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2 Introduction

the problem under study. Beyond this minimal requirement asymptotic theory serves to

provide approximate answers when exact ones are unavailable. Any achieved amount of
information is of course finite, and sometimes quite small, so these approximations need
to be checked against exact answers when possible, to be verified by simulation, and to
stand the test of practical experience.

The form of the limiting distribution of a statistic is very often obtained from the
first term in an asymptotic expansion, higher order terms decreasing to zero as the
sample size or amount of information becomes infinite. By considering further terms
in the expansion, we may hope to derive approximations that are more accurate for
cases of fixed sample size or information. An example of this is the analysis of the
distribution of the average of a sample of independent, identically distributed random
variables with finite mean and variance. Under some conditions, an asymptotic expansion
of the moment generating function of the average, suitably standardized, has as leading
term the moment generating function of a standard normal random variable. Incorporating
higher order terms in the expansion directly leads to the Edgeworth approximation, and
indirectly to the saddlepoint approximation; both of these underlie the theory used in
this book. Asymptotic expansions are not convergent series, so including further terms in
an expansion does not guarantee a more accurate approximation. In the absence of any
uniform error bounds on the omitted terms, detailed examination of examples is needed.
Among several asymptotically equivalent approximations, one will sometimes emerge as
preferable, perhaps on the basis of detailed numerical work, or perhaps from more general
arguments.

One intriguing feature of the theory of higher order likelihood asymptotics is that
relatively simple and familiar quantities play a central role. This is most transparent in
the tail area approximations for a single scalar parameter, where a combination of the
likelihood ratio statistic and the score or Wald statistic leads to remarkably more accurate
results than those available from first order theory, but is also the case in more complex
models. In a very general way, the likelihood function emerges as an approximately
pivotal quantity, that is, a function of the data and the parameter of interest that has
a known distribution. In this sense the approximations can be viewed as generalizing
Fisheres (1934) result for location models.

In nearly all applications of statistical inference the models used are provisional, in
the sense that they are not derived from a precise and widely-accepted scientific theory,
although the most useful models will be broadly consistent with theoretical predictions.
Both the usual first order likelihood inferences and the type of higher order approximations
we shall discuss depend for their validity on the assumed correctness of the model.
The point is often made, quite reasonably, that the gains from improved approximations
are potentially outweighed by sensitivity to the modelling assumptions. This will have
more or less force in particular examples, depending on the model and the application.
For example, linear regression has proved to be a useful starting point in innumerable
situations, without any notion of a linear model being the struee underlying mechanism,
so it is worthwhile to ensure the accuracy of the inferential procedure, insofar as this is
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Introduction 3

possible. Furthermore, the availability of easily computed higher order approximations can
enable an investigation of the stability of the conclusions to a variety of models. However
if it is likely that data may contain one or more extreme outliers, then understanding the
origin and influence of these will usually be of more practical importance than highly
accurate calculation of confidence limits in a model that ignores outliers.

Most of the higher order approximations we discuss in the examples are for P-values;
that is, the probability of observing a result as or more extreme than that observed, under
an assumed value for the parameter of interest. The P-value function provides confidence
limits at any desired level of confidence. In problems with discrete data the issue of
continuity correction arises, and this will be discussed as needed, particularly in Chapter

In Chapter 2 we give a very brief introduction to the main approximations used in the
examples. We review first order results, and describe the construction of first and higher
order approximations to P-values and posterior probabilities.

The heart of the book is a collection of examples, or case studies, illustrating the use of
higher order asymptotics. We have tried to choose examples that are simple enough to be
described briefly, but complex enough to be suggestive for applied work more generally.
In Chapter 3 we present some elementary one-parameter models, chosen to illustrate the
potential accuracy of the procedures in cases where one can perform the calculations
easily, and some one- and two-sample problems. Chapter 4 illustrates regression with
categorical responses; in particular logistic regression, several versionsXfables, and
Poisson regression. Chapter 5 illustrates linear and non-normal linear regression, nonlinear
regression with normal errors, and nonlinear regression with non-constant variance. In
Chapters 3, 4 and 5 we try to emphasize the data as much as possible, and let the models
and analysis follow, but the data sets are generally chosen to illustrate particular methods.
Chapter 6 treats in depth analysis of data that arose in collaboration with colleagues.
In these examples the emphasis is on model building and inference; while higher order
approximations are used they are not the main focus of the discussion. Chapter 7 takes a
different approach: in order to illustrate the wide range of examples that can be treated
with higher order asymptotics, we discuss a humber of model classes, and use the data
simply to illustrate the calculations.

