A7'(A) 1),

2.2. Fréchet Variation

Definition 2.2. The Fréchet variation V of @ is the minimum value attained
by the Fréchet function F defined by (2.1) on M. Similarly the minimum value
attained by the sample Fréchet function,

ZPQ(Xj,p)
=1

is called the sample Fréchet variation and denoted by V.

(2.4) Fa(p) =

S|

From Proposition 2.1 it follows that if the Fréchet function F'(p) is finite for some
p, then V is finite and equals F(p) for all p in the Fréchet mean set C¢. Similarly
the sample variation V,, is the value of F,, on the sample Fréchet mean set Cg, .
The following result establishes the strong consistency of V,, as an estimator of V.
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Proposition 2.4. Suppose every closed and bounded subset of M is compact, and
F is finite on M. Then V,, is a strongly consistent estimator of V.

Proof. In view of Proposition 2.2, for any € > 0, there exists N = N(w, €) such that

2.5 Vo — V| = |inf F,(p) — inf F(p)| < sup |Fu(p) — F
(2:5) | | = inf Fu(p) — inf F(p)| psel% [Fn(p) = F(p)]

for all n > N almost surely. From the proof of Theorem 2.3 in Bhattacharya and
Patrangenaru [7], it follows that for any compact set K C M,

sup|F,(p) — F(p)] — 0 a.s. as n — oc.
peEK

Since CTf? is compact, it follows from (2.5) that
[V, = V] — 0 a.s. as n — o0.
O

Remark 2.3. The sample variation is a consistent estimator of the population
variation even when the Fréchet function F' of @ does not have a unique minimizer.

Next we derive the asymptotic distribution of V;, when there is a unique popu-
lation Fréchet mean.

Theorem 2.5. Let M be a differentiable manifold. Using the notation of Theorem
2.8, under assumptions (i)-(vii) and assuming E(p*(X1,ur)) < 0o, one has

(2.6) ViV, = V) =55 N (0, var(p*(X1, ) -

Proof. Let

Fa) = [ (07 @), m)Q(am) %Z X))

Let pup, be a measurable selection from the sample mean set and p, = ¢(upy,).
Then

ViV = V) = Vn(F(pn) — F (1))

(tn) = Fu(p)) + Vn(Fn(p) — F(u)),
n d
\/E(Fn(,un) _Fn( ﬁzz D h(}/]a,u)
1

n d d
(2.8) m ZZZ(”" = 1)r (b — p)sDsDrh (Y, i)
j=1lr=1s=1

for some g in the line segment joining p and p,. By assumption (v) of Theorem 2.3
and because v/n(u, — i) is asymptotically normal, the second term on the right of
(2.8) converges to 0 in probability. Also (1/n) Z;.l:l Dh(Y;, ) — E (Dh(Y1, 1)) =0,
so that the first term on the right of (2.8) converges to 0 in probability. Hence (2.7)
becomes

Vn(V, V) = f(Fn(M) — F(n)) +op(1)
(2.9) \/— Z Xj, ur) — Ep* (X1, pr)) +op(1).
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By the CLT for the i.i.d. sequence {p*(X;, ur)}, (2.9) converges in law to
N (O, var(p? (X1, ). o

Remark 2.4. Theorem 2.5 requires the population mean to exist for the sample
variation to be asymptotically Normal. It may be shown by examples that it fails
to give the correct distribution if there is not a unique mean.

Theorem 2.5 can be used to construct a nonparametric test for testing whether
two populations have the same spread. Suppose )1 and ()2 are two probability
distributions with unique Fréchet means p1p and psp and Fréchet variations V;
and V5, respectively. We have i.i.d. samples X1, X5,..., X,, and Y71,Y5,...,Y,, from
@1 and @2, respectively. Let ug, and pp, denote the sample means, V,, and V,,
denote the sample variations. Then the null hypothesis is

HO : V1 == ‘/2 =V.
Under Hy, from (2.6),

(2.10) ViV, = V) =5 N(0,0%)

(2.11) ViV, — V) =5 N(0,02)
where o7 = var(p*(X1, pir)), 03 = var(p*(Y1, por))-

Suppose n/(m +n) — p, m/(m +n) — g, for some p,q > 0; p+ ¢ = 1. Then from
(2.10) and (2.11),

L 0’2 02
(2.12) v+ m(V, = V) == N(0, <pl+q2)),

Vn - Vm
——"" 5 N(0,1),
s? 52
Vi
2

where st = (1/n) 37 1 (p*(Xj, ur,) — Va)? and s3 = (1/m) 320 (0* (Y], ur,,) —
Vin)? are the sample estimates of 02 and o3, respectively. Hence the test statistic
used is

(2.13)

Vn - Vm
52 s2 '
Vi

For a test of size a, we reject Ho if |Tym| > Z1_(a/2) Where Z;_(4 /2y is the (1 —
(a/2))" quantile of N (0, 1).

From now on, unless otherwise stated, we assume that (M, g) is a d-dimensional
connected complete Riemannian manifold, g being the Riemannian metric tensor
on M. We shall come across different notions of means and variations depending on
the distance chosen on M. We begin with the eztrinsic distance in the next section.

3. Extrinsic Mean and Variation
Let ¢ : M — R* be an embedding of M into ®*, and let M = #(M) C RF. Define
the distance on M as: p(z,y) = ||¢(z) — ¢(y)||, where ||.|| denotes Euclidean norm

(Jlul* = Ei;l u;?, u = (u1,us, ..,ux)"). This is called the extrinsic distance on M.
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Assume that M is a closed subset of ¥, Then for every u € R* there exists a
compact set of points in M whose distance from u is the smallest among all points
in M. We will denote this set by

Pu=Pgu={x € M:|z—u| <|ly—ul| Yy € M}.

If this set is a singleton, u is said to be a nonfocal point of R* (with respect to M);
otherwise it is said to be a focal point of R*.

Definition 3.1. Let (M, p), ¢ be as above. Let @ be a probability measure on M
with finite Fréchet function. The Fréchet mean (set) of @ is called the extrinsic
mean (set) of @, and the Fréchet variation of @ is called its extrinsic variation.
If X; (j =1,...,n) are iid observations from @, and @, = %22;1 dx, is the
empirical distribution, then the Fréchet mean(set) of @, is called the extrinsic
sample mean(set) and the Fréchet variation of @, is called the extrinsic sample
variation.

Let Q and Q,, be the images of Q and @, respectively, on ¥ under ¢: Q =
Qoo t, Qn = @, o ¢~ L. The next result gives us a way to calculate the extrinsic
mean and establishes the consistency of the sample mean as an estimator of the
population mean if that exists. For a proof see Proposition 3.1 in Bhattacharya and
Patrangenaru [7].

Proposition 3.1. (a) If i = ka uQ(du) is the mean of Q, then the extrinsic mean
set of Q is gien by ¢~ (PR). (b) If i is a nonfocal point of R (relative to M ), then
the extrinsic sample mean p,g (any measurable selection from the extrinsic mean
set of Q) is a strongly consistent estimator of the extrinsic mean ug = ¢~ (Pjfi).

3.1. Asymptotic Distribution of the Sample Extrinsic Mean

We can use Theorem 2.3 to get the asymptotic distribution of the sample extrinsic
mean. However, expressions for the parameters A and Y. are not easy to get. Here
we devise another way to derive the asymptotic distribution. We assume that the
mean fi of Q is a nonfocal point, so that the projection Pjfi of fi on ¢(M) is unique,
and the extrinsic mean of Q is up = ¢~ (Pfi). Let X = (1/n) Z;.l:l X; denote the
sample mean of X'j = ¢(X;). The extrinsic sample mean set is Cg, = gzb_l(PX),

where PX is the set of projection of X on ¢(M). In a neighborhood of a nonfocal
point such as fi, P(.) is smooth. So we can write

(3-1) Vn[P(X) = P(f)] = Vn(daP)(X — i) + op(1) = (daP)(vn(X — 1)) +op(1)
where d; P is the differential (map) of P(.), which takes vectors in the tangent space
of R* at fi to tangent vectors of ¢(M) at P(ji). Hence the left side is asymptotically
normal.

For the case of regular submanifolds embedded in an Euclidean space by the
inclusion map, a similar asymptotic distribution and a two-sample test were con-
structed independently by Hendricks and Landsman [18] and, for more general
manifolds, by Patrangenaru [26] and Bhattacharya and Patrangenaru [8].

3.2. Application to the Planar Shape Space of k-ads

Consider a set of k points on the plane, e.g., k locations on a skull projected on a
plane, not all points being the same. We will assume k£ > 2 and refer to such a set as
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a k-ad (or a set of k landmarks). For convenience we will denote a k-ad by k complex
numbers (z; = z; +1iy;,1 < j < k), i.e., we will represent k-ads on a complex plane.
By the shape of ak-ad z = (21, 29, . . ., 2), we mean the equivalence class, or orbit of
z under translation, rotation and scaling. To remove translation, one may substract
(z) = ((2),(2),...,(2)) ((z) = (1/k) Z§=1 z;j) from z to get z — (z). Rotation of the
k-ad by an angle 6 and scaling (by a factor r > 0) are achieved by multiplying z—(z)
by the complex number A\ = rexpif. Hence one may represent the shape of the
k-ad as the complex line passing through z — (z), namely, {\(z— (z)): A € C\ {0}}.
Thus the space of k-ads is the set of all complex lines on the (complex (k — 1)-
dimensional) hyperplane, H*~! = {w € C* \ {0}: Zlf w; = 0}. Therefore the
shape space ¥§ of planer k-ads has the structure of the complex projective space
CP*~2: the space of all complex lines through the origin in C*~1. As in the case of
CPk=2_ it is convenient to represent the element of X% corresponding to a k-ad z
by the curve y(2) = [2] = {((z — (2))/||z — (z)]): 0 < 6 < 27} on the unit sphere
in HF=1 ~ Ck-1.

If we denote by u the quantity (z—(z))/||z— (z)||, called the preshape of the shape
of z, then another representation of ¥4 is via the Veronese-Whitney embedding ¢
into the space S(k,C) of all k x k complex Hermitian matrices. S(k, C) is viewed as
a (real) vector space with respect to the scaler field . The embedding ¢ is given
by

¢: 5 — S(k,C),
o([2]) = wu* (u = (uq,...,ux) € H* 1 |jul| = 1)
(3.2) = ((uitiy))1<ij<k-

The shape of z, [2] = {¢®u: 0 < § < 27} is the orbit of the vector u under rotation.
Note that if v, vs € [2], then ¢([v1]) = ¢([v2]) = ¢((z — (z))/||z — (z)||). Define the
extrinsic distance p on X5 by that induced from this embedding, namely,

? = ||uu* — vv*|)? uiﬂvﬁw
(33) p~([2]; [w]) = | [ ol To i

where for arbitrary k& x k complex matrices A, B,

(3.4) |A=BI[* = lajjr — bj;r||* = Trace(A — B)(A - B)*

7.3’

is just the squared euclidean distance between A and B regarded as elements of ck’
(or, R2). Since the matrices uu*, vv* in (3.2) are Hermitian, one notes that the
image ¢(X5) of ¥ is a closed subset of C** and the “conjugate-transpose” symbol
* may be dropped from (3.4) in computing distances in ¢(35).

