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ABSTRACT 

In those population dynamics currently being investigated in 

which dispersal is considered, the assumption is commonly made that dispersal 

is a random-walk process. 	This assumption is challenged and evidence 

is presented that the dispersal of insects from an aggregation does not 

conform to the physical model of diffusion. 

The distance of dispersal is shown to be density-dependent 

and this can account for the observed deviation of dispersal from random-

walk.. It is conceded that there is a random element in migratory 

movement but it is suggested that it is the orientation of migrants which 

has a significant random component. 	This is investigated with a simulation 

model of locust movement, and it is found that the degree of orientation 

required to account for observed mortality is very low. 

A behavioural theory of population redistribution is developed, 

using the premise of density-dependent movement. 	Simulation models of 

this theory, in which orientation is near-random and distance moved is 

density dependent, generate the same kinds of spatial patterns of population 

density as are observed in nature. 	Predictions of the theory are given 

and supporting evidence presented where it is available. 

The behavioural model has no obvious points of contact with the 

existing population dynamics models, so a semi-analytical population model 

is presented which demonstrates how changes in distribution in space can 

complement changes in abundance in time. 

A possible source of confusion between density and number is 

pointed out and resolved using the logic of the behavioural model. Also 

some speculations are made on, and the implications discussed of, the 

importance of density-dependent social behaviour (of which migration as 

described by the model is one facet) in the regulation of populations. 
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And many races of living things then have died out and 

been unable to beget and continue their breed. For in 

the case of all things which you see breathing the breath 

of life, either craft or courage or else speed has from the 

beginning of its existence protected and preserved each 

particular race. 

(Munro's translation of De Rerum Natura — 

Book V: 855-859. 

Titus Lucretius Carus, 95 - 55 B.C). 

"And now there are badgers here again. We are an enduring 

lot, and we may move out for a time, but we wait and are 

patient, and back we come.... Animals arrived, liked the 

look of the place, took up their quarters, settled down, 

spread, and flourished". 

(Badger in Wind in the Willows. 

Kenneth Grahame, A.D. 1859 - 1932). 
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CHAPTER ONE 	INTRODUCTION 

1.1 	Definitions 

Because there are nearly as many definitions of "migration" 

as there are workers in the subject, it is necessary to define what I 

mean by it. 	The Shorter Oxford English Dictionary (1933) defines 

"to migrate" as "to move from one place to another", and this is the 

definition adopted here. 	However, the OED adds a qualification for 

birds and fishes "to come and go with the seasons". 	This qualified 

definition is more familiar to those ornithologists and others who 

have objected to the use of "migration" to describe insect displace-

ment on the grounds that a regular seasonal return flight is an integral 

part of migration. 

C. B. Williams tends to this view: 

"I considered that the absence of evidence of any 
return flight in insects was an expression of our 
ignorance rather than our knowledge." (Williams 1958). 

His studies were confined almost exclusively to the Lepidoptera where 

information has accumulated in favour of such a hypothesis (e.g. South 

1830, Pepper 1932, Common 1954, Urquhart 1960, Nielson 1961, Roer 1968). 

But in species such as aphids, the notion of asystematic return flight 

is untenable: there may be many hundreds of generations between descendants 

occupying the same geographical location. 	To overcome this difficulty a 

less rigid definition of migration is required. 	Taylor & Taylor (1977, 

1978) have emphasised that the important feature of migration is the 

displacement between place of birth and place of reproduction. 	This 

idea is not novel: Cavalli-Sforza (1962) assumed it in his study of 

man's migrations and Southwood (1962) adopted it as his definition in 

his analysis of terrestrial arthropods adapted to life in very short-lived 

habitats. 	Later Southwood (1977) argued, as have Taylor & Taylor (1977) 

that since all habitats are of finite duration, migration must have been 

retained in the behavioural repertoire of all animals even when not easily 

recognised. 	Long-lived species adapted to regularly varying habitats may 

respond in one of two ways: they may lie dormant during hostile periods 

or may vacate the region to return later. Usually when this occurs, one 
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site only is used for reproduction and the other(s) for vegetative 

functions. 	The systematic daily or seasonal oscillations between areas 

is akin to human commuting and, since I have eliminated it from my 

definition as a characteristic of migration with which it is popularly 

associated, I consider the regular movements between two regions to be 

"commuting". 	The habit is not limited to birds and fish though: the 

annual movement of Monarch butterflies (Danaus plexippus L) (Urquhart 
1960) and the foraging movements of cockchafers (Melolontha sp) (Schneider 
1962) are regarded as commuting. 

