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WHAT DO SEISMOLOGY AND
NEUROPHYSIOLOGY HAVE IN COMMON? -
- STATISTICS!

David R. Brillinger
" F.R.S.C.

Dedicated to my teachers at the University of Toronto and
the University of Toronto Schools

1. Introduction

Seismology is the branch of science concerned with the investigation of
earthquakes and related phenomena. Its goals include: learning about the
Earth’s and planets’ interior composition and predicting the time, size and
location of future earthquakes. In contrast, neurophysiology is the branch of
science concerned with how the elements of the nervous system develop, func-
tion and work together. Its goals include: explaining notions like memory,
emotion, learning, sleep, expectation and, less heroically, how individual neu-
rons respond to stimuli, transmit information and change with environment.
The definitions may make these two fields seem remote from each other. In
point of fact, however, they are intimately tied together through use of a com-
mon methodology - statistics.

Statistics is the science concerned with the collection and analysis of
numerical information (data) in order to answer questions wisely. It is charac-
terised by an interplay between axioms and data and, in particular, is con-
cerned: with making statements that go beyond the data collected (inferences),
with explanation and understanding, with prediction and control, with
discovery and application, with justification and classification. These concerns
are patently common to seismology and neurophysiology - hence a connec-
tion.

Throughout much of my career 1 have collaborated with seismologists
and neurophysiologists. In this article T would like to present some examples
of statistical concepts and techniques that I have found myself making use of
in problems arising from both seismology and neurophysiology.

2. Some Statistical Background

"What'’s the use of their having names,” the Gnat said, "if they won’t answer
to them? “No use to them," said Alice, “but its useful to the people that
name them, I suppose. If not, why do they have names at all?"

Alice’s Adventures in Wonderland

The statistician approaches a substantive problem with knowledge and
experience concerning a particular collection of concepts and techniques.
These tools often incorporate a notion of randomness and have proven
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pertinent to problems arising in a broad range of scientific, technological and
social fields. Brief descriptions of some of those pertinent to our examples fol-
low. In these examples, dflnamics and time will be central. This has affected
the choice of the statistical apparatus highlighted.

It will be taken that the notion of a random element,  , is given. A fitte
series is a random real-valued function, Y(,w), of a real ot intéger-valued raf-
dom variable ¢, usually referred to as time, A point process is a random, non-
negative, integer-valued measure, N(,») , The values of these quantities, for a
particular realisation of w , are typically denoted by Y(1), Y(x,p,t), NUI) réspec-
tively with 7 referring to a measureable set in the last case and with dépen-
dence on » suppressed.

If X(w) denotes a particular random variable and if () denotes the {pro-
bability) measure of « , then in what follows E{x) will denote jX(w)P(dm)-.
Moment functions and product densities are of substantial use in discussing
time series and random processes. When they exist, these take the forms

E{Y(1))..Y(tx)} = my_y(t}ssli)
and
E(N(dt))..N(dtx)} = pnw(tr,ti)dl ... dlg (H
= Prob (N{dt))=1,..,N(dtx)=1)

respectively with the dr, distinct. Given data, typically assumed to be part of
a realisation of a random process, useful estimates may be constructed for
these quantities in a broad class of instances , particularly when the process
involved is stationary, that is when its probabilistic properties are invariant
under simple translations of time. In the stationary case, the procéss has a
spectral representation, eg. '

Y(t) = [exp{iNt)Z(d))
or
NU) = ] explin}dt1Z(dN)

Z() being a random function with orthogonal increments. A further useful
parameter, the power spectrum , is now given by

E(Z(@NZ(dw)} = s(A-u)f (\drdp
A#0, when it exists. (Here &) denotes the Dirac delta ’function’.)