Let @Q be a probability measure on the shape space X5, let [X1],[X5], ..., [X,]
be an i.i.d. sample from @ and let i denote the mean vector of Q= Qoo t,
regarded as a probability measure on c¥ (or, 5}?2’“2). Note that i belongs to the
convex hull of M = #(X%) and in particular, is an element of H*~!. Let T be a
(complex) orthogonal k x k matrix such that TaT* = D = Diag(A1, A2y ..., Ak),

where \; < Ay < ... < )\ are the eigenvalues of fi. Then, writing v = Tu with u
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as in (3.3),
k
luw = f* = lloo™ = DI* =D (Jus[* = A)% + Y oy

Jj=1 J#i’

k k k k k
=N ot =2 N P A oD o P =D vl
j=1 Jj=1 Jj=1 Jj'=1 Jj=1

k
(3.5) =D AP H1-2) Ay
j=1

which is minimized (on ¢(X%)) by taking v = e;, = (0,...,0,1)’, i.e., u = T*ey, a
unit eigenvector having the largest eigenvalue \g of fi. It follows that the extrinsic
mean pg, say, of @ is unique if and only if the eigenspace for the largest eigenvalue
of fi is (complex) one-dimensional, and then ug = [u], u(# 0) € the eigenspace of
the largest eigenvalue of fi.

From (3.5), the extrinsic variation of @) has the expression

V = E|[ X1 X} — pp|?
=B X X7 — Al* + | — pu”|?
(3.6) =2(1— )
Therefore, we have the following consequence of Proposition 2.4 and Proposition 3.1.
Corollary 3.2. Let p, denote an eigenvector of (1/n) 2?21 X;X;* having the
largest eigenvalue \p,. (a) If the largest eigenvalue N of [i is simple, then the
extrinsic sample mean [u,] is a strongly consistent estimator of the extrinsic mean

[1]. (b) The sample extrinsic variation, V,, = 2(1 — A\gy,) 4s a strongly consistent
estimator of the extrinsic variation, V = 2(1 — ).

The distance p on 35 in (3.3) can be expressed as
(3.7) P[], [w]) = Jluw” — oo™ | = 2(1 = |u*vf?).

This is the so-called full Procrustes distance for ¥5. See Kent [23], Dryden and
Mardia [12], and Kendall et al. [21].

3.3. Asymptotic Distribution of Mean Shape

To get the asymptotic distribution of the sample extrinsic mean shape using (3.1),
we embed M = Y% into S(k, C), the space of all k x k complex self-adjoint matrices,

via the map ¢ in (3.2). We consider S(k,C) as a linear subspace of C** (over %)
and as such a regular submanifold of C** embedded by the inclusion map, and
inheriting the metric tensor:

(A, B) = Re (Trace(AB")).

The (real) dimension of S(k,C) is k?. An orthonormal basis for S(k, C) is given by
{vf:1<a<b<k}and {w}:1<a<b<k}, defined as

1 t t
o = ﬁ(eaeb +epel), a<b
eqel a="b

a’

1
¢ t
wy = +—=/(eqep, — epey), a <b.

V2
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where {e, : 1 < a < k} is the standard canonical basis for R¥.

We also take {vf : 1 <a <b<k}and {wf:1<a<b<k} as the (constant)
orthogonal frame for S(k,C). For any U € O(k) (UU* =U*U =1), {UvpU* : 1 <
a <b<k} {UwiU*:1<a<b<k}is also an orthogonal frame for S(k,C).
Assume that the mean i of Q has its largest eigenvalue simple. To apply (3.1),
we view d; P : S(k,C) — Tp(zyd(E5). Choose U € O(k) such that U*aU = D =
Diag(A1, ..., Ak), A1 < ... < Ag—1 < Ak being the eigenvalues of fi.

Choose the basis frame {UvpU*, UwjU*} for S(k,C). Then one can show that

da P(UviU*) = 0 ifl<a<b<k a=b=k,
PR k= M) T HUU 1< a< kb= k.

0 fl<a<b<k

38) A P(UwiU*) =
(38)  dpPUwWU") {()\k—)\a)‘lUng* if1<a<kb=k

Write
V(X = i) = S5 (VX - ), U U UgU*
1<a<b<k
(3.9) + DD WX — @), Uug U U U*.
1<a<b<k

Since X1y, = il =0, \; = 0 and U = aly, |a| = 1/v/&. Thus

(VX — ), UntU*) = (Va(X — i), UwiU") = 0.

Therefore,
daP(v/n(X — i)
k—1 -
= Z(ﬁ(i{ — 1), UvU*Y (A, — Aa) " UEU™
k—1 B
(810) + I VAX = ), UngU) (O = M)~ VU
a=2

From (3.10), we see that \/ﬁ(P()i() — P(f1)) has an asymptotic Gaussian distribution
on a subspace of S(k,C) with asymptotic coordinates

T () = ((Vi(X = ), UvgU )23, (VX — ), U )52}
with respect to the basis vector {(A\y — A\o) "'UvEU*, (A, — Aa) " UwU* 21

Writing (1) for the covariance matrix of T;,(ji), and assuming that it is nonsingu-
lar,

(3.11) T() S() " T () — Xjog-
3.4. Two Sample Testing Problems on 2’2“

Let 1 and Q2 be two probability measures on the shape space ¥, and let j; and
po denote the means of Q1 0 ¢~ and Q2 0 ¢~ 1, respectively. Suppose [z1], ..., [2,]
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and [y1], ..., [ym] are i.i.d. random samples from Q; and Qs respectively. Let X, =
#([z:]), Yi = ¢([yi]) be their images onto ¢(X%) which are random samples from
Q10¢ ! and Q4 0 ¢!, respectively. Suppose we are to test if the extrinsic means
of Q1 and ) are equal, i.e.

Ho: Ppy = Ppo

We assume that both gy and pus have simple largest eigenvalues. Then under Hy,
the corresponding eigenvectors differ by a rotation.

Choose p € S(k,C) with the same projection as uy and ug. Suppose p = UAU*,
where A = Diag(\; < Ay < ... < \) are its eigenvalues and U = [Uy,Us, ..., U]
are the corresponding eigenvectors. Under Hy, Pu; = Pus = U, U}t From (3.10),

du P(X — )
_ k—1
= V2Re(U; XUk) (A — Aa) M UVEU™ + > V2Im(U; XUi) (A — Aa) Ui U
a=2 a=2
(3. 12)
k—1
_Z M= Aa) MU XURULUR + > (M — Aa) " (U XUL)UU,
a=2
duP(Y — 1)
_ k—1
=3 V2Re(U;YUr) (A — Aa) 'UvEU* + > V2Im(U; Y Up) (A, — Aa) " UwjU*
= a=2
(3. 13)
k—1 B
_Z (A — HUZYUULU; + > (A = Xa) " (U YUL)ULUS
a=2
Define

Re

U7, X;Up)  f1<i<k—21<j<n
(U7, 4 X;Us) ifk—1<i<2%—4,1<j<n
Re(Uz,,Y;Uy)  if1<i<k—2 1<j<m
S(M)ijZ{ ( s
1
n

T(/L)z'j

(U, ,YUp) ifk—1<i<2k—4,1<j<m

11—

3

(3.14)

=
=
I

> 7005 S0 = 350

J=1
Under Hy, T(p) and S(p) have mean zero, and as n,m — oo,

(3.15) VAT (1) =5 N(0,51(n)), V/mS (i) = N(0, o ()

where X1 (p) and ¥a(p) are the covariances of T'(u1) 1 and S(p) .1, respectively. Sup-
pose (n/(m+n)) — p, (m/(m+n)) — ¢, for some p,q > 0; p+ ¢ = 1. Then

VaFm(T () — S >>AN%,4<0,%21<M>+322<~>>.

Thus assuming ¥ (1), Xa(p) and hence %Zl(u) + %Eg(u) to be nonsingular,

(316)  (n+m)(T(u) — S() <;zl<m+ézzw-l@(u)—%))AXSH.
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Note that the nonsingularity assumption for ¥ (u) and Xo(u) are satisfied if, for
example, ()1 and @2 have nonzero absolutely continuous components with respect
to the volume measure on 3% (identified with the Riemannian manifold C P¥~2). We
can choose 1 to be any positive linear combination of ;11 and po. Then under Hy, i
will have the same projection on ¢(X5) as p; and po. We may take p = puy + qus.
In practice, since p1 and po are unknown, so is pu. Then we may estimate p by the
pooled sample mean i = (nX +mY)/(m +n), ¥1(x) and So(u) by their sample
estimates 3 (/1) and 3 (f1), where

’ ’ A

S1(p) = %T(H)T(M) —T(w)T(p) , Ba(p) = %S(M)S(M)l — S(m)S(n)

Then the two-sample test statistic in (3.16) can be estimated by

_ _— 1. .
(3.17) Tom = (T() = S(R)) (2 (@) +
Given level «, we reject Hy if
(318) Tnm > X22k—4(1 - OL).

The expression for T, depends on the spectrum of i through the orbit [U(f1)]
and the subspace spanned by {Us(j1),...,Ug—1(22)}. If the population mean exists,
[Ur(f1)] is a consistent estimator of [Uy ()] and by perturbation theory (see Dunford
and Schwartz [13], p. 598), the projection on Span{Us(ji),...,Ux_1(f1)} converges
to that on Span{Us(u),...,Uk—1(p)}. Thus from (3.16) and (3.17), Ty, has an
asymptotic X22k_ , distribution. Hence the test in (3.18) has asymptotic level o

To test if the populations have the same spread around their respective means,
we use the test statistic in (2.14), which is

Akm_Akn
2 2
(/54 52
n+m

where A\g, and A, are the largest eigenvalues of X and Y, respectively. Under Hy,
Tm has asymptotic Normal distribution.

(3.19) T = 2

4. Intrinsic Mean and Variation

Let (M, g) be a d-dimensional connected complete Riemannian manifold, g being
the Riemannian metric on M. Let the distance p = d, be the geodesic distance
under g. Let @ be a probability distribution on M with finite Fréchet function,

(4.1) F(p) = /M &2 (p,m)Q(dm), p € M.

Definition 4.1. The Fréchet mean (set) of Q under the distance d, is called its
intrinsic mean (set). The Fréchet variation of () under d, is called its intrinsic
variation. Let X1, Xo, ..., X,, beii.d. observations on M with common distribution
Q. The sample Fréchet mean (set) is called the sample intrinsic mean (set) and the
sample Fréchet variation is called the sample intrinsic variation.

Let us define a few technical terms related to Riemannian manifolds which we will
use extensively in the subsequent sections. For details on Riemannian Manifolds,
see DoCarmo [10], Gallot et al. [15] or Lee [25].
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1. Geodesic: These are curves v on the manifold with zero acceleration. They
are locally length minimizing curves. For example, consider great circles on
the sphere or straight lines in R

2. Ezponential map: For p € M, v € T, M, we define exp, v = (1), where 7 is
a geodesic with y(0) = p and 4(0) = v.

3. Cut locus: Let v be a unit speed geodesic starting at p, v(0) = p. Let tg be
the supremum of all ¢ for which « is length minimizing on [0,¢]. Then (o)
is called the cut point of p along . The cut locus of p, C(p), is the set of all
cut points of p along all geodesics. For example, C(p) = {—p} on S9.

4. Convez ball: A ball B is called convex if, for any p,q € B, a unique geodesic
from p to ¢ lies in B, which is also the shortest geodesic from p to ¢. For
example, any ball of radius 7/2 or less in S¢ is convex.

