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INTRODUCTION

| have found that rdatively few scientists outside certain narrow disciplines know what Biometry is;
virtudly no members of the generd public have any idea. If this is the case, then an Inaugurd
Lecture for a Visting Professor of Biometry must have as its primary am to define the term, and to
introduce the audience to what Biometry is al about, before tackling the important secondary aim of
demondtrating its usefulness.

Frank Loesser's song Inchworm, written for the Hollywood film muscd Hans Christian
Anderson, isa particularly appropriate starting point. 1ts chorusis nothing more nor less than asung
rendition of what mathematicians would cal a geometric progresson with an exponent of 2. And
might not the fond parents of many budding mathematicians subsequently honoured with the title
Professor have expressed the sentiment at the end of the first verse: Y ou and your arithmetic, you'll
probably go far". This gives the correct flavour, but the real clue comes in the phrase before that:
"Measuring the marigolds', for Biometry, expressed literdly, is ‘the measurement of life, derived
from the Greek words bios and metron. My career has been largely concerned with the
mathematicd analyss of insect data, and s0 for me the title is highly gppropriate; an inchworm (or
looper) is an American common name for caterpillars of the family Geometridae, that crawl with a
characterigtic looping movement. Findly, the second verse, which ends with an observation: " Seems
to me you'd stop and see, how beautiful they are" reminds me that there is more to life than the
pursuit of Science, to which | shdl return later.

The genesis of Biometry lay in its ability to solve red problems. The term Biometry was first used
by Whewdl in 1831 and by Cristoph Bernoulli around 1841 but 'reinvented by Karl Pearson in
1896 (Armitage, 1985). Karl Pearson, Professor of Applied Mathematics at University College
from 1884, Francis Gdton, the haf-cousin of Charles Darwin, and W.F.R. Weldon, Professor of
Zoology at Universty College from 1890, jointly founded the journd Biometrikain 1901, in the first
paper of which Gdton (1901) explained the term. They and their colleagues were known as the
'‘Biometric School' and, through Gdton's inspiration, applied techniques such as correation,
regresson and frequency didributions to problems in heredity, medicine, anthropometry and
psychology (Irwin, 1959; see also Biometric Bulletin, Vol. 5, No. 3, August 1988). Later, Gaton
endowed the Biometric Laboratory and JB.S. Hadane held the firs Chair of Biometry, both at
University College.

During the 1920s the discipline of mathematicd datistics was dready wdl-established, but was
dominated by asymptotic results applicable only to large samples, and lacking direction. The
colossus who strode onto the stage as a young man in his early twenties at that time was to change
Statistics snglehandedly. He was one of the great geniuses of the twentieth century, becoming as
well-known within Genetics as he was within Satigtics, and his name was Rondd Aylmer Fisher,
later Sr Rondd, but affectionately known smply as 'Fisher'. The one reason why his contributions
fundamentally changed the way that scientists from dl disciplines viewed Statidtics is that he derived
atheory that covered smal samples (Fisher, 1922), and this made his results usable. Fisher worked
in agricultura research, a Rothamsted Experimentd Station. The data brought to him, by biologists
of dl disciplines, were necessarily of limited sample size, because of the cost and labour involved in
doing fidld experiments. They were dso highly variable in character, driven by the unpredictable
processes of Nature and being measured outdoors, in contrast to the predictable, and replicable
|aboratory-based data from the 'harder' sciences of Physics and Chemistry. There is no space to do
Fisher justice here; suffice to say that to him we owe the concepts of experimental design, the use of
gdandard errors, the analyss of variance and the F-tedt, the concept of maximum likelihood,
quantitative genetics and early work on the identification of human blood groups.

Fisher's ideas were a first controversd. Few were interested in the gpplications to small-samples,



except perhaps W.S. Gossett, who writing under the pseudonym 'Student’, discovered the t-
digribution (Student, 1908) to tackle the industrid problems he encountered in his work for the
Guinness Brewery. However, Fisher's books: Statistical Methods for Research Workers (1925)
and The Design of Experiments (1935) became bestsdllers, and his approach was soon
trandocated to the USA, finding disciples in datisticians such as George Snedecor and Gertrude
Cox and biologigts such as Chegter Bliss.  One of the founders of population dynamics, Raymond
Pearl, was Professor of Biometry and Vit Statistics a Johns Hopkins University from 1918. The
American Statistical Association started a Biometrics section in 1938, which in 1945 initiated the
newdetter Biometrics Bulletin.  From this initiative arose, in 1947, the Internationad Biometric
Society, with Fisher as its first Presdent (Perry, 1990), and the newdetter became the journd
Biometrics, with Getrude Cox as its first Editor. Insde the cover of Biometrics lies the raison
d'étre for Biometry: to promote and extend the use of mathematicad and statistical methods in pure
and applied biologica sciences.....in aform readily assmilable by experimentd scientists’. And o,
in answer to the question: "is Biometry useful?' | would not only answver "Yes' but mantain thet its
only importance liesin its application.

My view of Applied Statidtics, partidly expressed above, is Smilar in many ways to that expressed
in more detail in Professor Keith Rennoalls (1995) excellent Inaugura Lecture. Hence, | will not
repeet those points here, but ingtead, in the next section, introduce the subject of Biometry in the

only way possible, by example.

EXAMPLESOF BIOMETRY FROM ENTOMOLOGY AND NEMATOLOGY

General

| will exemplify by use of a necessaily limited subset of my own work over the last 20 years a
Rothamgted, first within the Statistics Department that Fisher founded, and latterly within the
Entomology and Nematology Department. At Rothamsted, multidisciplinary groups are the norm
and research tends to be longer-term. On joining, | was assgned to specific departments, and
found that this made for: very good working reaionships with the biologists within it; continuity of
projects, sometimes over a decade; familiarity with and commitment to the subject matter, eventudly
S0 drong that it lead to my trandfer to the department concerned; and the ability to influence the
design of experiments at an early stage in the project.

