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1. Introduction

Statistics is concerned with data collection, data analysis, data reduction,
data modelling and inference. Its primitive concept is that of data. Statis-
tics is part of the methodology of science — pure and applied. It is per-
tinent to the various goals of science proper: explanation and understand-
ing, prediction and control, discovery and application, justification-
classification. Two things at the heart of science are observation and
inference. Inference may be deductive, arguing from the premises to con-
clusions, or what is the major process in science, inductive, intuiting
from the specific to the more general.

Statistical inference is concerned with making statements that go be-
yond the data collected. Its traditional paradigm is that of from the sample
to the population or parameter. The strength of statements made depends
on the situation at hand. There are several schools of statistical inference.
The schools are often in conflict; however, these days, their chosen prin-
ciples are fairly clear.

By now statistics has amassed quite a collection of procedures for
drawing inferences from data; however, with the passage of time, the
data of concern has gotten steadily more complex. This essay is concerned
with statistical inference in general and for random process data in par-
ticular. In barest detail & random proeess is an indexed family of random
variables (or chance guantities). In operational use a random process
is a random funection, or random measure, or random generalized function
with domain that is temporal or spatial or spatial-temporal. Its values
have coordinates. Its realizations are: curves, surfaces, shapes, figures,
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sequences and the like. It relates to situations where things move and
change.

We begin with an example of statistical inference for random processes
taken from our own experience. The example is one with a precise experi-
mental setup yet, apparently, inferences may not be drawn from direct
examination of the data or after the realization of new experiments. Rather,
a statistical concept of some subtlety is required to unravel the situation.
We remark that the statistician is concerned with the probabilistic con-
ceptualization of natural processes. At the same time he is a guardian of
a colleetion of tools that bring order to complex data sets, tools which
have had real successes. The remaining sections of the paper reflect these
two aspects. Scientific investigation and modelling are discussed in general
terms. Process data analysis and its aims are discussed in particular
terms.

Though it is not brought out specifically in the paper, mathematics is
always present for the statistician. Sometimes, especially in the theory of
random processes, his work is indistinguishable from mathematics. At
other times mathematics is a potent heuristic aid for planning data col-
lection and analyzing data at hand.

2. An example

A sequence of nerve impulses, or spike train, is a common form of neur-
ophysiological data. The times of the pulses correspond to the times at which
a particular neuron fires off. The heights of the pulses are nearly constant
and, provided the experimental conditions are reasonably fixed and the
experiment is not continued too long, the character of the spike train
is not seen to be evolving with time. It appears that this kind of data may
be reasonably modelled as a piece of a realization of a stationary point
process on the real line. Such a process may be defined as a random process
whose realizations N(-) are non-negative integer-valuned Borel measures
on R with the (stationarity) property that the probability that N(I, ¢
= gy eeey N(Ig+1) = ng does not depend on ¢ for I, a Borel subset of
Rand K = 1,2, ... Suppose that the observed times of consecutive pulses,
for a given spike train, are t,,...,%,. Then a key role is played in thc
example by the empirical Fourier transform

d(l) = jexp{—iltj} = fexp{—-i).t}N(dt),
i=1 7

whore 1 = R and T is the obhservation domain.
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In our example, spike trains could be recorded simultaneously for threc
neurons A, B, C of Aplysia californica. It was “known” that neuron A
was driving neurons B and C. It was not known whether there was SO
separate connection between neurons B and C and this was the scientific
question of interest. (Details may be found in Brillinger et al., Biol. Cyber.
netics 22 (1976), 213-228.)

A useful statistic for measuring the degree of association (at frequency 4
of two empirical spike trains, A and B, is the sample coherency

Ban(2) = FanW) V F s s ()

where f,5(4) is obtained by averaging values of d 4 (u)dy(u)for uin a neigh-
borhood of 2. Provided the same averaging is employed in forming f, , (4).
fe(4) one has ]RAB(}.) [*< 1, with values near 1 corresponding to strong
association. The Figure shows the functions |R,y2, |Ryol2, |R,0l? for one
particular set of experimental data and the spike trains are indeed “found”

10 10
08| 081

AB BC
06+ 06

04 04t




1052 Section 10: D. R. Brillinge

to be associated in pairs. The issue is whether the association of neuron
B and C results totally from their both being driven by neuron A, o
whether they have some assoclation (conneetion) beyond that. To the ex
tent that relationships involved are well enough captured by quadratic stat
istics, one can address such questions by partial coherencies.

The sample partial coherency of trains B and C given train A is

RBC-A = (RBC"“ RBA‘RAC)/ l/(l “‘ [RBAIZ)(l“' IRCAlz)'

Onc has [Rpg.|2<1, with values near 0 corresponding to weak associ
ation of trains B and C having “removed” the effects of train A. Th.
Figure presents this function for the given data. There is the stronges
suggestion of no direct connection between neurons B and C.

To formalize this “strongest suggestion” the 5 per cent significanc
line is given in each plot, as the horizontal dashed line. Were there n
separate connection of B and C, the probability of this line being exceede
at a given frequency would be (approximately) 0.05.

The situation now reached is typical of what happens in science an
what statistical inference has to offer. The hypothesis (of no direct connec
tion) eannot be verified absolutely; hence it is given an opportunity t
show itself false. What has happened is that the data have shown them
selves compatible with the hypothesis up to the limits of the inherent vari
ation present. Probability has been used to formalize this last.

3. Scientific investigation

In an earlier paper on our topie, (J. Royal Statistical Society A 130 (1967
pp. 457-477) M. S. Bartlett sets up a “ladder diagram” of scientific en
quiry of the following form:

(Theory) (Practice)

model <> planning /design
deduction - data collection
induction <« data analysis

new model < new planning/design

Things are initiated by some idea, question or problem. Then one move
down and across the steps as work progresses. (Similar schemata hav
been given by G. E. P. Box, J. American Statistical Association 71 (1976
pp. 791-799, and H. Mohr, Structure and Significance of Science, Springe:
Verlae (1977).) Deduetions from the model play a broad role and a narro