5. Sectional Curvature: Recall the notion of Gaussian curvature of two dimen-
sional surfaces. On a Riemannian manifold M, choose a pair of linearly inde-
pendent vectors u,v € T, M. A two dimensional submanifold of M is swept
out by the set of all geodesics starting at p and with initial velocities ly-
ing in the two-dimensional section 7 spanned be wu,v. The curvature of this
submanifold is called the sectional curvature at p of the section 7.

In all subsequent sections, we assume that M has all sectional curvatures bounded
above by some C > 0.

The next result, due to Kendall [22], gives a sufficient condition for the existence
of a unique local minimum of F' in a geodesic ball of reasonably wide radius.

Proposition 4.1. If the support of Q is contained in B(p,r) withr < 7/(2v/C) and
B(p,r) N C(p) = ¢, then the Fréchet function F of Q has a unique local minimum
in B(p,r).

Recall that (Karchar [19]; see also Theorem 2.1 in Bhattacharya and Patrange-
naru [7]) if Q(C(p)) =0 Vp € M, then every local minimum p of F satisfies

(4.2) / vQ(dv) =0
T, M
where Q is the image of Q under the map exp;1 on M\ C(u).

4.1. Asymptotic Distribution of the Sample Intrinsic Mean

One can use Theorem 2.3 to get the asymptotic distribution of the sample intrinsic
mean. For that we need to verify assumptions (i) to (vii). The next result gives
sufficient conditions for those assumptions to hold.

Theorem 4.2. Suppose the support of Q is contained in a geodesic ball B(p,r)
with center p and radius r as in Proposition 4.1. Let ¢ = exp;1 : B(p,r) —
T,M(~ RY). Define h(x,y) = d2(¢~ 'z, ¢ 'y); x,y € R Let (Drh))d, and
((DDsh))¢ ., be the matrices of first and second order derivatives of y — h(x,y).
Let X'j =o(X;)i=1,...,n), X1,...,X,, being i.i.d. observations from Q. Let =
&(p1), pr being the point of local minimum of Fin B(p,r). Let ptn, = ¢(ftn1); pins be-
ing the point of local minimum of F,, in B(p,r). Define A = E((DDsh(X1, 1)))% 1,
> = Cov((D,h(X1, 1)%_,. If A and ¥ are nonsingular, then

(4.3) Vi — 1) == N(0,AT'SATY).
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Proof. When @ is considered as a probability measure on the compact ball B(p, )
(as the underlying metric space), p, is a consistent estimator of p, by Proposi-
tion 2.2. In view of Proposition 4.1, as in the proof of Theorem 2.3 in Bhattacharya
and Patrengenaru [8], Assumptions (i)-(vii) of Theorem 2.3 are verified. O

Remark 4.1: The nonsingularity of ¥ in Theorem 4.2 is a mild condition which
holds in particular if @ has a density (component) with respect to the volume
measure. The nonsingularity of A is a more delicate matter in general, involving a
detailed analysis involving curvature and Jacobi fields. These matters are considered
in detail in Bhattacharya and Bhattacharya [3].
Remark 4.2: Under the hypothesis of Proposition 4.1 (and Theorem 4.2), the point
of local minimum gy of F in B(p,r) may not be the global minimizer of F on M.
However, if one restricts attention to the closed ball B(p, r) as the underlying metric
space of interest, this point of local minimum is the intrinsic mean (on B(p,r)). The
advantage of Theorem 4.2 over the earlier result Theorem 2.3 in Bhattacharya and
Patrengenaru [8] is that here one allows a much wider support of @, namely, the
radius r here is twice as large as that allowed in the earlier result. This is particularly
important in two-sample problems as well as in problems of classification involving
several populations. Also from a statistical point of view, the mean shape is perhaps
better represented if defined as the Fréchet mean over B(p,r) than over the whole of
M, since Q(M \ B(p,r)) = 0 and since B(p,r) is a connected Riemannian manifold
inheriting the metric of M.

Theorem 4.2 can be used to construct an asymptotic 1 — « confidence set for iy
which is given by

(4.4) {r s n(pn — )" (AT'2AT) " (= ) < XF(1 - a)}

where (3, A) are consistent sample estimates of (£, A) and X2(1 — «) is the upper
(1 — a)*™ quantile of the chi-squared distribution with d degrees of freedom.

Also we can perform a nonparametric test to test if two distributions @1 and Q5
have the same intrinsic mean uy. Let p = ¢(uy). Let Xy,..., X, and Y7,...,Y,, be
i.i.d. observations from @7 and Qs, respectively. Let @, and Q,, be the empirical
distributions and g1 and g2 be the corresponding sample mean coordinates. We
want to test Hy : 11 = por = g, say, against Hy : 1y # poy, where pyy and pog
are the true intrinsic means of 1 and @3, respectively. Then the test statistic used
is

(4.5) Ty = (n+m)(1tn1 — fim2)' S (Hn1 — pm2),
(4.6) £ = (m+n) (%;12@;1 + 1&;13&;1) ,
n m

(A1,31) and (Ag, X2) being the parameters in the asymptotic distribution of v/n(fn1
— 1) and /m(pma — p), respectively, as defined in Theorem 4.2. (A, %) and
(Ag, 335) are consistent sample estimates. In case n, m — oo such that n/(m-+n) —
0, 0 < 0 < 1, then under the hypothesis of Theorem 4.2, assuming Hy to be true,

1, _ 1 _ _
(48) vn + m(unl — ,umg) i> Nd(O, aAl 121A1 ! + mAz 122A2 1).

So Thm £, X2. We reject Hy at asymptotic level 1 — a if T, > X2(1 — @).

We conclude with the test for the equality of intrinsic variations Vi, V5 of Q1
and Q2. Under the hypothesis of Theorem 4.2, the test for Hy : Vi = V5, against
H, : Vi # Va, is provided by the asymptotically Normal statistic T}, in (2.14), as
described at the end of Section 2.
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5. Examples

In this section, we record the results of two-sample tests in two examples.

Example 1 (Schizophrenic Children). In this example from Bookstein [9], 13
landmarks are recorded on a midsagittal two-dimensional slice from a Magnetic
Resonance brain scan of each of 14 schizophrenic children and 14 normal chil-
dren. Figures 1la,b show the preshapes of the landmarks for the patient and normal
samples along with the respective sample extrinsic mean preshapes. The sample
preshapes are rotated appropriately as to minimize their Euclidean distance from
the mean preshape. Figure 2 shows the preshapes of the normal and the patient
sample extrinsic means along with the pooled sample mean.

The values of the two-sample test statistics (3.17), (4.5) for testing equality of
the mean shapes, along with the p-values are as follows.

Extrinsic: T}, = 95.5476, p-value = P(X3, > 95.5476) = 3.8 x 10711,
Intrinsic: T}, = 95.4587, p-value = P(X3, > 95.4587) = 3.97 x 107!,

The extrinsic sample variations for patient and normal samples are 0.0107 and
0.0093, respectively. The value of the two-sample test statistic (3.19) for testing
equality of extrinsic variations is 0.9461, and the p-value is 0.3441. The value
of the likelihood ratio test statistic, using the so-called offset normal shape dis-
tribution (Dryden and Mardia [12], pp. 145-146) is —2log A = 43.124, p-value
= P(X}, > 43.124) = 0.005. The corresponding values of Goodall’s F-statistic
and Bookstein’s Monte Carlo test (Dryden and Mardia [12], pp. 145-146) are
Fys 572 = 1.89, p-value = P(Fa3572 > 1.89) = 0.01. The p-value for Bookstein’s
test = 0.04.

Example 2 (Gorilla Skulls). To test the difference in the shapes of skulls of
male and female gorillas, eight landmarks are chosen on the midline plane of the
skulls of 29 male and 30 female gorillas. We use the data of O’Higgins and Dryden
reproduced in Dryden and Mardia ([12], pp. 317-318). The statistics (3.17) and
(4.5) yield the following values:

Extrinsic: T},,, = 392.6, p-value = P(X2, > 392.6) < 10716,
Intrinsic: T}, = 391.63, p-value = P(X% > 391.63) < 10716,

The extrinsic sample variations for male and female samples are 0.005 and 0.0038,
respectively. The value of the two-sample test statistic (3.19) for testing equality of
extrinsic variations is 0.923, and the p-value is 0.356. A parametric F-test (Dryden
and Mardia [12], pp. 154) yields F' = 26.47, p-value = P(Fi2 46 > 26.47) = 0.0001.
A parametric (Normal) model for Bookstein coordinates leads to the Hotelling’s T2
test (Dryden and Mardia [12], pp. 170-172) yields the p-value 0.0001.
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14 Normal children 13 landmarks, along with mean shape
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14 schizophrenic children 13 landmarks, along with their mean shape
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(b)

Fic 1. 1a and 1b show 13 landmarks for 14 normal and 14 schizophrenic patients, respectively,
along with the mean shapes, * correspond to the mean landmarks; 1c shows the sample extrinsic
means for the 2 groups along with the pooled sample mean.
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0.4

Pooled mean
* * Normal
0.3 e + Patient

0.2 * *

0.1

-0.1}
-0.2}

-0.3 o K-

Fic 2. The sample extrinsic means for the 2 groups along with the pooled sample mean, corre-
sponding to Figure 1.
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Abstract: We have developed a strategy for the analysis of newly available
binary data to improve outcome predictions based on existing data (binary
or non-binary). Our strategy involves two modeling approaches for the newly
available data, one combining binary covariate selection via LASSO with lo-
gistic regression and one based on logic trees. The results of these models are
then compared to the results of a model based on existing data with the ob-
jective of combining model results to achieve the most accurate predictions.
The combination of model predictions is aided by the use of support vector
machines to identify subspaces of the covariate space in which specific models
lead to successful predictions. We demonstrate our approach in the analysis of
single nucleotide polymorphism (SNP) data and traditional clinical risk factors
for the prediction of coronary heart disease.
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1. Introduction

In applied research contexts the statistician is often faced with newly available data
which may provide information relevant to a recently completed analysis. This sce-
nario is occurring more and more frequently in medical research as genomic data
becomes available which may provide information relevant to the determination of
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disease risk, a determination that has been traditionally based on existing clinical
data. There is a need for statistical approaches to variable selection and model-
ing which attempt to provide improved outcome predictions in such contexts by
combining information from new and existing data which may be of multiple types.

We have developed one such strategy for utilizing newly available binary data to
improve binary outcome predictions from an existing model based on both contin-
uous and binary data. There are many approaches to regression and classification
in the machine learning and statistical literature that would be appropriate for
modeling binary data, including CART [4], MARS [15], treed models [6], and logic
regression [30], to name only a few. Since our interest is specifically in single nu-
cleotide polymorphism (SNP) data, we have chosen to model binary data with
logistic regression as well as logic regression models. The logic regression models
recognize the often complex interactions that exist among SNPs and attempt to
model such interactions in analyzing the relationships between SNPs and outcome
status. Logic regression models also perform variable selection and model construc-
tion when the number of observations, n, is less than the number of covariates, p,
which is a context of particular interest to us.