The work of the entomologists and nematologists has, since before | joined Rothamsted, focused on
the use of integrated crop management to control agriculturd pests using the most environmentally-
sengtive means possible. This demands the reduction of pesticide inputs wherever possible, and
may involve the use of naturd biologicad enemies of the pets, in biocontrol. To do this with any
efficiency requires a degp understanding of the autecologies both of the pest species concerned and
their natural enemies, and therefore much of the work involves fundamenta ecology and population
dynamics. My data are usudly in the form of counts of individuds of a particular species, and my
dudies of them dmogt dways involve quantifying their variaion in time or space, or patio-
tempordly. | givefour areas of work as examples.

|. Sex-attractant pheromones: the pea moth asa model insect

This section describes a ten-year project with Dr Clive Wal and colleagues on pea moth
pheromona responses that involved me sharing in the planning and execution of the field work on an
equa bass. Femaes of many moth species emit powerful chemicas called pheromones to attract



males of the same species for location prior to mating. The wind takes the odour downwind and
males fly upwind to locate the source. The pea moth, Cydia nigricana, is a good modd insect to
gudy snce it is a mgor pest of peas and is therefore present in the field in large numbers, it flies
during the day, dthough it is not easy to follow; and its pheromone has been synthesised and may be
used to bait trgps.  Since the 19th century scientists have speculated how far mae moths are
atracted by cdling femdes in the fidd, but it is not easy to desgn experiments to determine this
distance (Wal & Perry, 1987). Our initid approach was to compare an isolated trap (Figure 1,
above) with another surrounded by aring of identica trgps. If the radius of the surrounding circle
traps is greater than the range of atraction then we would expect no effect on the catch of the
surrounded trap, relative to the isolated one; if less, then we might expect a reduction of the catch in
the surrounded trap due to competition. To achieve an adequate caich for andys's the traps needed
to be left for a whole afternoon, but to achieve adequate replication would entail the use of severd
wel-separated Stes. The catch a a particular Site was a function of population density, which
varied greatly between fidds. The number of dtes available was limited, and this raised the problem
of finding an efficient experimenta design, complicated by the fact thet days were as variable in their
average cach as were dtes.  The solution was provided by a Latin Square design, in which al
treatments occur equaly often on each day and are balanced aso with regard to Stes. The design
shown (Figure 1, below) incorporated an extra day to dlow estimation of the resdud effects of one
days trestment on the next day's cach (Wdl & Pery, 1978). This rationde behind this
experimenta design became the basis for the mgority of our subsequent fidd experimentation
(Perry, Wall & Greenway, 1980). The design proved highly efficient to detect the effects of
surrounding traps, and as trap spacing increased effects continued to be found (Wall & Perry, 1980)
until, a& a spacing of 200m it was not possible to find fields of the Sze required for these
experiments. Later, mark-recapture work (Wal & Perry, 1987) provided good evidence that the
range exceeded 500m.

During these experiments, we were surprised to observe moths that would have entered a
downwind trgp to which they wereinitidly attracted, flying on past if the trgp was within the range of
atraction of another trap upwind of it. The only explanaion for this seemed to be that moths
respond to an ingtantaneous plume of odour close to a trap and when further from a trap responded
to an continuous fidd of pheromone (Figure 2). Experiments with gas andyzers confirmed that a
continuous field could be caused by the entraining effect of the vegetation, and other work showed
that the waxy leaves of the vegetation could first adsorb and then release pheromone continuoudy
(Wal & Perry, 1983). This and other meteorological studies confirmed that moths over open
ground responded very differently from moths within a crop (David et al., 1982) and shed much
light on insact mate-finding mechanisms.

When enough data was available we developed a mechanistic, mathematical modd to explain the
whole system, that featured diffuson egquations to modd the steady-state pheromone concentration
of multiple sources within a fidd and moddled variability in moth flight behaviour by exponentia
digtributions (Perry & Wall, 1984a8). By varying only two parameters the model could provide a
good fit to awide range of data. We went on to do two key field experiments to validate the most
crucid assumptions of the modd. Careful surveillance confirmed one assumption concerning the
direction of flight; unusudly, this andyss involved smple geometry and regresson for circular
gatistics (Perry & Wall, 1985). In the second experiment we placed a chemical imprint on to a
piece of plagtic grass, the flight of moths over this being recorded with a video camera resting on a
car bonnet at some arbitrary, unknown angle to the grass. School geometry was again required, this
time to trandate the two-dimensiona video footage back to three-dimensond true coordinates
whilgt alowing for perspective effects (Figure 3). By reversing the grass with respect to the wind
direction we gathered incontrovertible evidence in favour of the anemotactic mechanism of in the



fidd, that postulated response by ingtantantaneous upwind flight (Perry, Wall & Clark, 1988).