A more detailed discussion of the theoretical aspects of higher order approximation is
given in Chapter 8. This topic has a large literature, and some of it is rather formidable.
Issues that must be faced almost immediately are the role of conditioning in inference,
and definitions of sufficiency and ancillarity in the presence of nuisance parameters. It
is also necessary to consider the likelihood function as a function of both the parameter
and the data, a viewpoint that is usually unfamiliar to those outside the area. Our goal
is to make this literature somewhat more accessible for use in applications of reasonable
sophistication, both to assess to what extent this is useful, and to provide some guidance
for those seeking to apply these methods in related problems. For the derivations of the
results, we direct the reader to a number of books and review papers in the bibliographic
notes.
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4 Introduction

In Chapterd we provide some details of our numerical work, which is based ofthe
package bundlaoa originally developed fo§-PLUS and described by Brazzale (2000).
There are a number of general points relevant to any implementation, and some slightly
more specialized issues in this approach. For some examples, we needed additional code,
and we have provided this on the bookes web page (see Preface) where we thought it may
be useful.

Chapter 10 contains a variety of problems and further results based on the material, and
an appendix sketches the asymptotic methods that form the basis for the development of
higher order asymptotic inference.

Bibliographic notes

We have been strongly motivated in this effort by the bégiplied Statisticby Cox and

Snell (1981), whose introductory chapters provide an excellent introduction to the role of
statistical models and theory in applied work. See also the introductory chapter of Cox
and Wermuth (1996), and Davison (2003, Chapter 12). The role of asymptotics in the
theory of statistics is surveyed by Reid (2003) and Skovgaard (2001).

We give more thorough notes related to the literature on higher order asymptotics at the
end of Chapter 8, but the main book-length treatments of likelihood-based asymptotics are
the monographs by Barndorff-Nielsen and Cox (1989, 1994), Pace and Salvan (1997) and
Severini (2000a). An overview is given in Brazzale (2000). Haa package bundle is
described in Brazzale (2005) and the computing strategy for higher order approximations
is discussed in Brazzale (1999) and Bellio and Brazzale (2003).
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Uncertainty and approximation

2.1 Introduction

In the examples in later chapters we use parametric models almost exclusively. These
models are used to incorporate a key element of statistical thinking: the explicit
recognition of uncertainty. In frequentist settings imprecise knowledge about the value
of a single parameter is typically expressed through a collection of confidence intervals,
or equivalently by computation of the P-values associated with a set of hypotheses. If
prior information is available then Bayese theorem can be employed to perform posterior
inference.

In almost every realistic setting, uncertainty is gauged using approximations, the most
common of which rely on the application of the central limit theorem to quantities
derived from the likelihood function. Not only does likelihood provide a powerful and
very general framework for inference, but the resulting statements have many desirable
properties.

In this chapter we provide a brief overview of the main approximations for likeli-
hood inference. We present both first order and higher order approximations; first order
approximations are derived from limiting distributions, and higher order approximations
are derived from further analysis of the limiting process. A minimal amount of theory
is given to structure the discussion of the examples in Chaptecs7; more detailed
discussion of asymptotic theory is given in Chapter 8.