Our goal is to combine all available information in generating the best outcome
predictions possible. In doing so we consider several approaches which borrow ideas
from the multimodel ensemble modeling literature [11]. One approach is to take a
weighted average of the predictions from the existing model and the binary data
model, in the spirit of Bayesian model averaging [7]. A second approach is to build
a model from all available covariates and not utilize the existing model, which was
built before the newer binary covariates were available. Our final approach is a two-
stage approach: determine subspaces of the covariate space on which the predictions
from the existing model are accurate, and utilize the predictions from a model of
the newer binary covariates on the remaining subspaces. This would yield a more
accurate set of predictions overall in situations where neither data type is globally
informative, for example, where the data have been collected from a heterogeneous
population. To avoid a subspace definition which requires knowledge of the outcome
of interest for observations to be predicted, we differentiate these various subspaces
via support vector machines (SVM) [3, 8, 39]. As a result our technique yields
‘honest’ predictions for new observations.

Initially we discuss the model classes and variable selection for binary data. We
then discuss how the predictions from such models can be used to improve the
predictions from models based on existing data via support vector machines. Our
approach is demonstrated in the context of prediction of coronary heart disease
from traditional clinical risk factors and genetic (SNP) data.

2. Model Types

We assume a continuous response variable Y and a p-dimensional vector of binary
covariates X (the ‘newly available’ data). In the case of SNP data each covariate
X;,j =1,...,p, is binary. Since the relationship between the covariates and the
response is unknown we consider two model types, logistic regression and logic
regression [30]. As logistic regression is a well known modeling technique we will
not discuss it in detail. However we will discuss variable selection prior to logistic
regression modeling when n < p in Section 2.2. Logic regression is discussed in more
detail below.
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F1G 1. A logic tree representing the Boolean expression in Equation (2.2). White text on a black
background denotes the conjugate of a variable.

2.1. Logic Regression

Logic regression [20, 30] is an adaptive regression methodology for finding Boolean
combinations of binary covariates that are associated with an outcome variable.
This methodology was developed to address situations where the interaction of
many predictors is responsible for differences in the response, which is often the
case when all predictors are binary. As described in [30] logic regression models
take the form

(2.1) g(E[Y]) = o+ Y BiLi
i=1

where L; is a Boolean expression of the covariates X;. A score function relates fitted
values to the response. This framework includes linear regression (g(E[Y]) = E[Y]
with score function RSS), logistic regression (g(E[Y]) = log(E[Y]/(1 — E[Y]) with
score function binomial deviance), as well as classification (Y = I(L = 1) where
I(-) is the indicator function and the score function is $7(Y # Y')). Logic regression
models can be conveniently represented in tree form. For example, the tree in Figure
1 represents the logic expression

(2.2)  ((X79) V ((Xis) A (X5))) A (((X55) V (XG)) V (XE3) A Xe3)))-

where X; indicates X; = 1 and X¥ indicates the conjugate (X; = 0).

Note that each L; in Equation (2.1) may be represented as a tree, and hence
logic regression allows for multiple tree models.

The space of possible logic trees is enormous, especially in situations where n < p.
To search this space efficiently without sacrificing the desire for optimality, either
a greedy search or a search via simulated annealing can be employed. These search
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techniques estimate the L; and 3; simultaneously (see Equation (2.1)) and use
simple ‘moves’ to search for ‘good’ logic models (ie., models which minimize the
scoring function). Using terminology similar to that of CART [4] these ‘moves’
include growing, pruning, splitting, and deleting. As greedy searches often lead to
models which overfit the data or are suboptimal (as when the search gets ‘stuck’ in
a local minimum) [35] we prefer the use of simulated annealing to search for logic
trees. Note that each ‘move’ mentioned above has a matching ‘countermove’ (e.g.,
growing as opposed to pruning) which is important in the Markov chain theory
which underlies simulated annealing [38].

We use randomization to both test the null model of no signal in the data and
determine the optimal model size (if the test is rejected). For testing the null model
we randomly permute the response values and find the best fitting model. If there
is no signal, the score of this model should be comparable to the score of the best
model fit to the original data. By repeating the above procedure multiple times we
can consider the number of runs with model scores better than the score of the best
model fit to the original data as a p-value for our test.

The method for finding the optimal model size is based on a series of random-
ization tests. The null hypothesis for each test is that the optimal model size is k
and larger models with better scores are due to noise. Assume the null hypothesis
and the best model of size k& has score si. The fitted values from this model fall
into two classes; we now permute the response values within each class and find the
best model of any size on the permuted data. If this model has score s}, then under
the null hypothesis s;, comes from the same distribution as sj,. This distribution
can be approximated by repeated permutations. We perform the above process for
k € {0,..., K} yielding a series of histograms of randomization scores s} for each
value of k. The optimal model size is determined by comparing these histograms,
for example, one may choose the model size for which only a small proportion of
scores s; are better than sy.

To further avoid overfitting the data set of n observations on p covariates X, j =
1,...,p, is split into a training set of size n; and a test set of size ny (n = ny +mn2).
The logic regression models are fit to the training set and the accuracy of their
predictions are evaluated on the test set. The fitting and evaluation of models can
be performed in the R package LogicReg as described in [29].

2.2. Variable Selection

Unlike logic trees, logistic regression models require that n < p. In cases where
n > p we perform a variable selection via least absolute shrinkage and selection
operator (LASSO) [36] prior to regression modeling. LASSO retains the beneficial
features of both subset selection and ridge regression by minimizing the residual
sum of squares subject to the constraint that the sum of the absolute values of the
coefficients on the covariates is less than a constant (ie, a constraint on the L; norm
of the coefficient vector). This tends to shrink some coefficients and set others to
zero, leading to models with improved interpretability and stability. LASSO can be
applied to generalized regression models such as logistic regression models; see [36]
for details.

Osborne et al. [25] developed an efficient algorithm for computing LASSO esti-
mates which is applicable in the n < p case. We use this algorithm as implemented
in the R package lasso2 [21] in an iterative fashion to perform variable selection,
removing those covariates whose coeflicients has been set to zero at each iteration.



Ensembles for Prediction 307

If the iterative LASSO technique yields p* > n variables with non-zero coefficients
we remove variables one at a time between LASSO iterations, starting with those
variables with the smallest coefficients, until p* < n. The remaining variables are
used in developing a logistic regression model of our response variable via stepwise
selection.

It is important to mention that variable selection techniques exist specifically
for SNP data. For example, Genomic Control (GC) [9, 10] is an analytic method
for SNP selection which controls the false positive rate by separating causal from
confounding factors. There are also methods for selecting which SNPs to genotype
when presented with a large number of arbitrary SNPs (see, for example, [37, 41]).
However, we deemed such methods inappropriate for our context of interest in which
we were presented with only the partial results of such methods, i.e., a modest num-
ber of SNPs not in linkage disequilibrium (LD) and without haplotype information
which had been selected based upon the application of methods similar to those
mentioned above (see Section 4 for more details on our context of interest).

3. Comparing and Combining Model Predictions

Our goal is to determine whether the information from new binary covariates
X;,j=1,...,p, can be used to improve predictions of a response ¥ from a model
built on existing covariates Z;,l = 1,...,p’. Let M7 and M, represent the logic
regression and logistic regression models fit to X;,j = 1,...,p, respectively, and let
M, represent the existing model fit to Z;,1 = 1,...,p’. Suppose we are given a data
set of size n’ consisting of covariates X and Z for which we would like to generate
predicted values of the outcome Y. Let Y; be the predictions for this data set from
My, Y, be the predictions from Ms, and Ye be the predictions from M,. Possible
strategies for generating optimal predictions include the following:

o Weighted Average of Predictions 37/ Determine whether a weighted average
of the predictions from either Y7 or Y3 and Y. yields better results than Y,

alone. A weighed average prediction Y is defined as
(3.1) V=aY,+(1-a)Y,, m=1,2
where 0 < o < 1. «v is determined by repeated training/test set evaluation.

e Predictions from Composite Model Y. We consider whether building a model
directly to {X, Z} will lead to improved predictions. The modeling procedures
described in Section 2 are repeated with Z as well as X considered as possi-
ble covariates. This leads to models M,; (logic regression) and Mo (logistic
regression) whose predictions Y;l and Y;Q can be compared to Ye

e Two-Stage Predictions Y, Assume a two-class classification problem, i.e., Y €
{—1,1}. In Stage 1 we determine for which observations the predictions Y,
are correct (n. € {1,...,n'}) or incorrect (nz = {1,...,n'}/n.). In Stage 2
for observations in n; we replace the predictions from Y, with the predictions
from either My or Ms. In other words, we create a two-stage model M for
Y;,i=1,...,n, with predictions defined as

Yo ifYu=Y;

2 Y, = ¢
(3:2) : {Ymi i Y, £ Y

where m = 1,2. This predictive scheme may be particularly useful for data
from a heterogenous population, where it is possible that the accuracy of the
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predictions from a given model may vary across different subgroups of the
population.

Unfortunately M,, and hence YS, depends on the true response Y. As an alterna-
tive we propose the use of a support vector machine (SVM) to discriminate those
subspaces of the covariate space on which the results of M, are correct from those
on which the results are incorrect, based on the training data.

3.1. Support Vector Machines

Support vector machines (SVMs) [3, 8, 39] are a group of related supervised learning
methods for classification or regression. In the case of two-class classification we
consider a set of data points {(z1,¥1),..., (Zn,yn)} where each y; € {—1,1} denotes
the class to which z; belongs. The objective of an SVM is to produce a hyperplane
which can separate the two classes using only z;,7 = 1,...,n in a way which
minimizes the empirical classification error and maximizes the geometric margin
between the classes.

More specifically, the (soft margin) support vector machine is the solution to the
following optimization problem:

mingpe  sw'w + C'Zlizl &, C>0
subject to  yi(wié(x;) +b) >1-&, & >0

Note that the vectors x;,7 = 1,...,n are mapped to a higher dimensional space
by the function ¢, and the SVM finds a linear separating hyperplane in this higher
dimensional space. This SVM has a ‘soft margin’ in the sense that is allows for
misclassified samples; if no hyperplane exists which can separate the two classes,
this method will chose the hyperplane which splits the classes as cleanly as possible
while still maximizing the geometric margin. The slack variables & measure the
degree of misclassification of the datum z;. K(z;,x;) = ¢(z;)'¢(z;) is called the
kernel function of the SVM. The kernel function typically falls into one of four
classes: linear, polynomial, radial basis function, and sigmoid. For more information
on SVMs and their implementation we refer the reader to [5, 31].

As stated previously, our use of SVMs is to discriminate those subspaces of the
covariate space on which the results of the existing model M. are correct from
those on which the results are incorrect, based on the training data. Let X be
the covariate space and consider a SVM which divides X into subspaces X, and Xz
where the model results are correct and incorrect, respectively. We now redefine the
two-stage model M (and YZZ), originally defined in Equation (3.2), independently
of Y using the results of the SVMs:

> { Ycei if X; e X,

. Yo =
(3.3) st Y,.; otherwise m =1,2

3.2. Analysis Strategy Recap

Before we move to Section 4 we briefly summarize our analysis strategy. We want a
statistical model which can accurately predict the outcome status of an observation
given a set of existing predictors (both continuous and binary) and a set of new
binary predictors. Our key modeling approach is a two-stage model. In the first stage
we build a model from the existing predictors only (a logistic regression model).
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Given the predictions from this model we design an SVM which can identify the
subspaces in which observations are correctly or incorrectly predicted. In the second
stage, in those subspaces where observations are incorrectly predicted, we use a
model based only on the new binary predictors (a logistic regression or logic tree
model) to generate accurate predictions. In this approach information from the
new binary predictors is only utilized where needed, i.e., in subspaces where the
existing predictors do not provide enough information to generate accurate outcome
predictions.