I1. Nematode population dynamic models
Cys-nematodes are smal wormtlike, usualy host-specific pests of field crops that live in the soil
and infest plant roots. Once a mated femae has found a feeding Ste on a roat, its body becomes
full with hundreds of eggs, forms a cys, and then dies, leaving the next generation of juveniles to
hatch and migrate in search of roots. Like the seeds of some annua weeds, these cysts may lie
dormant in the soil for some years without loss of viability until conditions are suitable for hatching.
Because of this buffer againg tempord environmenta heterogeneity, their sedentary life-history and
dearth of predators, cyst-nematode population dynamics are well described by classicd
demographic processes, such as are contained in Jones & Perry's (1978) logistic-type moddl, that
included most of the cultura practices used to control cyst-nematode numbers. The form was a
typica andyticad, determinigtic, difference equation, but it could aso be derived from firgt principles
in a mechanigtic fashion, by consdering the known biologica processes of hatching, carry-over,
intracspecific competition mediated sex-ratio, root damage, and reproductive growth, data from
which alowed accurate estimation of mogt of the parameters.
Parameter estimation for mathematicd modes is often a chalenging gatitica problem, for such
modds may be non-linear, the response variables measured may not vary according to the well-
behaved normd didtribution, and, most importantly, the effects may best measured on non-arithmetic
scales (Perry, 1989, 19944, 1997a). Usually, for insect or nematode count data, trestment effects
are multiplicative (lineer on a logarithmic scde), and the counts have highly postively skewed
digtributions, such as the Poisson-lognormd or discrete andogues of the gamma (Perry, 1978). The
development at Rothamsted of generdized linear modds (GLMs) by Nelder & Wedderburn (1972)
had a profound impact on such problems, and helped us to parameterize the reformulated non-linear
cyst-nematode model (Perry & Clark, 1983) that related final numbers, P, to initid numbers, Pi, in
terms of parameters a, C,, E, and X: _

Pr = {a(1-C,)Pi /[1+{ (a1)P EFP® x 11} + C, P,
This we used to derive estimates for new experimenta data in which the plots had been split, haf
recaiving fumigant nematicide and haf untreated. Firgly, for the untrested hdf-plots, we confirmed
that parameters a, C, and E had vadues smilar to those estimated in previous studies (Jones &
Perry, 1978; Parry & Jones, 1981). Next, for the same plots, we estimated the value of X, that
represented the expected number of eggs per gram to which the population would settle if no
chemicd control was applied (Figure 4). Then, by assuming that the parameter values that applied
in the untreated gpplied equally to those in the treated haves, we could obtain precise estimates of
N, the proportion of viable eggs surviving neméticide application. The precison was high because N
was the only parameter to be estimated in the equivadent population mode for fumigation, for which
Pi in the above equation is replaced by NP;. Indeed, thisis an example of the rare Situation in which
such an egtimate could only be achieved through moddling, for the fumigant kills the eggs while
unhatched within cysts but preserves the cydts, rendering a direct estimate of kill impossble in field
conditions. The measure of lack-of-fit for GLMs is termed a 'deviance’; this was skewed (Figure 5)
and the confidence limits about the cdculated edimate of N, 0.4, were therefore asymmetric,
indicating a grester chance of serioudy underestimeting the proportion surviving than of
overestimating it. We could thus state confidently that the estimated percentage of eggs killed was
unlikely to have been much greater than 60%. Here, we have seen the two gpproaches of Biometry
meet; the mechanigtic approach of mathematicd modelling and the phenomenologica approach of
goplied gatidics. In my view, it is just when these approaches are used in combination that
Biometry is shown at its best.



[11. Measuring the similarity of seasonal patternsof catch

Many entomologica problems concern the seasond pattern of catch at a particular Ste, where,

typicaly, abundance increases during the spring, reaches a pesk in the summer and declines in
autumn, here described by the term "‘phenology’. Severd Stes, possibly with different forms of traps,

may beinvolved, asin the lacewing deata of Figure 6 (Perry & Bowden, 1983), and here we wished
to know which types of trgps showed the most smilar phenologies. Firdly, we standardized the
catch to remove the effect of overdl abundance differences between stes. Then, since we knew the
range over which the traps varied in standardized abundance for a particular week, we derived a
amilarity index between each pair of traps, reative to this range, so that a trap with the largest
relaive catch would be exactly smilar to itsdf, with index vaue unity, and completely dissmilar to
the trgp with the smdlest rdative catch, with index value zero. These were averaged to give 15
pairwise smilarity coefficients between the Six traps over ayesr.

Gower (1966) devised a method, known as Principa Coordinate Andyss, by which these
amilarities could be trandformed to yied a location for each trgp in a conceptud five-dimensond

gpace, in which the distance between any pair of trapsis related inversaly to their smilarity. Gower
(1975) extended this to Generdised Procrustes Andyss (GPA), which alows severa such multi-

dimensond configurations to be rotated to fit one another, to achieve a sngle consensus, or
‘average configuration. Further rotation alowed the principa axes of variation to be identified, the
mgor amilarities and dissmilarities amongs the traps identified and quantified, and these axes
related to other variables of interest (Perry & Bowden, 1983).

In this example, there were two light-trgps on open ground, two light-trgps in woodland and two

suction-trgps on open ground, with lacewing phenologies collected over severd years. A

configuration was derived for each year and then GPA used to average the results. This identified
the mgor source of dissmilarity (Figure 7) to be due to habitat rather than trap type, confirmed the
effect of environmentd disturbances on one of the open-ground light-traps, and demondtrated the
relative consstency of these results between years. This technique has been used in severd

subsequent studies (e.g. Clark et al., 1992). One of these (Johnson et al., 1985, Figure 8) helped
to demongtrate that the blackfly vector of the disease river-blindness moved at about 17km per day
on prevailing winds from source aress in the Ivory Coast, 500km northeast to Sites in Burkina Faso
and Mdli.

V. Variance-mean relationships and ecological topics

This section sets the scene for a description of my current research, by describing the work that led
up toit. Populaionsvary intime and space. Traditiond population dynamics deds with variation of
densities through time. The Rothamsted tradition has always featured a strong commitment to the
study of spatid variation, from early work on migration by C.B. Williams, through C.G. Johnson and
L.R. Taylor, up to the present day.

