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Originally a talk delivered at a conference on Bayesian
statistics, this article attempts to answer the following ques-
tion: why is most scientific data analysis carried out in a
non-Bayesian framework? The argument consists mainly of
some practical examples of data analysis, in which the Bayes-
ian approach is difficult but Fisherian/frequentist solutions
are relatively easy. There is a brief discussion of objectivity
in statistical analyses and of the difficulties of achieving
objectivity within a Bayesian framework. The article ends
with a list of practical advantages of Fisherian/frequentist
methods, which so far seem to have outweighed the philo-
sophical superiority of Bayesianism.
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1. INTRODUCTION

The title is a reasonable question to ask on at least two
counts. First of all, everyone used to be a Bayesian. Laplace
wholeheartedly endorsed Bayes’s formulation of the infer-
ence problem, and most 19th-century scientists followed
suit. This included Gauss, whose statistical work is usually
presented in frequentist terms.

A second and more important point is the cogency of the
Bayesian argument. Modern statisticians, following the lead
of Savage and de Finetti, have advanced powerful theoret-
ical reasons for preferring Bayesian inference. A byproduct
of this work is a disturbing catalogue of inconsistencies in
the frequentist point of view.

Nevertheless, everyone is not a Bayesian. The current
era is the first century in which statistics has been widely
used for scientific reporting, and in fact, 20th-century sta-
tistics is mainly non-Bayesian. [Lindley (1975) predicts a
change for the 21st!] What has happened?

2. TWO POWERFUL COMPETITORS

The first and most obvious fact is the arrival on the scene
of two powerful competitors: Fisherian theory and what Jack
Kiefer called the Neyman—Pearson—Wald (NPW) school of
decision theory, whose constituents are also known as the
frequentists. Fisher’s theory was invented, and to a re-
markable degree completed, by Fisher in the period between
1920 and 1935. NPW began with the famous lemma of
1933, asymptoting in the 1950s, though there have contin-
ued to be significant advances such as Stein estimation,
empirical Bayes, and robustness theory.

Working together in rather uneasy alliance, Fisher and
NPW dominate current theory and practice, with Fisherian
ideas particularly prevalent in applied statistics. I am going
to try to explain why.
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3. FISHERIAN STATISTICS

In its inferential aspects Fisherian statistics lies closer to
Bayes than to NPW in one crucial way: the assumption that
there is a correct inference in any given situation. For ex-
ample, if x;, x5, . . . , x50 is arandom sample from a Cauchy
distribution with unknown center 6,

1
w1l + (x; = 0

fo(x) =

then in the absence of prior knowledge about 6 the correct
95% central confidence interval for 6 is, to a good approx-

imation,
b+ 1.96/‘/—}';,,

where 8 is the maximum likelihood estimator (MLE) and
Iy is the second derivative of the log-likelihood function

evaluated at 6 = 6. The (mathematically) equally good ap
proximation

6 = 1.96/\/10

(10 being the expected Fisher information), is not correct
(Efron and Hinkley 1978).

Fisher’s theory is a theory of archetypes. For any given
problem the correct inference is divined by reduction to an
archetypal form for which the correct inference is obvious.
The first and simplest archetype is that of making inferences
about 6 from one observation x in the normal model

x ~ N6, 1). (1)

Fisher was incredibly clever at producing such reductions:
sufficiency, ancillarity, permutation distributions, and
asymptotic optimality theory are among his inventions, all
intended to reduce complicated problems to something like
(1). (It is worth noting that Fisher’s work superseded an
earlier archetypical inference system, Karl Pearson’s method
of moments and families of frequency curves.)

Why is so much of applied statistics carried out in a
Fisherian mode? One big reason is the automatic nature of
Fisher’s theory. Maximum likelihood estimation is the orig-
inal jackknife, in Tukey’s sense of a widely applicable and
dependable tool. Faced with a new situation, the working
statistician can apply maximum likelihood in an automatic
fashion, with little chance (in experienced hands) of going
far wrong and considerable chance of providing a nearly
optimal inference. In short, he does not have to think a lot
about the specific situation in order to get on toward its
solution.

Bayesian theory requires a great deal of thought about
the given situation to apply sensibly. This is seen clearly in
the efforts of Novick (1973), Kadane, Dickey, Winkler,
Smith, and Peters (1980), and many others to at least par-
tially automate Bayesian inference. All of this thinking is
admirable in principle, but not necessarily in day-to-day
practice. The same objection applies to some aspects of
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Figure 1. Four Basic Statistical Operations and How They Re-
late to Estimation. Source: Efron (1982b, fig. 2).

NPW theory, for instance, minimax estimation procedures,
and with the same result: they are not used very much.

