Rejoinder

Author(s): Robert E. Kass

Source: Statistical Science, Vol. 26, No. 1 (February 2011), pp. 19-20
Published by: Institute of Mathematical Statistics

Stable URL: http://www.jstor.org/stable/23059149

Accessed: 12-06-2015 17:01 UTC

Y our use of the JSTOR archive indicates your acceptance of the Terms & Conditions of Use, available at http://www.jstor.org/page/
info/about/policies/terms.jsp

JSTOR is anot-for-profit service that helps scholars, researchers, and students discover, use, and build upon awide range of content

in atrusted digital archive. We use information technology and tools to increase productivity and facilitate new forms of scholarship.
For more information about JSTOR, please contact support@jstor.org.

Institute of Mathematical Statistics is collaborating with JSTOR to digitize, preserve and extend accessto Statistical Science.

http://www jstor.org

This content downloaded from 128.173.127.127 on Fri, 12 Jun 2015 17:01:22 UTC
All use subject to JSTOR Terms and Conditions



http://www.jstor.org
http://www.jstor.org/action/showPublisher?publisherCode=ims
http://www.jstor.org/stable/23059149
http://www.jstor.org/page/info/about/policies/terms.jsp
http://www.jstor.org/page/info/about/policies/terms.jsp
http://www.jstor.org/page/info/about/policies/terms.jsp

Statistical Science

2011, Vol. 26, No. 1, 19-20

DOI: 10.1214/11-STS337RE}

Main article DOI: 10.1214/10-STS337

© Institute of Mathematical Statistics, 2011

Rejoinder

Robert E. Kass

In writing my essay I presumed I was voicing, with
a few novel nuances, a nearly universal attitude among
contemporary statistical practitioners—at least among
those who had wrestled with the incompatibility of
Bayesian and frequentist logic. Then David Madigan
collected commentaries from several thoughtful and
accomplished statisticians. Not only do I know An-
drew Gelman, Steve Goodman, Hal Stern and Rob Mc-
Culloch, and respect them deeply, but I would have
been inclined to imagine I had been speaking for them
successfully. Their remarks shook me from my com-
placency. While they generally agreed with much of
what I had to say, there were several points that would
clearly benefit from additional clarification and discus-
sion, including the role of subjectivity in Bayesian in-
ference, the approximate alignment of our theoretical
and real worlds, and the utility of p-values. Here I will
ignore these specific disagreements and comment fur-
ther only on the highest-level issues.

We care about our philosophy of statistics, first and
foremost, because statistical inference sheds light on
an important part of human existence, inductive rea-
soning, and we want to understand it. Philosophical
perspectives are also supposed to guide behavior, in re-
search and in teaching. My polemics focused on teach-
ing, highlighting my discomfort with the use of Fig-
ure 3 as the “big picture” of statistical inference. My
sense had been that as a principal description of sta-
tistical thinking, Figure 3 was widely considered both-
ersome, but no one had complained publicly. McCul-
loch agreed zealously. Gelman and Stern, however, dis-
sented; both find much continuing use for the notion
that statistics is largely about reasoning from samples
to populations. As a matter of classroom effectiveness,
I am sure that many instructors can do a great job of
conveying essential ideas of statistics using Figure 3.
My main point, though, was that introductory courses
benefit from emphasizing the abstraction of statistical
models—their hypothetical, contingent nature—along
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with the great utility of this kind of abstraction. As
we remarked in Brown and Kass (2009), when Box
(1979) said, “All models are wrong, but some are use-
ful,” he was expressing a quintessentially statistical at-
titude. Figure 1 seeks to make Box’s sentiment central
to statistical pedagogy, and I tried to indicate the way
the main idea may be illustrated repeatedly throughout
an elementary course.

Recognizing Box’s apparent influence here, Good-
man then asked whether I was simply restating Box’s
philosophy, and he further prodded me to show how
my own statement of statistical pragmatism could be
consequential.

In his 1976 Fisher Lecture, cited by Goodman, Box
railed against what he called “mathematicity,” mean-
ing theory developed in isolation from practice, and
he stressed the iterative nature of model building. The
fundamental role of model criticism based on Fishe-
rian logic was emphasized not only by Box but also,
in several roughly contemporaneous discussions, by
Dempster and by Rubin, and these presumably influ-
enced Gelman and Stern, who, together with their col-
league Xiao-Li Meng, developed and studied Bayesian
model checking procedures. Importantly, model criti-
cism plays a prominent role in Gelman et al. (2004).
The aim of my discussion, however, was somewhat
different than what I take Box to have intended. I un-
derstand Box to have said that estimation should be
Bayesian but criticism frequentist, or inspired by fre-
quentist logic. Statistical pragmatism asserts, more
simply and more generally, that both forms of logic
have merit, and either can be used for any aspect of sci-
entific inference. In addition, I suggested the common-
ality of subjunctive statements to help us acknowledge
that the big issues, in practice, are not Bayes versus
frequentist but rather the effects of various modeling
assumptions, and the likely behavior of procedures.

Stern noted that the pragmatism I described “seems
to be a fairly evolved state for a statistician; it seems to
require a clear understanding of the various competing
foundational arguments that have preceded it histori-
cally.” I agree. Along with Goodman, Stern wondered
whether such an eclectic philosophy could influence
statistical behavior, especially when tackling unsolved
problems. I would claim that it does. I admit, however,
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that I have not done the substantial work it would take
to provide a satisfactory argument, with compelling ex-
amples. Lacking this, I will try to make do with a brief
illustration.

Many experiments in neuroscience apply a fixed
stimulus repeatedly to some neural network and ob-
serve the consequences. A typical example, discussed
by Vu, Yu and Kass (2009), involved the audio re-
play of a short snippet of a natural birdsong while
a single auditory neuron was recorded from a zebra
finch. In such contexts, mutual information is often
used to quantify the strength of the relationship be-
tween stimulus and response. Mutual information re-
quires the joint time series of stimulus and response
to be stationary and ergodic, but bird songs contain
many bursts of rapidly varying intensities with long
pauses in between. Thus, a snippet of natural song ap-
pears highly nonstationary. In other experiments, the
stimulus is deterministic. Vu et al. asked whether, in
such contexts, estimates of mutual information become
meaningless. If we demand that there be a well-defined
chance mechanism behind every stochastic assump-
tion, as the literal interpretation of Figure 3 suggests,
then clearly mutual information becomes void for de-
terministic stimuli; but so too would any kind of sta-
tistical inference involving the joint distribution. The
broader notion emphasized by Figure 1 is that the
mathematical formalism in the stochastic model is an

abstraction whose primary purpose is to represent, in
all relevant respects, the variability displayed by the
data. Under this interpretation, stochastic models can
be of use even with deterministic stimuli. Thus, dis-
missal of mutual information on the grounds of inad-
equate chance mechanism is too crude. Instead, the
constraint on time series variability imposed by sta-
tionarity must be considered carefully. Vu et al. pro-
vided more pointed criticism, some new mathematical
analysis, and a way to salvage the usual quantitative
measures in such settings. Was the philosophy behind
Figure 1 necessary to obtain the results of Vu et al.?
No. But as I hope to have indicated, it was helpful in
supporting a path we could follow, and that is all one
should ask of foundations.
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