Thisis not to say that we have no interest in purely tempora dynamics, for unless we can understand
the dynamics of a pest we cannot hope to control it. Thus, we have made some contribution to the
debate concerning whether the time series of populations gppear random because they are driven
mainly by deterministic, density-dependent, chaotic, biotic processes or by stochadtic, dengty-
independent, abiotic shocks (Perry, Woiwod & Hanski, 1993; Hanski, Woiwod & Perry, 1993;
Gonzalez- Andujar & Perry, 1993; Perry, 1994b; Zhouet al., 1997).

But my main interest has been in the spatia variability of populations. Thiswas kindled by Professor
Roger Mead's plant ecology course on the Reading MSc course in Biometry; he supervised my
early work with variance-mean reaionships, a tha time in the form of the well-known index of
disperson (Perry & Mead, 1979). However, this index was known to be density-dependent, and
at Rothamsted | found that the reason for this was exemplified by the work of L.R. Taylor, who had



shown (Taylor, 1961) for many species that spatiad sample variance, s°, was related to sample
mean, m, according to a power law: & = am’. Thisisoften expressed on logarithmic scades:

log(s’) = log(a) + blog(m),
and the parameters, a and b, are estimated (Perry, 1981, 1987a) by smple linear regresson of
log(s) on log(m).
This law has something to say about spatiad paitern, dthough later we shdl note its limitations.
Imagine we have 36 individuas sampled in nine sample units, so that the sample mean density, m, is
exactly 4. If the number of individuds was equd in dl units and the set of counts was
{4,4,44,44.44.4} then the sample variance, s* would be zero, its minimum value. By contrast, if
al the individuas were crowded into one unit, and the set was {0,0,0,0,0,0,0,0,36}, then the
sample variance would be 9x4° = 144, its maximum vaue. So we can see that, for a particular
mean dendty, the continuum of spaia paten, from regulaity (dso cdled uniformity or
homogeneity) to aggregation (dso caled crowding, patchiness or heterogeneity) is related to sample
variance, a least a its extremes. In fact, the basdine for most studies is an assumption of spetia
randomness, which is well known to lead to a Poisson distribution of counts, for which s =m (i.e.
a=b= 1in Taylor's power law, and =m= 4 in our example). A vadueof "= 4 might, for
example, be given by the st {2,2,3,3,34,5,6,8}; note that the digtribution appears postively
skewed, that is its median vaue, 3, is less than its mean, and therefore there are more units with a
count that is less than the mean than there are with counts greeter than the mean. Thisis afeature of
insect count data; even the Poisson is a skew digtribution. In fact most insect didtributions have a
sample variance far in excess of the mean and are much more skewed than a Poisson distribution
with the same mean, but it isimportant to remember that Taylor's power law operates not at just one
but at all dengties, and that the forms of the distributions will change with dengty.
The congtancy of the dope parameter, b, for a particular species is impressve, Sometimes extending
over different sudies, sampling methods, continents, etc (Figure 9, Taylor et al., 1983, 1988); it is
this that underpins its use in the derivation of efficent sampling schemes (Woiwod & Perry, 1989;
Perry, 1994a). The forma demondration that Taylor's power law provided a good fit to most
ecologica data, over a very wide range of taxa, and with reatively smdl scatter about the line
(Taylor, Woiwod & Perry, 1978) was an exercise that could only be done by appeding to
empiriciam and andysng dmog dl the datasets (156) available in the literature.  Ecologicdly, the
fact that only two of these sets were random a dl denstiesis highly sgnificant, for it implies amuch
greater behavioura component for movement than had hitherto been granted by the assumptions of
random immigration and emigration made in mog traditiona population dynamic modes.
Furthermore, the operation of the power law had severe implications for the vaid use of k, the
shape parameter of the negative binomid distribution (Perry, 1987b), used both by satigticians and
population dynamicists as an index of aggregation (Taylor, Woiwod & Perry, 1979). Put smply, for
rea data for most species, as population dengity increases the power-law and the sample variance
show clearly that aggregation is increasing, while the vaue of k fasdy implies that the frequency
digtribution is becoming more like the Poisson (Perry, 1984). Much controversy was raised by
these and related issues (Taylor, Woiwod & Perry, 1980; Taylor et al., 1983; Perry & Taylor,
1986; Perry, 1987c; Taylor et al., 1988; Perry, 1988; Perry & Woiwod, 1992; Clark & Perry,
1994; Clark, Perry & Marshdl, 1996). Now, the importance of spatia issues and movement has
become accepted, and metapopulation dynamic models (Perry, 1994b, and see Figure 10),
individual-based models and their cedlular automata cousins ddiberately take movement into
account, often within an explicit spatid framework (Perry & Gonzalez- Andujar, 1993; Ruxton,
Gonzaez- Andujar & Perry, 1997; Topping et al., 1997), dthough L.R. Taylor surely deserves
more recognition than he has received for hisvisonary work (eg. Taylor & Taylor, 1977).
Most count data can be fitted well with a two-parameter discrete distribution, but if we consder a



family of frequency distributions from a study, sampled on, say, n different occasions, each with a
different population dengty, then the power-law places a congtraint (Perry & Taylor, 1985) on the
family of distributions applicable. If we consder the mean for a Sngle occasion as capable of being
represented by one parameter, then the power law implies that the family of n distributions should be
describable with atotd of just n+2 parameters. This led to our development of the Ades family of
digributions (Figure 10) specificdly to fit to such data; these fit well to count data (Perry & Taylor,

1988) and have proved useful in sampling pest populations of lestherjackets (Blackshaw & Perry,

1994) and tse-tse flies (Duchateau, Ross & Perry, 1993).