Not all of statistics is inference. The little diagram of all
of statistics in Figure 1 (reprinted from Efron 1982b) starts
at the bottom with “enumeration,” the collecting and listing
of individual datum. The diagram proceeds upward to the
reduction of the raw data to more understandable form through
the adversarial processes of summary and comparison. This
is the part of the analysis where, usually, the statistician
decides on a reasonable probabilistic model for the situation.
At the top of the diagram is inference. This is the step that
takes us from the data actually seen to data that might be
expected in the future.

Bayesian theory concentrates on inference, which is the
most glamorous part of the statistical world, but not nec-
essarily the most important part. Fisher paid a lot of attention
to the earlier steps of the data analysis. Randomization for
instance, and experimental design in general, is a statement
about how data should be collected, or “enumerated,” for
best use later in the analysis. Maximum likelihood is a
provably efficient way to summarize data, no matter what
particular estimation problems are going to be involved in
the final inference (Efron 1982b). The NPW school has also
contributed to the theory of enumeration, notably in the
areas of survey sampling and efficient experimental design.

Fisher’s theory culminated in fiducial inference, which
to me and most current observers looks like a form of ob-
jective (as opposed to subjective) Bayesianism. I will dis-
cuss the problems and promise of objective Bayesianism
later, but it is interesting to notice that fiducial inference is
alone among Fisher’s major efforts in its failure to enter
common statistical application. In its place, the NPW theory
of confidence intervals dominates practice, despite some
serious logical problems in its foundations.

4. THE NPW SCHOOL

Unlike Bayes and Fisher, the NPW school does not insist
that there is a correct solution for a given inferential situ-
ation. Instead, a part of the situation deemed most relevant
to the investigator is split off, stated in narrow mathematical
fashion, and it is hoped, solved. For example, the correct
Bayesian or Fisherian inference for 6 in situation (1) leads
directly to the correct inference for y = 1/(1 + ), but this
is not necessarily the case in the NPW formulation. (What
is the uniform minimum variance unbiased estimate of y?)

The NPW piecewise approach to statistical inference has
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been justly criticized by Bayesians as self-contradictory,
inconsistent, and incoherent. The work of Savage, de Fi-
netti, and their successors shows that no logically consistent
inference maker can behave in such a non-Bayesian way.
The reply of the NPW school is that there is no reason to
believe that statistical inference should be logically consis-
tent in the sense of the Bayesians, and that there are good
practical reasons for approaching specific inference prob-
lems on an individual basis.

As an example consider the following problem: we ob-
serve a random sample x,, x,, . . . , X;5 from a continuous
distribution F on the real line and desire an interval estimate
for 6, the median of F. The experiment producing the x; is
a new one, so very little is known about F.

A genuine Bayesian solution seems difficult here, since
it requires a prior distribution on the space of all distributions
on the real line. Frequentist theory produces a simple so-
lution in terms of a confidence interval based on the order
statistics of the sample,

0 € [xa3), xa2]

with probability .963, no matter what F may be. The fact
that this solution, unlike a Bayesian one, does not also solve
the corresponding problem for say ¢ = 50% trimmed mean
of F does not dismay the frequentist, particularly if a sat-
isfactory Bayesian solution is not available.

The Bayesian accusation of incoherency of the frequentist
cuts both ways: in order to be coherent Bayesians have to
solve all problems at once, an often impossible mental ex-
ercise.

As another example consider “rejecting at the .05 level.”
The inconsistencies of this practice are well documented in
the Bayesian literature (see Lindley 1982). On the other
hand it is one of the most widely used statistical ideas. Its
popularity is founded on a crucial practical observation: it
is often easier to compare quantities than to assign them
absolute values. In this case the comparison is between the
amount of evidence against the null hypothesis provided by
different possible outcomes of the data. For testing Hy: x ~
N(Q, 1) versus H;: x ~ N(2, 1), we know that a larger
observed x provides greater evidential value against H, and
in favor of H,, even if we cannot absolutely quantify “ev-
idence.”

A Bayes solution to this problem, “the aposteriori odds
ratio is 7 to 1 in favor of H,,” is more satisfactory than
“the data are significant at the .05 level,” but it also requires
more input. In fact, it tacitly implies that we have assigned
an absolute measure of evidence to every possible outcome.
Absolute here means that the meaning of 7 to 1 is the same
no matter what experiment it came from. [Good’s (1965)
Bayes—non-Bayes compromise suggests using Bayesian ideas
in a comparative mode, but this is the only example I know.]

The heart attack decision tree (Fig. 2) illustrates another
difficult situation for the honest Bayesian. The tree purports
to predict coronary patients with high risk of dying (pop-
ulation 2) on the basis of variables observed at hospital
admission. A series of dichotomous observations are made,
for example, high or low kinase level, which result in a
final prediction. The nodes marked “2” on the tree predict
death. Of the 389 patients classified by the tree, only 1 out