4. Example: The CATHGEN Study

We demonstrate the use of our method in the analysis of data from a cardiology
study. A substantial problem in clinical cardiology is the gap in the ability to
detect asymptomatic individuals at high risk for coronary heart disease (CHD) for
preventive and therapeutic interventions [17, 26]. Up to 75% of such individuals are
designated as low to intermediate risk by standard CHD risk assessment models;
however, a substantial number of such individuals who are actually at increased
risk may not be identified. One analysis from the Framingham Heart Study found
that for individuals that manifested a new CHD event, the initial presentation
in over 50% of the cases was myocardial infarction, silent myocardial infarction
or sudden cardiac death [1]. Over 50% of individuals with sudden cardiac death
have no prior symptoms of CHD [40]. Therefore, it is likely that the traditional risk
factors do not account fully for CHD risk [16, 22, 24, 28]. Furthermore, current CHD
risk assessment models do not provide one’s individual risk. Rather, the calculated
assessment is for a population of individuals who share the same demographics and
panel of risk factors.

A group of researchers at Duke University Medical Center (DUMC) has pursued
an avenue of study evaluating the role of genes and gene variants in the development
of atherosclerosis (the AGENDA study) [18, 19, 33]. As a result of their efforts they
have compiled a list of candidate genes with a strong statistical correlation with
vascular atherosclerosis. Through subsequent analysis for SNPs in these candidate
genes, they analyzed 13004+ SNPs for association with significant CHD (stenosis
>75% in at least one coronary artery) in a cohort of 1500 subjects who had un-
dergone cardiac catheterization (CATHGEN). These SNPs were then ranked by
their marginal association with the presence of CHD in a cardiac catheterization
population.

We conduct an analysis of a subset of the CATHGEN data to test the hypoth-
esis that genetic information in the form of SNPs will improve the ability of risk
assessment models that use only traditional risk factors to classify individuals as
having high risk for CHD. We developed prediction models for likelihood of sig-
nificant CHD based on traditional risk factors such as cholesterol, blood pressure,
diabetes and smoking, using a group of CATHGEN subjects who underwent cardiac
catheterization. A separate set of CATHGEN subject data was used in selecting
from the candidate SNP pool those SNPs with the highest marginal association
with significant CHD; 81 such SNPs were available for analysis. We then assessed
whether including genetic information improved our ability to classify individuals
as having significant CHD.

The research was performed under an approved protocol from the Institutional
Review Board of DUMC.
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TABLE 1
CATHGEN Data

Build Set Evaluation Set
Training  Validation | Training Validation

Young Cases 44 80 69 103

Male Controls 34 14 32 18
Older Cases 79 13 47 11

Young Cases 11 21 11 18

Female Controls 59 12 42 18
Older Cases 15 3 15 4

4.1. Data

Two data sets were constructed from the CATHGEN data, one for SNP selection
and model building (build set) and one for the evaluation of model predictions
(evaluation or eval set). The evaluation set consisted of white individuals (self-
reported race) with complete data for all 81 SNPs and all clinical variables (see
Section 4.2). The build set consisted of white individuals with complete data for all
81 SNPs but incomplete clinical data (clinical data was assumed to be missing at
random). Within each set individuals were separated into three cohorts: a) controls,
> 65 years of age without significant CHD, b) older cases (OC), > 65 years of age
with significant CHD, and ¢) younger cases (YC), < 50 years of age with significant
CHD. For each cohort a group of samples was selected for model validation only,
those 50 — 55 years of age with either minimal or significant CHD as defined by
coronary angiography (for validation of models of cohorts a) and ¢)) and those
56 — 65 years of age with either minimal or significant CHD as defined by coronary
angiography (for validation of models of cohorts a) and b)). Each cohort was further
split by gender. A table of the study cohorts and number of subjects is shown in
Table 1.

We used the 81 SNPs from the AGENDA study with the strongest statistical
association with the presence of significant CHD. The strength of association was
determined by 1) the p-value of SNP status in a logistic regression model of CHD,
including both age and gender as covariates, and 2) the p-value of SNP status from
a Cochran-Armitage Test for Trend [2]. We should note that the designation of the
top SNPs was performed using a large group of subjects (1500) that included the
data used for this study.

Typically with any given single base-pair difference, or single nucleotide poly-
morphism (SNP), only two out of the four possible nucleotides occur. Since each
cell contains a pair of every autosome, we can think of a SNP as a three-level vari-
able X taking the values 0, 1, or 2 (e.g., for nucleotide pairs A/A, A/G, and G/G,
respectively). Each SNP can be recoded as a binary variable using either dominant
coding (Xg = 1if X > 1 and X4 = 0 otherwise) or recessive coding (X, = 1
if X =2 and X, = 0 otherwise). With the CATHGEN data we chose dominant
coding for the SNPs, where X = 0 indicates no copy of the minor (less frequently
occurring) allele.
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4.2. Model Building

Models were constructed on either male or female subjects. Within gender, these
models compared either controls with young cases or controls with older cases. We
describe the modeling approaches used for each gender/comparison combination.
All computations were performed in R [27].

Predictive model using clinical variables(M.)

For the clinical variables we used standard CHD risk factors as denoted by as-
sessment tools such as the Framingham heart study risk algorithm [40]. We included
presence of diabetes, current smoking status, total cholesterol level, HDL cholesterol
level, systolic blood pressure and diastolic blood pressure. Clinical variables were
collected at the time of cardiac catheterization. We used these variables to train
both weighted and unweighted logistic regression models in the evaluation set, as
the build set has incomplete clinical data. The weights were chosen to balance the
importance of case and control samples. The trained model was then used to clas-
sify the validation subjects in the evaluation set as having minimal or significant
CHD.

Predictive model using genetic variables(My,Ms)

Our SNP data consisted of the 81 SNPs from the AGENDA study typed in our
CATHGEN samples, as described in Section 4.1. We constructed two models using
only the CATHGEN samples from the build set: 1) LASSO for SNP selection fol-
lowed by logistic regression (weighted and unweighted) using backwards selection,
and 2) logic regression based on all 81 SNPs. Logic models were fit for both classifi-
cation and logistic regression. These models were then used to classify the subjects
in the evaluation set as having minimal or significant CHD. LASSO and logic re-
gression were performed using the R packages lasso2 and LogicReg, respectively.

Predictive model using combined clinical and genetic variables(M.)

First, logistic regression models (weighted and unweighted) were built using ge-
netic variables, as described above. The SNPs which appear in each model and the
clinical variables were combined to train logistic regression models in the evaluation
set. These models were then used to classify the validation subjects in the evalua-
tion set as having minimal or significant CHD. A similar procedure was performed
for each logic regression model.

Two-Stage Predictive model using the clinical and genetic models(My)

First, the trained clinical model was used to classify the subjects in the evaluation
set as having minimal or significant CHD. Next an SVM was constructed which
could discriminate the subspace of correctly classified samples from the subspace
of incorrectly classified samples. For those samples in the subspace of incorrectly
classified samples, the trained genetic models were applied to reclassify the subjects
into the minimal and significant CHD groups. This resulted in a set of two-stage
predictions, as described in Section 3.1 and Equation (3.3). SVMs were based on a
radial basis function kernel and computed using the R package 1071 [12, 23].

4.3. Results

Our interest is in classifying individuals as having non-significant CHD (Y = 0) or
significant CHD (Y = 1). A fitted or predicted probability of significant CHD Y;
from a logistic regression model for a given individual was considered an ‘accurate’
classification if Y; = 1 and Y; > 0.5, or Y; =0 and Y; < 0.5, and considered ‘inaccu-
rate’ otherwise. A fitted or predicted outcome Y; from a logic regression model for
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TABLE 2
Results of Clinical Model and Logic Regression Classification Models on Evaluation Data.

“[ Training/Test Samples “ Validation Samples

Female, Controls vs Older Cases

Ye Yl Yc Ys Ye Yl YC YS
auROC 71.38 | 48.81 75.38 81.31 50.48 57.62 53.33 75.24
acc 71.93 | 50.88 66.67 82.46 50.00 68.18 54.55 81.82
fn 36.00 | 68.00 40.00 28.00 57.14 71.43 | 42.86 | 42.86
fp 21.88 34.38 28.13 9.38 46.67 13.33 46.67 6.67
Male, Controls vs Older Cases

Ye 1?1 Y(‘. yA's Ye Yl YA:: 3}3
auROC 81.97 | 51.46 | 82.97 74.18 59.52 42.86 59.94 60.00
acc 78.48 | 73.42 78.48 87.34 51.72 41.38 83.47 58.62
fn 11.48 8.20 11.48 1.64 14.29 14.29 5.66 0.00
fp 55.56 88.89 55.56 50.00 80.00 100.0 93.33 80.00
Female, Controls vs Younger Cases

Ye Yy Ye Ys Ye Yy Ye Ys
auROC 80.80 | 50.15 80.80 86.53 63.81 50.00 63.81 85.71
acc 79.25 56.60 79.25 88.68 61.11 47.22 61.11 83.33
fn 33.33 | 80.95 33.33 23.81 42.86 66.67 42.59 28.57
fp 12.50 | 18.75 12.50 3.13 33.33 33.33 33.33 0.00
Male, Controls vs Younger Cases

Y. Y1 Y. Y, Y. Y Y. Y,
auROC 84.00 | 37.01 | 86.81 73.19 60.19 58.33 59.94 88.11
acc 83.17 | 46.53 83.17 88.12 81.82 52.07 83.47 94.21
fn 4.82 48.19 4.82 3.61 8.49 50.00 5.66 3.77
fp 72.22 | 77.78 72.22 50.00 86.67 33.33 93.33 20.00

a given individual was considered ‘accurate’ if Y; = YZ and considered ‘inaccurate’
otherwise. We considered overall model accuracy as well as the rate of false positive
(P(Y; > 0.5]Y; = 0)) and false negative (P(Y; < 0.5]Y; = 1)) model results. In
an attempt to balance specificity and sensitivity we also calculated the area under
the receiver-operating characteristic (ROC) curve (auROC) for the results of each
model. The auROC is equal to the value of the Wilcoxon-Mann-Whitney statis-
tic and can be interpreted as the probability that the model will assign a higher
probability of significant CHD to a randomly selected positive sample than to a
randomly selected negative sample. The auROC calculations were performed with
the R package ROCR [34].

The results of the weighted logistic regression models and the logic regression
classification and logistic models for each gender and comparison (control vs. young
cases or control vs. older cases) on the evaluation set are presented in the Tables 4,
2, and 3. The results of the unweighted logistic regression models are not discussed
here due to their similarity to the results of the weighted models. In these Tables
Y, = clinical only model, Y or Y = SNP only model, Y, = Clinical+SNP model,
Y, = Two-Stage Predictions using SVM, acc = accuracy, fn = false negative rate,
and fp = false positive rate.

These tables show clearly that the two-stage predictions yield the best results.
In some cases the combined clinical+SNP models perform better on the training
set in comparison to the two-stage predictions, but their performance deteriorates
on the validation samples. This could be due to the fact that the clinical model and
the clinical+SNP model were trained on the training/test samples and tested on
the validation samples, while the SNP models were tested on both sets of samples
(having already been trained on the samples in the build set). This would also
explain the consistency of the SNP model results across both the training/test and
validation samples.