2.2 Scalar parameter

In the simplest situation, observations. . . , y, are treated as a realization of independent
identically distributed random variabldg, . .., Y, whose probability density function

f(y; 0) depends on an unknown scalar paramétetet £(0) = > log f(y;; #) denote

the log likelihood based on the observatiofithe maximum likelihood estimator, and

j(0) = —d2£(6)/96? the observed information function. Below we adopt the convention
that additive constants that do not depend on the parameter may be neglected when log
likelihoods are defined, and we suppress them without further comment.
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6 Uncertainty and approximation

Likelihood inference for is typically based on the

o~ o~ 1/2
likelihood root, () = sign(6 — 6) [2 {z(e) - e(@)” : 2.1)
score statistic, s(0) = j(0) *23¢(0)/0;  or (2.2)
Wald statistic, #(6) = j()~2(6 — 6). (2.3)

These quantities are functions of the data and the parameter, so strictly speaking should
not be calledstatisticsunlessd is fixed at a particular value. Note the role of the observed
Fisher informationlj(ﬁ), in calibrating the distance d from the true valued, and the
distance of the score functiai3(0) = 9£(6)/6 from its expectation of zero.

Under suitable conditions on the parametric model and in the limitasco, each of these
statistics has, undeky; 6), an asymptotic standard normai0, 1), distribution. A closely
related quantity, the likelihood ratio statistic

w(B) = r(9)? =2 {e(@) —E(H)} : (2.4)

has an asymptotic chi-squared distribution with one degree of freegbrBometimes the
log likelihood is multimodal, so it is useful to graph it or equivalentid). In most cases,
however,£(0) has a single prominent mode aroufidand thenr(6), s(6) and#(0) are
decreasing functions éfin the region of that mode. Various alternative forms(@) and:(6)
may be defined by replacin}@) by j(6), i(ﬁ) ori(0), wherei(6) = E{j(6)} is the expected
information; in fact the name sWald statistice useddr8] is a slight misnomer as the version
standardized witli(6)/2 is more correctly associated with Abraham Wald. Under suitable
conditions similar distributional results apply far beyond independent identically distributed
observations, and for vector parameters ... in partieltrhas an asymptotig? distribution
when@ is of fixed dimensioni. For now, however, we continue to suppose thiatscalar.

An important variant of the likelihood root is thmodified likelihood root

. 1 q(0)
#(0)=0)+ - toa ] 12}, @5)
which is based on so-calledigher order asymptotic¢hat are described in Chapter 8.
The modified likelihood root combines the likelihood root with the score statistic, if
q(6) = s(0), with the Wald statistic, if;(6) = #(0), or with variants of these which depend
on the context. We shall see below that normal approximation to the distributior®f
can provide almost exact inferences thrwhen these are available.

Any of (2.1)...(2.5) or their variants may be used to set confidence intervals or compute
a P-value forf. Suppose, for instance, that it is desired to use the Wald statistic (2.3) to
test the null hypothesis thétequals some specifief} against the alternative> 6,. As a
large positive value of(6,) relative to theN(0, 1) distribution will give evidence against
the null hypothesis, the corresponding P-value is ®{z(6,)}, where ® denotes the
standard normal distribution function. Likewise a confidence interval may be constructed
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2.2 Scalar parameter 7

using those values @f most consistent with this distribution; for example, the limits of
an equi-tailed1— 2«) interval (6, 6*) for 6, are given by

O{1(0,)) =1-a. D[1(6Y) = a,

or equivalently
t(ea) =Z21—a> t(eﬂ) = Za>
wherez, is thea quantile of the standard normal distribution. The resulting interval,

(B 0°) = (0— 210 j(0) Y2, 6 —2,j(6) Y2,

is highly convenient and widely used because it can be computed for any desisiag
only 6 andj(@)*l/z. Often in practice a 95% confidence interval is sought; #aen0.025,
z, = —1.96, and the interval has limits of the familiar forenk: 1.96j(’0\)*1/2.

Similar computations yield intervals based ei#), s() and r*(6), though typically
numerical solution is required. Suppose, for example, thAt-a2«) confidence interval
is to be based or(6). Then one possibility is to compute the values ) for a grid of
values off, to fit a spline or other interpolating curve to the resulting p&it$6), 6), and
to read off those values @f corresponding te*(6) = z,,, z;_,- We often plot such curves
or the corresponding probabilitieb{r*(0)}, and call the plotgrofiles An alternative to
d{r*(6)} which has the same asymptotic properties islthgannani...Rice formula

1
r(6)  q(6)
where¢ denotes the standard normal density function.