A WIDER VIEW

Of course, the above examples provide only a glimpse of the diversity of methodologies that may be
of use in entomology and nematology, and space permits me no further. Some others that | have

used include: split lines (Perry, 1982); genetic frequency andysis (Jones, Parrott & Perry, 1981);

control limits (Perry & Wall, 1984b); quas-likeihood (Clark & Perry, 1989); variance components
(Perry, 1989); boundary anaysis (Blackburn, Lawton & Perry, 1992); probit andyss (Henderson,

Martin & Perry, 1992); sendtivity analyss (Kocabas et al., 1993); and time series andysis

(Jenkinson et al., 1994). It isimportant to tailor the modd and/or analysis to the data and problem;

often more than one approach may be useful. 1 would not claim that those that | have sdlected are
the only ones possible, nor are they necessarily the best. But | am sure that they demondrate that

biometricians now have awonderful variety of powerful techniquesto illuminate data

If 1 had to select one of my papers to summarize my attitude to data andysis it would have to be the

critique of the use of multiple-comparison procedures (Perry, 1986), which is, | hope, much more
positive than a mere diatribe, and which has fond memories for me - much of it was written next to
my daughter's incubator in the West London Hospita Specid Care Baby Unit.

Thismay seem to you like an unusua persond intrusion into what might be confined to a declaration
of aview of abranch of science, abeit a persond view. However, just as Keith Rennolls (1995)

found it necessary to condder free will and consciousness, so | too condder thet in an Inaugurd

Lecture the term ‘profess should be interpreted widdly, to include the affirmation of beligf, in this
case about where science fits in the wider scheme of things. Such a lecture provides a unique

opportunity, since | may never get another chance to deliver atalk with no awkward questions at its
end!

The beauty that | find in my work comes from its cregtive aspects. But when we as mathematicians
prove a theorem or pioneer a new method, do we discover or invent? Sir Issac Newton (eg.

More, 1934, p.664) professed:

"l do not know what | may appear to the world; but to mysdf | seem to have been only like a boy
playing on the sea-shore, and diverting mysdlf in now and then finding a smoother pebble or a
prettier shell than ordinary, whilst the great ocean of truth lay dl undiscovered before me.”

Wha an awvesome humility in such a genius. We are dl far less able than Newton, and need no

reminding how smdl is our own individud contribution to science, in comparison to the totdity. But

wasn't Newton just expressing something of the limitations of the age in which he lived? No, for we
aso redise, despite our improved understanding of the world in these last years of the millennium,

how much more there is yet to understand. Indeed, Einstein (1949) confessed:

"You imagine tha | look back on my lifés work with cdm satisfaction. But from nearby it looks
quite different. There is not a sSingle concept of which | am convinced that it will stand firm, and |

fed uncertain whether | am in generd on the right track.”



Newton's image implied discovery rather than invention, for the pebbles were aready on the beach.
Were they there because of the intringc and obligatory laws governing the world, or did someone
place them there? And is the humility that we share with Newton and Eingtein a response to a
wondrous but impersona universe, or a natural deference to and awe of the framer and sustainer of
those laws? There can be no proofs as far as such questions go, mathematica or otherwise. The
answers are matters of faith, and of course there are other forms of evidence that shape our answers
that have nothing whatever to do with science.  But the very fact that | find beauty in the
mathematics, the datistics and the biology with which | work, of itsdf demands that | try to find

some answer. The particle physicist John Polkinghorne (1992) wrote:

"The experience of wonder at the Structure of the world is an authentic part of the scientist's
experience. It is the pay off for dl those weary hours of sudy and dl the frudtrations and
disappointments inescapable in the prosecution of research...these experiences are quite as
important and fundamental as anything that can be measured in a laboratory or seen through a
telescope...| believe they are vitd to our understanding of the way the world is."

| believe that the recent view, of man aone in a wondrous but comfortless universe, whose
behaviour is governed solely by the inexorable evolution of his DNA, is possible, but mistaken. |
see no incongstency between objective science and a bdlief in God. Indeed, | believe the Creator is
gill & work, polishing the pebbles and sharing our ddight in them.

CURRENT RESEARCH ON SPATIAL PATTERN

This section describes work on spatid pattern that is my main interest now and which will amost
certainly be until | retire. What is spatid pattern? It is the absence of randomness in space. There
are an infinity of ways in which pattern can exis, s0 it has to be defined by its absence. 1t hasalong
history; two of the earliest examples being in the Bible. Thus, in Exodus, 8, 21-22: the plague of
flies sent on the Egyptians did not infest the land of Goshen, where the Isradlites lived; thisis spatid
pattern manifest in the behaviour of the species concerned. By contradt, in Matthew, 13, 3-23, the
parable of the sower, the spatid pattern of the seedlings became evident because of density
differences caused by the suitability of the ground in which they are growing. Thisis an example of
the other cause of spatid pattern, namely environmental heterogeneity.

Why is spatid pattern important? Firgtly, because it gives us information about the behaviour of the
organism studied, at the various scaes a which we measure it. For example, sycamore gphids tend
to be more regularly spaced than random on a leaf (Kennedy & Crawley, 1967), because
individuas actively avoid touching each other, and, like us, require a certain minimum amount of
territory of their own, in which they resent intruson. However, their leaf-to-leaf ditribution is very
patchy and aggregated, some leaves having many gphids and many being completely devoid of
them. Perhaps there is a certain aspect of behaviour that requires gphids to form minimum-sized
aggregations for defence against some predators. Whatever the reason, the mere presence of non-
randomness implies some form of underlying process or behaviour of interest. The detection of
pattern is therefore important as the first step in finding out about that process. Secondly, and for
gmilar reasons, it may provide information about environmental heterogendty; an dterndive
explanation for the gphid patchiness is that some leaves are suitable and some are not.  Again, the
detection of pattern is the first step towards an explanation of the role and reason for this suitability.
Thirdly, we must quantify pettern in order to sample the organism in the mogt efficient way.
Sampling is costly. Taylor's power law may be used to aid the development of such schemes
(Perry, 1994a), but the use of further spatid information when present is essentid (Perry, 1996;
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Parker et al., 1997).

| will assume in what follows that we are working solely with two-dimensiond data in the horizontd
plane, and that height is not a consderation. Ecologica and entomologica data are gathered and
reported at avariety of levels of patia information. At the lowest level are summary datistics, such
as the sample mean and variance of a frequency digtribution; next come a list of the specific counts
sampled; we may, if possible, form a reasonably accurate frequency digtribution, for which about
fifty counts are required; for higher-level spatia information the locations of the sample units from
which the counts were derived must be known; at the highest level are maps, where the coordinates
of each individua are known precisdly.