In their work statisticians make continual use of stochastic models.
These are analytic idealizations of real-world circumstances containing some
random element. They tie the observables to the phenomeénon of concert and
are designed to lead to a broad variety of inferences concerning the
phenomenon. Stochastic models often take the form of systems, that is map-
pings carrying functions, measures and the like over into other functions of
measures. Stochastic models and systems usually involve unknown parame-
ters (these may be finite or infinite dimensional) and the estimation (or
identification) problem is to attach reasonable empirical values to these unk-
nowns given observational or experimental data. A central role in this
endeavour is played by the likelihood function. In simple terms, if 4 denotes
the unknown parameter the likelihood is the Radon-Nikodyn derivative of the
probability measure of the data relative to some known measure, viewed as a
function of 6. In many circumstances one has to work with an approximation
to the likelihood, perhaps dérived via an asymptotic method. One seeks a #
that is physically interpretable whenever possible.
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3, Example | - the Autointensity Function

A central entity in the method by which nerve cells communicate is the
spike train, If a microelectrode is inserted into the axon (that is the output
compo.nente of a neuron, a changing voltage is recorded. This time series is
made up of es_sennallér identical spikes, or pulses, repeating at generally irregu-
larly spaced times. Supposing these spikes to occur at times 7, , k=0.%1,£2,..

one may define a counting measure via N(/) = the number of 7, in the interval
1-(of the real line). In various circumstances it seems reasonable to talk of
probabilities of events such as: there is a spike (or point) in the small interval
(.t+dt) or there is a spike in the interal (1¢+dt) gnd in the interval
(t+u.t+u+du). If one is willing to view a given spike train as part of a realisa-
tion of a stachastic point process, then these probabilities correspond to pro-
duct densities as defined by (1) above. In the stationary case it is convenient
to define the rate

hy = Prob(point in(t,t+dt))/dt
and the autaintensity function
hyw(u) = Prob (point in(t+u,t+u+du)|point at t}/du
Given a stretch of data, these two parameters may be estimated by »/T and
#{)ri~7j-u| <b/2}/nb

respectively where b is a small bin width and where n is the number of points
7 observed in the time period, T, of observation. The autointensity function
is an important descriptor of the behaviour of a firing neuron. For example
in the case of a pacemaker cell, the autointensity is essentially 0 except when
« is near some multiple of the (constant) interval between spikes. If the neu-
ron is firing completely at random, the autointensity will be essentially con-
stant. If bursting of firing is occurring, then Ayy(x) will be high for small to
moderate |u| and drop down to Ay as |u| Increases. If bursting is taking

lace at regular intervals with, for example, an accelerando pattern within
bursts, then Ayy(«) will show mass broadly near 0 and alsp for y near multiples
of the interval between bursts. From an estimate of the autointensity of a
spike train, the behaviour of a nerve cell may be described and classified, A
broad variety of experimental examples may be found in Bryant ez al. (1973)
and Brillinger ez al. (1976).

Earth scientists, engineers, government officials and the like are interested
in the seismicity of the habitat, that is the timing, location and strength of
earthquakes occuring in their region of interest. They are further interested in
earthquake prediction and corresponding risk assessment. The sequence of
times of earthquake occurrence in a given region may be viewed as
carresponding to part of a realisation of a stochastic point process. The rate
of the process tells how many earthquakes may be expected in a unit time
interval. The autointensity provides a means of describing future prababili-
ties of earthquakes given the past record. For example, if earthquakes tend to
recur periodically, then the autointensity will have the pacemaker shape
described above. If earthquakes tend to occur in clusters, the shape will be as
for a nerve cell firing in bursts. If the times of earthquakes are totally ran-
dom, the hyy(u) will be gssentially constant. Various empirical examples are
given in Vere-Jones (1970). Data of China for the period 1000 A.D. to the
present, is studied in Lee and Brillinger (1979) by means of a technigue
developed to handle the incompleteness of the early records.

In order that hypotheses and models may be checked, some indication of
the sampling uncertainty of the estimates is needed. Also, a parameter that
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