When the likelihood is unimodal, confidence intervals based(éh and onw(6) are
the same, and equal to

D{r(0)} + ¢ {r(0)}, (2.6)
|~ ]

{0:w(0) <c11 04} (2.7)
Here and below we use, ;_,, to denote thg1— 2a) quantile of they? distribution. If
£(0) is multimodal then?.7) may be a union of disjoint intervals. If the random variable
Y is continuous then the chi-squared approximation to the distributiar{@fis improved
if a Bartlett adjustments used:w(6) is replaced in (2.7) byw(60)/(1+ b/n), where the
Bartlett correctiond is computed from Ew(6)}.

A quantity which depends both on the data and on the parameter, and whose distribution
is known, is called pivot, or pivotal quantity The previous paragraphs describe the use of
the quantities(0), s(6), #(0), r*(0) andw(6), regarded as functions of the data andof
asapproximatepivots; their asymptotic distributions are used to set confidence intervals
or compute P-values for inference @n For brevity we will refer tor(6), s(6) and so
forth as pivots even when their exact distributions are unknown. We call the functions of
0 obtained by computing the P-value for a range of value sifjnificance functionsan
example isd{r(6)}. As we now illustrate, the usefulness of these significance functions
will depend on the accuracy of the underlying distributional approximations.
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8 Uncertainty and approximation

Ilustration: Exponential data

Suppose that a samplg, . . ., y, is available from the exponential density
f(y; 0) = 0exp(—6y), y>0,6>0,
and that a 95% confidence interval is required floiT he log likelihood is
£(6) =n(logh—0y), 6>0,

wherey = (y,+---+y,)/n is the sample average. Het&) is unimodal with maximum
at® = 1/y and observed information functigitf) = n/62, and

r(0) = sign(1—05)[2n {65 —log(6y) — 1}]"2,
s(0) = n*?{1/(05) -1},
1(6) = n¥2(1— 7).

In this exponential family model it is appropriate to tak@) = #(0) in the construction
of r*(0). The Bartlett correction is readily obtained on noting théiw&)} = 2n{logn —
W(n)}, whereW(n) = dlogl(n)/dn is the digamma function.

The quality of the approximations outlined above may be assessed using the exact pivot
0% Y;, whose distribution is gamma with unit scale and shape parameter

Consider an exponential sample with= 1 andy = 1; thenj(@) =1. The log likelihood
£(6), shown in the left-hand panel of Figugel, is unimodal but strikingly asymmetric,
suggesting that confidence intervals based on an approximating normal distributidn for
will be poor. The right-hand panel is a chi-squared probability plot in which the ordered
values of simulatedu(6) are graphed against quantiles of th¢ distribution ... if the
simulations lay along the diagonal line= y, then this distribution would be a perfect
fit. The simulations do follow a straight line rather closely, but with slgpe- 5/n),
whereb = 0.1544. This indicates that the distribution of the Bartlett-adjusted likelihood
ratio statisticw(6)/(1+ b/n) would be essentially?. The 95% confidence intervals for
0 based on the unadjusted and adjusted likelihood ratio statistic®&%8 4.403) and
(0.042 4.782) respectively.