When the data are counts and the locations of the sample units are known then the information has
two independent components; firdly, the list of counts itsaf has didributiona information regardiess
of the locations; secondly, conditiona on (i.e. dlowing for) thet li, there is information in where the
observed counts are located. It is this second component that this work focuses on, since, as
discussed above, there are dready severd methods for andysing the list of countsitsalf. The second
component is concerned with questions such as. do the counts in the list appear to be placed a
random in the units sampled? This is usudly a reasonable null-hypothesis.  Alternatively, do the
larger vaues occupy units close to those of other large vaues, forming recognisable ‘clusters?
Smilarly, do the smdler counts occur in patches, giving recognisably large areas of smdler than
average densty? Can we quantify how many clusters there are, how large they are and where they
occur? Or do large and smdl counts tend to occur close to each other, so that local aggregate totas
of nearby units have smilar average vaues, resembling amore regular spatid pattern.

We have dready noted that for counts, previous approaches consdered only the relaionship
between variance and mean. However, dthough the set of counts of cyst-nematodes in Six ol
cores. {0, 1, 4, 56, 484, 4095}, may be highly-skewed and obvioudy non-Poisson, their spatia
arrangement may be completely random. This excess variance-heterogeneity arises because of
gpatid pattern, but pattern at a smdler scde than that to which the sample unit count relates;
because there is no spatia information recorded &t the scale on which it manifests itself such pattern
cannot be studied. Conversaly, a set of counts of carabid beetlesin pitfal traps. {0, 0, 1, 1, 2, 2, 2,
2, 3, 3, 5}, may conform closdly to a Poisson didtribution, but if sampled in that order aong a line
transect shows an obvious linear trend departing strongly from randomness.  Only at the extremes
of variance is the link with spatia pattern unambiguous, when al the sampled individuds are
crowded into one unit, or al units have the same number of individuas. The problem with variance
is that it uses none of the spatia information in the sample; hence our decision to condition upon it.
Also, dthough biologists have used it since the early 1930s (Perry, 1989), it is an abstract,
mathematical concept, of little direct relevance to field data. To overcome both these problems,
Perry & Hewitt (1991) introduced SADIE, Spatid Analysis by Distance IndicEs.

Congder the three different arrangements of 36 individuas in the 3x3 grid shown in Table 1. Not
only are their means and variancesidentical (s° = m = 4), but o are the counts themselves; only the
way they are arranged is different. The observed arrangement in (@) is clearly cdustered maximally,
towards the top-left of the grid; (b) was placed a random; (c) was deliberately laid out so that the
totals of rows and columns were as aike as possble, and relatively large vaues are far away from
each other, forming as nearly as possible a regular arrangement.  Although a grid is shown here for
clarity, for count data the SADIE technique requires no restriction on the arrangement of the sample
units, which may be located anywhere.