Interestingly the combined clinical+SNP models did not perform better than
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TABLE 3

Results of Clinical Model and Logic Regression Logistic Models on Evaluation Data.

Training/Test Samples

I

Validation Samples

Female, Controls vs Older Cases

Ye Yy Y. Y Y. Vi Ye Ve
auROC 71.38 52.50 72.50 84.63 50.48 59.05 48.57 79.53
acc 71.93 49.12 63.16 84.21 50.00 54.55 31.82 72.73
fn 36.00 20.00 44.00 12.00 57.14 28.57 42.86 14.29
fp 21.88 75.00 31.25 18.75 46.67 53.33 80.00 26.67
Male, Controls vs Older Cases

Ye Y1 Ye Y Ye Y1 Ye Ys
auROC 81.97 59.38 82.97 88.39 59.52 43.81 63.33 82.86
acc 78.48 49.36 82.28 91.14 51.72 44.83 51.72 82.76
fn 11.48 59.02 4.92 6.56 14.29 85.71 14.29 14.29
fp 55.56 22.22 61.11 16.67 80.00 26.67 80.00 20.00
Female, Controls vs Younger Cases

Ye Y1 Ye Ys Ye Y1 Y. Y.
auROC 80.80 52.60 | 81.40 80.21 63.81 50.00 64.1 80.95
acc 79.25 56.60 70.70 83.02 61.11 47.22 55.56 7778
fn 33.33 66.67 47.62 33.33 42.86 66.67 47.62 38.10
fp 12.50 28.13 15.63 6.25 33.33 33.33 40.00 0.00
Male, Controls vs Younger Cases

Ye Yl Yc Ys Ye Yl Yc Ys
auROC 84.00 47.52 | 91.43 77.78 60.19 57.83 61.32 80.97
acc 83.17 49.50 81.13 92.08 81.82 57.20 78.51 91.74
fn 4.82 49.40 4.82 0.00 8.49 44.34 12.26 4.72
fp 72.22 55.56 50.00 44.44 86.67 40.00 86.67 33.33

TABLE 4

Results of Clinical Model and Weighted Logistic Regression Models on Evaluation

Data.

MM Training/Test Samples

I

Validation Samples

Female, Controls vs Older Cases

Ye Y Ye Ys Ye Y Ye Ys
auROC 71.38 54.56 77.38 84.00 50.48 60.48 49.52 75.24
acc 71.93 56.14 70.18 85.96 50.00 72.73 50.00 81.82
fn 36.00 64.00 | 32.00 | 32.00 57.14 71.43 | 42.86 | 42.86
fp 21.88 28.13 28.13 0.00 46.67 6.67 53.33 6.67
Male, Controls vs Older Cases

Ye Ys Ye Y Ye Y Ye Ys
auROC 81.97 47.27 | 93.62 77.78 59.52 45.00 66.19 73.33
acc 78.48 65.82 88.61 89.87 51.72 51.72 48.28 72.41
fn 11.48 22.95 6.56 0.00 14.29 35.71 21.43 0.00
fp 55.56 72.22 | 27.78 44.44 80.00 60.00 80.00 53.33
Female, Controls vs Younger Cases

Ye Ya Y. Y Y. Vs Ye Ve
auROC 80.80 45.47 | 83.33 81.77 63.81 52.38 49.52 78.57
acc 79.25 56.60 75.47 84.91 61.11 38.89 50.00 75.00
fn 33.33 | 100.0 | 33.33 | 33.33 42.86 | 95.24 | 42.86 | 42.86
fp 12.50 6.25 18.75 3.13 33.33 13.33 53.33 0.00
Male, Controls vs Younger Cases

Ye Yy Ye Ys Ye Y Ye Y
auROC 84.00 51.94 95.79 82.13 60.19 62.52 66.19 91.45
acc 83.17 47.62 | 93.07 92.08 81.82 50.41 48.28 95.04
fn 4.82 54.22 2.41 2.41 8.49 52.83 21.43 3.77
fp 72.22 44.44 | 27.78 33.33 86.67 26.67 80.00 13.33
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the clinical only or SNP only models on the validation samples. In many compar-
isons the clinical and clinical+SNP models performed comparably, with the SNP
models performing quite poorly. We surmise that the population under study is
quite heterogeneous, and that no one data type provides information predictive of
CHD in all subpopulations. The clinical data is predictive for some samples while
the genetic data is predictive for others. The results of a weighted average of the

predictions from the clinical only and SNP only models ()A/, results not shown)
were not successful because both data types are not relevant for all samples; often
the data types provide conflicting information. The two-stage predictions are an
attempt to use an SVM to define subpopulations for which the clinical data or the
genetic data are predictive. Using the SVM results we can identify which data type
is predictive for a given sample, leading to more accurate predictions overall.

In Figure 2 we display the quality of the two-stage predictions on the evaluation
set (train/test subset or validation subset) for each model and each comparison.
No single model performs consistently best in all comparisons. By averaging the
performance measures (auROC or accuracy) on the validation samples across com-
parisons we find in terms of auROC the logic regression logistic models perform
1.43% better than the weighted logistic regression models, which in turn perform
2.38% better than the logic regression classification models. In terms of accuracy
the logic regression logistic models perform 0.19% better than the weighted logistic
regression models, which in turn perform 1.57% better than the logic regression
classification models. Hence we conclude that overall the logic regression logistic
models perform best, followed by the weighted logistic regression models and fi-
nally the logic regression classification models. However, the difference in average
performance between any two model types is quite small.

The only comparison in which model performances are clearly distinguished is
the male controls vs. older cases comparison. The relatively poor performance of
the two-stage predictions from the logic regression classification models is striking;
the results in Table 2 reveal that the logic regression classification model had false
positive rates of 89% for the training/test patients and 100% for the validation
patients. Unfortunately the clinical model also had a high false positive rate of
80%. Both data types (and consequently the two-stage predictions) failed to predict
those with minimal CHD. This is possibly a result of SNP selection; of the 9, 8,
and 8 SNPs selected by the weighted logistic, logic regression classification and
logistic models, respectively, only 2 appear in all three models and no other SNPs
are shared by any two models. No definitive conclusions can be drawn without an
independent data set on which to validate our results.

5. Discussion

We have presented a two-stage approach to generating combined predictions from
models built from different data sources. One model is built on existing data of
multiple types (e.g., traditional clinical risk factors), while a second set of models are
built on newly available binary predictors only (in our case genetic SNP data). This
two-stage approach uses an SVM to distinguish the covariate subspaces on which
the existing data model generates accurate or inaccurate predictions. The existing
model is used to generate predictions for samples in the ‘accurate’ subspace while a
model built on the newly available data is used to generate predictions for samples
in the ‘inaccurate’ subspace. This approach appears to perform well in generating
predictions for a heterogeneous population for which no single data type provides
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predictive information for all samples.

As discussed briefly in Section 1 there exist modeling approaches other than lo-
gistic and logic regression models which could have been employed here. We chose
logic trees because of their ability to capture higher order interactions, an issue
of great importance in regression and a key to variable selection. However, similar
models could be constructed by Bayesian model averaging with lower-dimensional
logistic regression models that allow for interactions among covariates. We also
could have employed neural networks or projection pursuit models. These alterna-
tive approaches would require careful prior variable selection in any context where
n < p, but would be worth considering in future work.

Our modeling approach is similar in spirit to ensemble methods [11], learning
algorithms which construct a set of classifiers and then generate predictions by
taking a (weighted) average or vote of their predictions. One such approach is
boosting [13, 14, 32], a method for converting a weak learning algorithm into one
with high accuracy. This is done by training classifiers on weighted versions of the
training data, giving higher weight to misclassified samples, and forming the final
classifier as a linear combination of the training classifiers. This approach does
not apply different models to different covariate subspaces, but does attempt to
improve model performance in subspaces where the model performs poorly. Our
approach is a type of ensemble method in which each classifier gets either a single,
fully weighted vote or no vote depending upon the subspace in which the sample
of interest is located. It would be of interest to compare our two-stage predictive
approach to an approach aimed at building a boosted classifier from all available
covariates. The results of such a comparison would help in determining the necessity
of building a subspace-dependent classifier.

Several different model types were used in generating predictions from the newly
available binary data, including logistic regression and logic regression models. No
single model type performed significantly better than the others, although a slight
performance advantage was observed when using the two-stage predictions from
the logic regression logistic models. Across comparisons within gender and case the
best models generated two-stage predictions with validation accuracies between
81.82% and 94.21%. It should be noted, however, that the sizes of the validation
sets for some comparisons are quite small and all comparisons were conducted
within a single population (CATHGEN). Also, our inferences are done conditional
on a fixed chosen model; the variability of the models is not considered in the
inference procedure. This is a weakness in our approach as model uncertainty can
be substantial in high dimensional data contexts. Hence we regard our results as
a ‘proof-of-concept’ for our analysis approach. We are planning an analysis of a
second, independent population and await the results of such an analysis before
making any definitive conclusions regarding the predictive power of our method.
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Abstract: We prove that the maximum of the sample importance weights
in a high-dimensional Gaussian particle filter converges to unity unless the
ensemble size grows exponentially in the system dimension. Our work is mo-
tivated by and parallels the derivations of Bengtsson, Bickel, and Li (2007);
however, we weaken their assumptions on the eigenvalues of the covariance
matrix of the prior distribution and establish rigorously their strong conjec-
ture on when weight collapse occurs. Specifically, we remove the assumption
that the nonzero eigenvalues are bounded away from zero, which, although
the dimension of the involved vectors grow to infinity, essentially permits the
effective system dimension to be bounded. Moreover, with some restrictions on
the rate of growth of the maximum eigenvalue, we relax their assumption that
the eigenvalues are bounded from above, allowing the system to be dominated
by a single mode.
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1. Introduction

Bayesian filtering methods are a commonly employed tool for combing physical
models and data. The filters treat the unknown system state as a random variable
and resolve its probability density conditional on the data (and the system dynam-
ics) through Monte Carlo sampling techniques. When applied sequentially in time,
these methods are commonly referred to as particle filters ([8], [10]). For a diverse
collection of applications and an excellent introduction to the field in general, see
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the edited volume by Doucet [6]. The particle filter method relies heavily on a likeli-
hood based reweighting mechanism of the involved sample draws. This reweighting
scheme produces the so called importance weights, and these weights are the pri-
mary focus of our work. Specifically, in a Gaussian filter context, we examine the
behavior of the importance weights as a function of the system dimension and of
sample size.

The popularity of the particle filter is no doubt due to the flexibility of the
model framework to handle both non-linear and non-gaussian structures. However,
in spite of its generality, the method is not without flaws: the particle filter is
known to require large Monte Carlo ensembles and frequent resampling to estimate
the desired densities (c.f., [9]). This drawback is particularly prevalent in higher
dimensional systems where the filter becomes unstable and quickly collapses onto
a single point mass. In recent work, for a single Bayes update step in a Gaussian
setting, Bengtsson, Bickel, and Li [3] give a derivation of the weight collapse as
a function of the system dimension and of sample size. To shed further light on
the weight collapse, this paper establishes conjectures (given in [3]) which make
their arguments fully rigorous. Just as significantly, we exhibit that collapse is a
function of the effective dimension (defined in Section 3), rather than the absolute
dimension. As in [3], our analysis is given in the context of a stylized Gaussian
example, but we conjecture (and simulations show) that our results are informative
for situations that depend on similarly defined reweighting schemes. The results
imply that to avoid collapse, the sample size must grow super-exponentially in the
effective dimension. We do not investigate refinements of particle filters methods,
such as simulated tempering [4], although our discussion in Section 2.1 suggests
that their approach is not a solution to avoid collapse in truly high-dimensional
settings.