The left-hand panel of Figure 2.2 shows the pivet8), s(6), #(0), and r*(6). The
limits of an equi-tailed 95% confidence interval férbased onr-(#) are given by the
intersections of the horizontal lines-&t.96 with the curve(9), yielding (0.058 4.403);
this equals the interval given hy(6), as of course it should. The 95% interval based on
the exact pivot) )y, is (0.025, 3.689), while the interval based ot{0) is

0+1.96j(0) Y2 =1+1.96= (—0.96, 2.96),
which is a very unsatisfactory statement of uncertainty for a positive quantity. The

95% confidence interval based () is (0.024, 3.705), very close to the exact one.
This illustrates one important advantage @) and r*(6); intervals based on these

© Cambridge University Press www.cambridge.org



http://www.cambridge.org/0521847036
http://www.cambridge.org
http://www.cambridge.org

Cambridge University Press

978-0-521-84703-2 - Applied Asymptotics Case Studies in Small-Sample Statistics
A. R. Brazzale, A. C. Davison and N. Reid

Excerpt

More information
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Figure 2.1 Likelihood inference for exponential sample of size 1. Left: log likelihood £(6).
Intersection of the function with the two horizontal lines gives two 95% confidence intervals for
0: the upper line is based on th¢ approximation to the distribution afi(6), and the lower line

is based on the Bartlett-adjusted statistic. Right: comparison of simulated values of likelihood ratio
statisticw(6) with x2 quantiles. They? approximation is shown by the line of unit slope, while the
(1+ b/n)x? approximation is shown by the upper straight line.
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Figure 2.2 Approximate pivots and P-values based on an exponential sample nf=sizel eft:
likelihood rootr(6) (solid), score pivots(6) (dots), Wald pivotr(6) (dashes), modified likelihood
root r*(6) (heavy), and exact pivaty_ y; indistinguishable from the modified likelihood root. The
horizontal lines are at,0£1.96. Right: corresponding significance functions, with horizontal lines
at 0.025 and 0.975.

must lie within the parameter space. A further advantage is the invariance of these
intervals to parameter transformation: for example, the likelihood roofféryields the

95% confidence intervall/4.403 1/0.057), which is obtained simply by applying the
reciprocal transformation to the likelihood root interval fbrThe interval based or(6)
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10 Uncertainty and approximation

is not similarly transformation-invariant, while that based on the score stai{#fichas
upper limit at infinity, and is also unsatisfactory.

The right-hand panel of Figur@.2 shows the significance functionB{r(6)} and
d{1(0)} corresponding to the likelihood root and Wald pivot, with the exact significance
function based on the gamma distribution &5 y,. Also shown is®{r*(6)}, which
coincides with the exact significance function to plotting accuracy.

The remarkable behaviour ef(6) in this example underlines a major advantage of
higher order approximations over more conventional ones. Approximations to distribution
functions based on the central limit theorem typically have an error of erdét, so in
some cases the approximation is very poor ... as showif)boiy Figure 2.2. By contrast
the approximation involving*(#) has relative error of ordet=%2 in the centre of the
distribution and of order! in the tails, although in the absence of detailed information
on the constants in these terms it is difficult to completely explain its remarkable accuracy.

This exponential example is one in which exact inference is possible. In most realistic
cases approximation based on asymptotic arguments is required, however, and then the
quality of the inference will depend on the accuracy of the approximation. As we have
seen above, the same ingredients can be combined in different ways to give markedly
different results ... in particular, inference based*¢6) appeared to recover the exact
results almost perfectly. The applications in later chapters of this book are intended to
illustrate when and how such higher order approximations are useful. In the rest of this
chapter we sketch a few key notions needed to apply them. A more detailed treatment is
given in Chapter 8.

2.3 Several parameters

Almost all realistic models have several unknown parameters. We will assume that the
parameter is al x 1 vector which may be expressed @s= (i, A), where the focus
of scientific enquiry is thanterest parameter). The vector ofnuisance parameters,
though essential for realistic modelling, is of secondary importance. In many gases
scalar or individual components of a vectbimay be treated one at a time. Occasionally
it is more convenient to considef as a constraint on the full vect® rather than a
specific component; this extension is discussed in Section 8.5.3.

A quite general likelihood-based approach to eliminating the nuisance parainister
to replace it by theconstrained maximum likelihood estiméi; obtained by maximizing
£(, A) with respect tor for fixed ¢, and then summarizing knowledge ab@uthrough
the profile log likelihood

L) = Maxe(y, X) = LY. ).
The observed information function for the profile log likelihood

AR
T

Jo() =
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