The SADIE concept measures pattern by reference to how 'close’ an observed arrangement is to
two basdline extreme arrangements mentioned above, of complete regularity, (Table 1d) when each
unit has the same number of individuass, or complete crowding (Table 1€), when dl individuas occur
in a dngle sample unit. This 'doseness is measured by caculaing the minimum amount of effort,
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equated to distance moved, that the sampled individuals would need to expend in order to achieve
the rdlevant extreme pattern. For example, movement towards complete regularity for arrangement
(@ would involve, in generd, a movement of the individuas from top-left to bottom-right of the
sample, and, in particular, four individuas moving from the top-left unit, etc. The minimum effort
implies that the tota distance, D, involved in this movement should aso be minimised; this
optimization is achieved usng the Trangportation Algorithm from the operationd research literature
(Perry, 19953). Since dl units must end up with the same density, and this density must be equd to
the mean, it is clear that the solution must involve outflows from units with observed counts greater
than the mean and corresponding inflows to those with observed counts less than the mean. In our
example for arrangement (@), the optimal moves are shown in Figure 11a, and D = 13.54 (Table 1).
Notice that, as expected, the more aggregated is the observed arrangement in Table 1, the larger is
D.
Cdculation of the distance to crowding, C, is done easily by direct search over the sample units; but
for amplicity we will exemplify the SADIE methods by reference solely to distance to regularity,
which has thus far proved the more useful measure.
A formd test of the null hypothesis of randomness may be derived, using arandomization test. This
is a means to generate smulations relating to the observed data, that dl obey the stated null
hypothesis.  In this case the null hypothess is that, conditiona upon the counts observed ther
arrangement is random. Clearly, the gppropriate smulation for this hypothesis is that of a random
permutation of the observed counts amongst the sample units. Then, for some datistic of interest,
such as D, the vaue for the observed arrangement is compared with the frequency distribution made
up of vaues from the permuted arrangements. If the observed arrangement is unusudly aggregated
(or regular), itsvalue of D will lie within the upper (lower) tail of the distribution. The usud Satistica
procedure is to equate the probability of rgecting the null hypothesis to the proportion, Pa, of the
frequency digtribution with values above the observed vaue. For our example of arrangement (), a
relatively smdl proportion of permutations (Pa = 0.005), as expected, had values of D larger than
the observed value of 13.54, and we cannot accept that the observed arrangement is random;
ingead we classify it as Sgnificantly aggregated. The other arrangements show close agreement with
randomness (b, Pa = 0.503, Table 1), and significant regularity (c, Pa = 0.968, Table 1). Hence,
the SADIE method is capable of digtinguishing between spatid peatterns that variance-mean
relationships would be quite unable to do. An index of non-randomness, la, may be derived by
dividing the observed vaue, D, by the average of the vaues from the permutations, which is here
9.03. Hence, la islarger than unity for aggregated patterns, around unity for random patterns and
less than unity for regular patterns (Table 1). Thanks to important contributions by Alston (1996)
the origind concepts in Perry & Hewitt (1991) have now been completely replaced; see Perry
(19954, 1997c) for further details.
The SADIE concept of movement from an observed towards a find, regular arrangement has been
goplied dso to mapped data where the location of each individud is known (Perry, 1995b), this
time through an agorithm reliant on VVoronoi polygons. For such data, more common in plant than
animd ecology, dterndive techniques have been known for many years (eg. Diggle, 1983).
However, the extensgon to mapped data brought three advances. First was redization of the
importance of the 'initid-and-fina' (IAF) plot, in which is plotted the observed postion of each
individud joined to its final pogtion with agraight line. Figure 12 gives two examples, for positions
of sgnificantly regular sparrowhawk nests and highly aggregated soil beetle larvae. The IAF plot
ads the visua assessment of pattern and the identification of clusters and of aress of reatively low
dengty (Perry, 1995b). Second was the use of EDF plots, and third was the development of a
‘backtracking' method thet is particularly useful to identify cluster members and to aid the estimation
of the point of introduction of aien speciesinto an area.
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|AF plots are dso important for counts (Figure 11, Table 1). (Note that for larger sets of data, such
as would be andyzed usudly, it may not be feasble to discriminate graphicaly between the different
flows) Asfor mapped data, the IAF plot for counts, encapsulates dmogt al the spatia information
in the sample, and shows graphicdly the patches of relatively high-densty units acting as supply
nodes in the agorithm, via the directed arcs, towards the areas of relaively low-dengity units. Note
the different impresson given by the |AF plots for arrangements (@) and (b) from Table 1, shown in
Figs. 11a and 11b, respectively. The highly-clustered pattern in Table 1(a) is reflected by its IAF
plot, that shows the flows emanating from a smdl area, and moving in Smilar directions, often a
relatively long distance; the random pettern in Table 1(b) isindicated visudly by its IAF, in which the
lengths are shorter and the directions more variable. Perry (1997d) has shown how for clustered
data the units within IAF plots may be partitioned into almost completely separate, non-overlapping
sets of unequa Size, such that dmogt dl the inflow unitsin a st receive flows from outflow units that
are in the same sat. Then, within each partition there is a single mgor cluster. Because the method
based on distance to crowding, C, has wesk power when there is more than one cluster present,
this partitioning of the units enables the measures based on C to be used sensbly, for each cluster
separately.

Perry (1996) noted that when the distance, denoted d, between the centroid of the counts and the
centroid of the sample unitsisrelatively large, then the counts occur relatively close to an edge of the
sampled area, and in those circumstances the value of . is inflated upward. Depending on the
sampling protocoal, this may be an effect of the true aggregation in the pattern or, at least in part, an
‘edge effect. To overcome this, Perry (1996) proposed an agorithm to provide constrained
randomizationsin which thevdue of d for the rearrangement was within a specified vaue of that of
the observed data.  Then (Perry, 1997¢), if the average distance to regularity of the constrained
randomized samples is denoted as G, a new index of aggregation, Ka, may be defined as Ka =
D/Ga. If Rarepresentsthe proportion of constrained randomized samples with distance to regularity
aslarge as, or larger than the observed value, D, then the values of Ka and R. have smilar functions
to those of ther unconstrained analogues, 1a and Pa, but with obvioudy different interpretations.
Wheresas |, and Pa relate to a comparison of the observed counts with al possible rearrangements
over the sample units, Ka and R. relate only to a comparison with a subset of these rearrangements,
where the degree to which the counts occupy the edge of the sampled area matches closely that of
the observed data. This extra index dlows a fuller description of the observed pattern, athough
interpretation must be done with care.

More importantly, the constrained randomizations may be used with a further dgorithm (Perry,
1996) to smulate spatid arrangements of counts with given levels of aggregation or regularity. The
automatic generation of such arrangements will prove useful in Smulaion models and in evauations
to compare the efficiencies of different sampling plans for pest monitoring (Parker et al., 1997). In
particular, this may be used to permute a set of observed counts between sample units, to form a
different arrangement, but one with a very amilar degree of aggregation (defined through the
distance to regularity) and a very smilar degree to which the counts occupy units towards the “edge
of the sampled area (defined through d, the distance between the centroids of counts and units) as
the origind. Furthermore, because of the multiplicity of possble permutations, for most sets of data
it is possble to find hundreds of such different arrangements. The agorithm works by sdecting pairs
of counts & random and exchanging them if certain criteria are met, sarting from a random
permutation of the counts. As an example, A.K. Murchi€'s observed counts of a weevil (Perry et
al., 1996) for which D=716.3 and d=0.45 (Figure 133) were permuted to give an arrangement with
a vay dgmilar paten, D=716.8 and d=0.34 (Figure 13b). (Note how thorough is the
rearrangement, so that there is virtualy no correation between the observed and permuted sets.)
Parker et al. (1997) show how this may be extended to use Taylor's power-law to generate counts
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from smple discrete ditributions such as the congtrained negative binomia (Perry & Taylor, 1988),
prior to their arrangement to match observed patterns of the cabbage aphid, at severd spatia scaes,
to aid in the design of efficient sampling schemes (Perry, 19943).