Our work is outlined as follows. The next section describes the particle filter,
provides notation, and describes the use of the ensemble method for approximating
posterior densities. The main developments are then presented in Section 3, where
we give several results establishing the conditions under which the maximum sample
weight in a Gaussian particle filter converges to unity. All technical results are
proved in the Appendix. (We note that some material in Section 2.1 and Section 3
is given in [3], but is reproduced here for completeness.)

2. Model setting
2.1. The Particle filter

Let X; represent the unknown system state at time ¢, ¥; be a noisy data mea-
surement of X, and let Y? represent all data up to and including time ¢. Based
on the data Y! and (some) knowledge of the time-evolution of the system state
from X;_; to Xy, we seek the posterior distribution p(X;|Y?"). We assume we have
available a random sample {th ;} of size n from the prior distribution p(X,[Y*™1).

Associated with the prior sample is a set of weights {wf }. We assume further that
the likelihood density p(Y:|X;) is computable for arbitrary X;.

The particle filter seeks to recursively in time estimate the probability distri-
bution of the unknown state X;. At each time ¢, the probability distribution is
represented by the sample ensemble {th i wlf }, and the distribution can be prop-

agated forward one time-step by evolving each Xt]i , using the system dynamics.
Once new data Y; is available, Bayes theorem is used to adjust the weights based
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on how ‘close’ the associated sample points are to the data. The following schematic
describes the particle filter:
-1 Bayes + G() ¢ Bayes t4+1

p(X Y)Y, — p(Xe]Y") — p(Xea|Y), Yepr — p(Xea[YT)
Here, at time ¢ (on the left), Bayes theorem combines p(X;|Y*~!) and Y; to produce
p(X¢|Y?"). The system dynamics, in the above represented by G(-) (middle), is used
to propagate p(X;|Y?) one time step and this yields p(X;,1|Y?). Bayes theorem is
then again employed to find the posterior p(X;11|Y*T!) (right).

In a particle filter, the above schematic is straightforwardly implemented (at least
conceptually) using a random sample. We note first that the change-of-variables
problem represented by the propagation of p(X;|Y?) can be solved by evaluating
G(-) at each sample point. We will not discuss the implementation of the forecast
step here; instead, our focus is on the Bayes update step. As mentioned, the par-
ticle filter implements the Bayes step by reweighting the prior sample according
to the likelihood. We note in passing that the particle filter may be derived as a
(sequential) importance sampler (e.g., [2]) where the proposal distribution is given
by the prior and the target distribution is given by the posterior. In the schematic
below, which describes a bootstrap-likelihood filter, the prior sample is ‘converted’
to a posterior sample by resampling (with replacement) each member Xt]f ;, with

probability proportional to wzf X p(Yt|th,i)7 ie.,

prior ensemble posterior ensemble
/ N —_—
f f resample w "
X/, XL h Y — {X LX)

Although the particle filter has been successfully applied to a variety settings, it
often produces highly varying importance weights. Remedies to stabilize the filter
include resampling (renormalizing) the involved empirical measure at regular time
intervals [8, 9] and marginalizing or restricting the sample space by conditioning on
a larger information set [10, 11]. Another approach is given by simulated tempering
[4], which makes use of the regularized likelihood p(Y}|XtJii)a, where 0 < a < 1.
However, as can be seen from our derivations, e.g. Proposition 3.1, a fixed a does not
alter the conclusion of collapse. Moreover, for each time point, to obtain samples
from the target density, simulated tempering generates a sequence of ensembles
from kernels K;(-), (i = 1,...,I) such that K;(-) approaches the desired kernel
K (-) associated with the posterior density. Unfortunately, for truly high dimensional
systems, we conjecture that the number of intermediate sampling steps I would be
prohibitively large and render it practically unfeasible. Thus, such remedies do not
fundamentally address performance when the filter is applied to very large scale
systems. For example, as noted by ([1], [13]), when applied in high dimensions,
the filter collapses to a point mass after a few (or even one!) observation cycles.
In particular, as will be shown in Section 3, it is the normalized quantity w; =
p(Yt|thl)/Zj p(Y}\th’j) that behaves singularly.

The next section sets up the necessary notation and formalizes our problem.

2.2. Monte Carlo Scheme

We formalize our problem as follows. Consider a set of n sample points X =
{X1,...,X,}, where X; € R and both the sample size n and system dimension d
are ‘large’. (To lighten notation, we have dropped the time subscript and the fore-
cast superscript.) We assume that the sample X is drawn randomly from the prior
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(or proposal) distribution p(X). New data Y is related to the state X by the condi-
tional density p(Y'|X). For concreteness, a functional relationship Y = f(X) + ¢ is
assumed, and ¢ is taken to be independent of the state X. The goal is to estimate
posterior expectations using the importance ratio, i.e., for some function h(:), we
want to estimate

p(Y|X)p(X)
X)|Y) = /h fp YIX)p X)dXdX,
and use
mwmmzzpq%ﬁﬁﬁ%w

as an estimator. Based on this formulation, the weights attached to each ensemble
member

1) wy = P
> j=1 p(Y]X;)
are the primary objects of our study. As mentioned, in large scale analyzes, the
weights in (1) are highly variable and often produce estimates E (+) which are col-
lapsed onto a point mass with max(w;) ~ 1. As illuminated in [3], this degeneracy
is pervasive for high-dimensional systems, and appears to hold for a variety of prior
and likelihood distributions.

We next consider the case when both the prior and the likelihood distributions
are Gaussian.

3. Gaussian Case

We assume a data model given by Y = HX + ¢, where Y is a d x 1 vector, H is a
known d x g matrix, and X is a ¢ x 1 vector. Both the proposal distribution and
the error distribution are Gaussian with p(X) = N(ux,Xx) and p(e) = N(0, %,),
and the noise ¢ is taken independent of the state X. Since the data model can be
pre-rotated by Yo 1 % we set X, = I, without loss of generality (wlog). Moreover,
since EY = FEHX, we can replace X; by (X; — EX;) and Y by (Y — EY) and
leave p(Y|X) unchanged. Hence, wlog we also set ux = 0. Further, define, for
conformable A and B, the inner product (A, B) = AT B (where the superscript
denotes matrix transpose) and let ||A[]? = (A, A).

With p(Y|X) ~ N(HX, I), the weights in (1) can be expressed as

exp (— || — HX;|?/2)

® S S e (Y~ HX P2

To establish weight collapse for high-dimensional Gaussian p(Y'|X) and p(X), we
first write the exponent in (2) in terms of the singular values of cov(HX).

Let d’ = rank(H). With A?,..., 2%, the singular values of cov(HX), define the
d' x d" matrix D = diag(A1, ..., Aa’). Then, with @ an orthogonal matrix obtained
by the singular value decomposition of cov(HX), define the d’ x 1 vector V such
that

QTHX =DV.
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Note that V; corresponding to X; is N (0, Iy ). Since @ is orthogonal, we can write

& d
(3) IV — HX;|> = |QTY —DVi|? = > XNWZ+ > €,

j=1 j=d'+1
where, conditional on Y, [Wi,...,W;z|T is N(& In), and where €g; is the j:th
component of the observation noise vector . The mean vector & = [u1,. .., ua|" is
given by
(4) (=D'QTY =V + D¢,
where V and €’ are independent N (0, I ).

Now, for i = 1,...,n, define
d 22 2

(5) g i AT (WS — (1 +p3))

d’ 1/2°
(22051 A1 +202))

Note that the second term in (3) is constant for every X;, and will not influence
the weight w;.
By (2), we can express the maximum weight as

1

6 - -
( ) W(n) 1+ Tn,d”

_ ’ — . d’
where T, = Y ) o€ car V& (S0 =5m) with 0 =2 =1 )\?(1 + Q,u?). Thus, to
prove weight collapse, we need to show convergence of the denominator in (6) to

unity. We now state the following.

Proposition 3.1. Let S;,i =1,...,n, be independent random variables with cumu-
lative distribution function (cdf) Gq4(-) satisfying the conditions specified in Lemma
3.4 and Lemma 3.5 stated in the Appendiz. Let Sy < --- < S,y be the ordered

sequence of S, ..., Sy, and define, for some o >0, Tp,qa = > )y e~oVaAlSw—Sw),
Then, as, n,d — 00, 1 % — 0, we have
o2d
E(T, 1.
2logn (Tn.a) =

A proof of the result is provided in the Appendix. For the Gaussian case consid-
ered here, an immediate implication of Proposition 3.1 is weight collapse. Specifi-
cally, with two additional assumptions, we may assert the following.

Proposition 3.2. We assume, for the Gaussian case considered here,

Al: There is a positive constant 6 such that % > A, 0, Ag > 65 and
A2 72 =257 (38X +20%) — 0 > 0.

. / P
Then, if % — 0, we have w,) — 1.

Proposition 3.2 follows by Lemma 3.6 (Appendix) and Proposition 3.1.

The above result implies that, unless n grows super-exponentially in d’, we have
weight collapse. We note that Proposition 3.2 is a sharpening of the convergence
rate as compared to that implied by Section 3.1 of [3]. The logd’ term appears only
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because max |p;| = Op(y/logd’), and we need to make our analysis conditional on
the {s;}.

The results in Proposition 3.2 suggest that large d’ leads to collapse. However,
we argue now that what really matters is the effective dimension of X, defined as
the sum of the singular values of cov(HX). We shall assume that

B: A1 >X>---> Ay >--- are part of an infinite sequence.

Our arguments can be modified to the case where {\; : 1 < j < d’} is a double
array, but we eschew this complication.
There are two possibilities,

i) Z)\?<oo7 or (ii) Z)\fz
j=1 j=1

We claim that if (i) holds, there is no weight collapse. That is, if, say, g : R — R is
bounded and continuous,

(7) D> wig(X]) = Bg(X[Y).

In the above, X} is drawn from the empirical measure > 7_; w;6(X;), where 4(-)
represents the delta function, and where, as before, the w; represents the likelihood-
defined weights.

To verify the convergence in (7), note that

w; = Uz/inv
j=1

where
1<
(8) U = ¢! exp{_5 Z (N(Z2 = 1)+ 2X\3 5 Z45] )
j=1
In (8), the Z;;’s are i.i.d. N(0,1) and

d’ XjH3
Cqr = E[exp{—% Z [A?(ZE] - 1) +2/\§M]ZU] H = H]d/:l [(1 +A?)71/26>\?/262(1+)\2) ] .
j=1

Now, since (i) implies that H?,:l(l + )\2-)_1/26)‘3/2 converges and
> )\4 2 )\4E ,u]

E[ZHA?]_Z 1+ ZA

Jj=1 Jj=1

we have E(U;) =1 and ¢g — ¢ (with ¢ a constant).
Arguing as in Proposition 4.1 in [3], we can show that

Var|- ZUzg ] < E[U2 2(X1)] — 0,

since a straightforward computation shows that E(U?) < M < oo for all d’. Thus,
under (i), the importance weights have the correct expectation and vanishing vari-
ance.

On the other hand, if (ii) holds, we can state the following proposition.
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Proposition 3.3. Under B, if 3372, A3 = 0o and (lognlogd') /73 — 0, we have

Td'

v2logn

We note that our conditions imply that

E(Tnﬁd/) — 1.

2 2
max) <j<ar A (1 + yp;)
T2

so that asymptotic normality holds. The proof requires Lemma 3.4 and Lemma 3.6.
The form reveals that it is possible to have much slower collapse than what
Proposition 3.2 suggests. For instance, if A3 = 1/7, B holds but 77, = log d’(1+0(1)).
In fact, the requirement that the A; form an infinite sequence as above can be
weakened to requiring simply that the )\; be bounded above uniformly, and this
can be verified using a subsequence argument.
In conclusion, on the basis of Proposition 3.3, provided that the nonzero A;’s are

commensurate, it seems reasonable to define E?/:l )\? as the effective dimension.
We note that the form of the effective dimension also plays a crucial role in the work
of [7], who study Monte Carlo sample size requirements in the ensemble Kalman
filter framework.

Appendix

We first introduce two lemmas that pertain to Edgeworth expansion type uniform
normal approximations of the distribution (the cdf and the density respectively)
of independent sums of random variables. The two lemmas lay the groundwork for
the proof of Proposition 3.1. Valid for moderately large deviations, the first result
(Lemma 3.4) is a special case of Theorem 2.5 in [12], and is stated here without
proof.

Lemma 3.4. Let &y,...,&q be independent random variables with E§; = 0 and
07 =Var(£2) < oo. Set

Sd:Bid(fl‘F""i‘fd)v

where B% = Z?Zl 0]2-, and define the Lyapunov quotients

1 d
Lk,d: ﬁZE‘ﬁﬂk, k:1,2,....
d j=1

We also suppose |E(Z]k)\ < k:!’yffza?, k > 3, where vy1,...,7q4 are constant terms.

With these conditions, as d — oo, there exist analytic functions Py(x) = Y pes Ag,az”

with [Agq| < Ackd—*3* for some A,c and all d, such that the cdf of Sy, denoted
Gq(+), satisfies,

1= Ga(z) = (1 = ®(z))exp(Pa(x))(1 + o(1)),
Ga(—z) = ®(—z) exp(Py(—x))(1 + o(1))
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uniformly for all x > 0 and x = o(Ba/Kga), where Kq = maxi<j<q{v;,0;}. Fur-
thermore, Py satisfies

9) |Pu()| < cx®/By
for some constant ¢ > 0. We use ¢ generically as a constant independent of d.

Lemma 3.4 gives a normal approximation for the cdf of independent sums, and
serves as the basis for the normality conditions of Proposition 3.1. Next we give a
lemma for a normal approximation of the density of independent sums, which can
be directly derived from Proposition 2 and Theorem 3 of [5].

Lemma 3.5. With the same notation and conditions as in Lemma 3.4, we assume
&j.a has density gj.a such that sup, {|gja(z)| : 1 < j < d} < M < oo. Then, as
d — oo, the density of Sq, ga(-) = Gq(-), satisfies

ga(z) = ¢(x)exp(Py(x))(1 + o(1))

ga(=x) = ¢(=x)exp(Pa(=x))(1 + o(1))
uniformly for all x > 0 and © = o(Bq/Kq), where K4 = maxi<;j<a{v;j,0;}

We note in passing that the condition of uniform boundedness of the g; 4 does not
hold for Z;, the Gaussian-Gaussian case. However, the sum of A3 27 + \3Z3, where
A1, A2 > 0 and Z;, Z5 are independent Gaussian, does indeed satisfy the condition.
This may be verified by a direct calculation of the density of the convolution.

The next Lemma is given for the purpose of verifying the Lyapunov quotients
conditions appearing in Lemma 3.4 and Lemma 3.5.

Lemma 3.6. Let Z;,V;,¢j,5 =1,...,d, be 4id N(0,1). Let Ay > Ay > --- where
o0 A2 =o0. Then, given uj =V; + ;—JJ, for all j, we have

j=1"J
(10)
A2+ 1y = () Pl) < LB (2,4 )2 = (14 ) )
for k> 3.

Thus, given the mean vector § = [p1, ft2, - -+ , pta] defined in (4), Lemma 3.6 states

that the Lyapuanov conditions required by Lemma 3.4 hold, with probability tend-
ing to 1. We note that our argument also implies Lemma 3.4.

Proof of Lemma 3.6. Since (Z; + p1;)* — (1+ p3) = (27 — 1) 4 2u;Z;, it is enough
to bound
NPE((ZF = 1) 42021 | 5) < 28 (A\FFEIZ7 — 11 + 28 (| |N)) B Z5").
By standard properties of the Gaussian moments, for some positive constant C,
E|Z? —1|F < C*k!, and E|Z;|* < C*k!.
Since E(Z7 — 1+ 2u;7;)* = 2 + 4u7 we see that (10) follows from the bound
Nl < X2 max{[XpueF2 1 < €< d} = (0p(vIog )",
since the /\?,uj are independent N (0, )\5 + )\?) so that
max{|Ape| : 1< €< dy < (A + )P max{|Ve| : 1 < £ < d}

where the V4 are i.i.d. N(0,1). The lemma follows. O
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The remainder of the Appendix is devoted to the proof of the main result given
in Proposition 3.1.

Proof of Proposition 3.1. Let S; (j =1,...,n) be as defined in the Proposition and
let S(1y be the minimum. Note that

(n—1) fgi) exp (— 7a(z — S(1y))dGa(z)
Ga(Sq)) ’

since, given S(1), the remaining (n — 1) observations are i.i.d. with cdf equal to
Gd(z)/Gd(S(l)), z > S(l).

Let €4 be a sequence of constants such that e — 0 and e474/v/2logn — oo as
n,d — oo. We first define, for z < 474,

(12) hn.a(x) = /OO exp (— 7q(z — x))dGa(z).

(11) E(Tn,4lSq)) =

To evaluate h,, q(x), we break the integral into two parts: the first part yields the in-

tegral from x to x+¢474, and the second part yields the tail integral from x+¢£474 to

0. By using the normal approximations of Lemma 3.4 and 3.5, under the assump-

tion that (logn)/77 — 0, one can show that the second part is o(v/2logn/ny).
To deal with the first part, we shall show that as x — —oo and x > —e47y,

T+eqTd 1
(13) / exp (— 7a(z — 2))dGa(z) = T—dqﬁ(:c) exp (Pa(z))(1+ o(1))
To this end, applying Lemma 3.5 with ¢ = 3, we obtain,

T+EGTY 1 9 9
Ry(x) = / exp [ —7a(z — x) — i(z — %) + Py(z) — Py(z)]|dz(1 + o(1))

An,d 1
= / exp[devfi((quv)?fo)
0

+ i Ara((z +0)" = 2")]dv(1+ (1))
k=3

,w2

1 |zleqTa 4
= - SN D V.
|x|/o exp [~ (“1+ v = g

%) k
D Ak Y (DO ol P | dw (1 + o(1))
k=3 =1

1 |z|eqTa > .
0 = L e b 30w o),
j=3
where
0’\/& * T S - -
bl _ W _ bl =-1+ ﬁ B Z(_l)k 1Ck,1)‘k,d|x|k 27
k=3
1 . 1 s k-2 k—4
b = g b= g 2 (D Ok Aalel T, and
k=3
o . .
b = D (~)FICK Al
k=j
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Note |Ak,a] < AC]ST;(ki and C} ; < ¢ for some constants A, ¢y, ¢ where Wi =
Vi +€;/A;. Hereafter, we use c as a generlc positive constant that does not depend
on z and d. Under the assumptions that  — —oo, |x| < g474 (hence |z|/7q — 0),

and |z]|A, g — oo, we have, firstly,
b < ZAkc’gf““ a2

= Acé[ (colal /7a) /(1 = (colal/7a)) + (colel/r)/ (1 = (colal/7a))?]
(15 = o(1),

secondly,
(16) by <) elelal/ra)"? = |2| 2 (cll /ra) /(1 = clz|/7a) = ol|2|7?),
k=3
and thirdly,
2j—1 00
b < (D D )Aleco)ry TPl
k=5  k=2j
2j—1
= ZA (cco) (|| /ma)* x| T =2 4 Z Alcco) (|| fra)F =2 7272
k=j k=2j

2|72 (cla|ra) "™ 4 ey

2l 72 (cl|ra) U2

INIA

(17)

Since w/(|x|mq) < eq — 0, we can further derive

dobw’ < 2Aw/z)(ew/(elra)) 7 = 2w/ 2] ew/(jelra) / [L - cw/(|z|7a)]
j=3

= of|z|7)w?.

Combining (14), (15), (16), and (18) yields

|z‘An d w2
(18) Ru(a / exp [ — (=14 )1+ o(1))w — (222 )(1 + o(1))] dw
~al |z| 2|x|? ]
The o(1)’s appearing in the last expression are uniform as w varies over the integral
interval. Now, the bounded convergence theorem ensures Rq(x) = (1/74)(14 0o(1)),
which establishes (13). Taking into account the remainder term, we conclude that

(19) i () = Tidqs(x) exp (Pa()) (1 + o(1)) + O(VT).
Our target (74/v/2logn)E(T,. 4) can now be written as

(20)
Td Td(n — 1) hn,d(S(1))

E(Ty.q) = 2)G 2 (2)dGy().

v2logn Vv2logn [ Gd(S(l)) ] B \/2logn/ fin.a(@

We decompose the preceding integral into three parts

(21)

Td

v2logn
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where I, 4, I, 4, and II1I, 4 represent the integral of (11) over the intervals [—oo, —e474],
(—ea7q, —(logn)'/*), and [—(logn)'/4, 00), respectively. The preceding discussion,
combined with the approximation g4(z) = zG4(x)(1 4 o(1)) as © — —oo and

|z| = o(74), implies that the dominating part is the quantity represented by I, 4.

We have,

oy = M2 [ @2 dGae) 1 + o)
n,d = \/W . Tlrglx d X d\T o

nGaq(—(logn)'/*)

ool
2logn nGa(—eata)

1 nGa(—(logn)'/*)
V2logn /ncd(—am)
= /OO we” “dw(1 4 o(1))
(22) = 10—|- o(1).

To arrive at (22) we have used the approximation G;*(z) = v/—2log z(1+o0(1)) for
z — 0 in light of Lemma 3.4 and Mill’s ratio.
For the remaining two parts, we use Mill’s ratio and obtain

G (w/n)w(l —w/n)"dw(l + o(1))

v/ —2log(w/n)we™"dw(1 + o(1))

wlogwe™"dw(1 + o(1))

1 o0
a v2logn /0

-
Ing+ 11,4 < ﬁ(n —1)[P(Sqy < —eama) + P(S1y = —(logn)*/*)]
Td N )
- \/Qlogn(” - 1)[1 - Gl(—eara) + G (- (log”)l/4)]
Td =
< W(n -1) [nGd(—Ede) + GZ( - (10gn)1/4)]
(23) — 0.
Finally, combining (21), (22), and (23), yields the desired result. O
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