Finally, another common source of data occurs when two populations are studied, with a count from
both being available at each sample unit. The two populations may be spatialy disassociated, as for
an insect hogt in refuge from its paradtoid attacker, where the counts are negatively correated; or
they may be pogitively associated, as for diseased plants and their pathogen; or they may occur a
random with respect to one another. The two populations may be different species sampled at the
same locations smultaneoudy, or they may be the same species sampled at the same locations but
on two separate occasions, yidding measures of between- or within-species association,
respectively. As another smulation tool, Perry (1996) described a further adgorithm to generate an
arrangement of agiven set of counts over predefined locations, a which there are known counts of a
second s, with any desired level of association between the two. However it is the andlyss of
asociation that will prove more useful.  Currently, few techniques exigt for its andyss with count
data, beyond the cdculation of a smple corrdation coefficient, which is in any case of dubious
datidicd vdidity. Perry (1997b,d) notes the importance of (i) conditioning on the observed spatia
pattern of each population separately before andysng their association; (i) using al the spdtid
information in the sample, for ana ogous reasons to those given above for single populations; and (iii)
congtructing indices that take account of information from nearby but not coincident units. For an
example of the importance of this last prerequisite, consider the two sets () and (b) of atificia
counts of two species in the 5x5 grid shown in Table 2, where a blank entry denotes a zero count.
The two sets have much in common. In both sets, there is a sSingle coincidence (row 3, column 3) of
anon-zero entry for species 1 (counts in bold) with a non-zero entry for species 2 (countsin italics);
hence the correlation coefficient, -0.0826 on a logio(n+1) scale, isidentical for both sets, and very
smal. Also, in both sets, the same counts are used for species 1 and for species 2, and, for the
former, they occupy identical podtions. Furthermore, the degree of aggregation for species 2 is
identical for both sets, because their arrangements are identical save for a rotation about the central
cdl and areflection in the diagonal. However, visudly, the pecies counts in set (a) clearly appear
asociated, and those in set (b) highly disassociated. It is the closeness of the species in non-
coincident unitsin the top-right region of set (a) which reinforces the impression of association.

Perry (1997d) developed the earlier ideas in Perry (1997b) to construct two separate indices of
association, each with its corresponding forma randomization test. Both of these use the techniques
described above from Perry (1996) to construct constrained randomizations that condition on the
goatid pattern in asngle population. One of these uses information from nearby unitsimplicitly. The
other is itself composed of two components: the fird is a corrdation-like measure; the second
component uses information from nearby units explicitly, by comparing the 1AF plots of the two
populations. Because each unit in the IAF plot may have severd inflows or severa outflows, each
with a strength and direction, s0 the vector totd inflow or outflow has an overdl drength and
direction for each unit, and the absolute difference between the vector directions of the two IAF
plots for theith unit (modulo 180°%), wi , provides a measure of the contribution towards the degree
of association for that unit. Small differences, where wi »0°, indicate association; large differences,
where wi »180°, indicate dissociation; values around wi »90° indicate a random placement of one
population with respect to the other. The weighted sum of these contributions forms the second
component mentioned above. As an example, consider the two populations in Table 1 (a) and (b),
the IAF plots from which are shown in Figure 11. The values of w: for these populations are
plotted in Figure 14. As was discussed above, the two IAF plots are dissmilar, yet neither is there
any strong dissociation between the two patterns. Such a conclusion is consistent with the values of
wi shown, that range from 0° to 112.5° with an average of 71.4°, indicating a random placement of
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one pattern with respect to the other. Perry (1997d) gives further graphica aids to interpretation,
and examples of andysesfor larger data sets with positive association.

Free software for dl the methods discussed in this section is available from the author.  This is
written both in Vax-Fortran and, more conveniently, in Microsoft Fortran suitable for running under
WindowsNT and Windows5. Although there is some documentation, dl the programs would
benefit from a user-friendly front end which | currently have neither the time, funds, nor expertise to
provide mysdlf. Thisis urgently required and must be a priority for the neer future. E.D. Bdll, of the
Universty of Leicester, has made progress on severd fronts, notably by writing a metapopulation
dispersa and agglomeraive model (Perry et al., 1996) based on the SADIE concepts, and by
extending the distance to crowding indices to those that will be of use when there are severd clusters
in the data. This latter solution is likely to be far more practicable and informétive than the partia
solution offered by Perry (1997¢). Hopefully, consderable further data andysis over the next few
years will reved the benefits of the SADIE system.
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TABLE 1

Three arrangements of 36 individualsin a 3x3 grid (a-c), and the baseline extremes (d-e) with

which they are compared
Observed arrangements
(@) 'Crowded' (b) 'Random’ (©) 'Regular’
8 6 3 2 8 5 4 3 5
5 4 2 6 3 2 2 8 3
3 3 2 4 3 3 6 2 3
D=1354 D=9.30 D= 7.40
P2 =0.005 Pa =0.503 Pa =0.968
Average vaue of D for randomized arrangements of these counts = 9.03
la =1.50 la =0.99 la =0.82
Basdlines for comparison

(d) Complete regularity (e) Complete crowding

4 4 4 0 0 0

4 4 4 0 36 0

4 4 4 0 0 0

TABLE 2
Sets of counts (a) and (b) exemplify different degrees of association
@ (b)

Row 1 3 2 4 2 4
Row 2 4 2
Row 3 11 3 3 11 3
Row 4 4
Row 5 2

Col.1Col.2 Col.3 Col.4 Ca.5 Col.1 Col.2 Col.3 Col.4 Cal5
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