From a population dynamics viewpoint, I therefore maintain, 

the relevant movement is that between the place of birth and the 

subsequent reproductive site or sites. 

Johnson, in his book Migration and Dispersal of Insects by 
Flight gives the impression that migration is a group activity: 

"It is usually exemplified in the transfer of populations 
from place to place by mass flights" (Johnson 1969). 

In this he is in agreement with Heape (1931) and Brower (1961) who go 

further by maintaining that true migration occurs only when a crowd of 

insects travel together, more or less in the same direction which they 

appear to control. 

However, I think that it is only strictly true to say that 

individuals migrate, just as only individuals eat, even though they may 

do so in the company of others (not necessarily of their own species). 

Williams seems to have been of like mind even when he viewed the massive 

communal flights of Lepidoptera when he stated that migration is 

"something quite normal in the lives of millions of individuals 
belonging to hundreds of species" (Williams 1958). 

"Dispersal" is a word often associated with or distinguished from 

"migration" and this dichotomy is exemplified by the title of Johnson's 

(1969) book. 	Dispersal is usually used to imply the scattering of a 

population over a wide area and often carries the connotation of passive 

displacement. 	This was Johnson's meaning of the word which is borrowed 

from physics, where it is almost synonymous with diffusion and can be 

defined roughly to be the process of separation which may occur when a 
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concentration of particles is released at a point. 

The definition of diffusion given in A Dictionary of Statistical 

Terms quite specifically implicates randomness: 

"The process is such that the 'displacement' of the variate 
(its increment) in time dt follows a Normal distribution 
with variance proportional to dt." 	(Kendall & Buckland 1971). 

However, in biology the added component of behaviour means that displace-

ment need not necessarily be random, or passive either. 

Separation of individuals from a point source suggests an 

artifical gathering, the members of which migrate away from the source 

and from each other. The word "disperse" would be appropriate in an 

experiment where marked insects are released at a point, to be recaptured 

later at other places separated from the source by varying distances. 

Applied in the context of a female leaving a large number of offspring 

at a single point, "to migrate" and "to disperse" are practically synonyms 

for the subsequent movement of the young. 	The common house fly Musca 

domestica (L) appear to do this (Schoof & Siverly 1954) and Johnson (1969) 

classified it as an example of the simplest kind of adaptive dispersal. 

Dispersal is thus a characteristic of groups. 

A group of individuals concentrated at a single location is 

sometimes treated ecologically as "a population" although this is a 

statistical concept restricted to all the members of a defined category 

rather than just a particular location. 	The portion of a population 

which can be considered to be a unit, I shall call a population element 

with a limited existence in time. 	Dobzhansky & Wright (1943) invented 

the term "panmictic unit" to describe such a group, but this has the 

unfortunate connotation of random mating. 

If the migrating individuals of a population element should move 

more or less together, so that the integrity of the element is preserved 

but the average position in space changes, the population element will be 

considered to have drifted. 	This process may occur over many generations 

and will usually appear to be passive. 	The pressures leading to drift 

will, depending on the time scale, be either ecological or evolutionary. 

An example of the latter is the beetle Aphodius holdereri Reitter cited 
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by Coope (1973, 1975), which has lived in the British Isles during several 

ice ages but is now only found in the Tibetan plateau. 	Locust swarms are 

an example of the drift of population elements on an ecological time scale 

(Kennedy 1951, Rainey 1951). 

The original use of the word "drift" (Felt 1928) can be seen to 

be a special case of that proposed here. Felt called the passive aerial 

displacement and mixing by wind, of "aeroplankton" such as aphids, "drift" 

although there is an active component even here (Kennedy et al. 1959a,b). 

I do not, however, limit "drift" to superficially passive movement. The 

nomadic and quite active migrations of herding ungulates in East Africa 

are also drift on an ecological timescale. 

1.2 	Characteristics of migration 
The Oxford English Dictionary definition of migration suggests 

at least three fields of interest in the study of migration and Williams 

(1930, 1958), Kennedy (1951, 1969) and Johnson (1960, 1969) each 

concentrated on different aspects. 	Williams' interest lay almost 

exclusively with how insects orientated themselves because he was 

convinced that the prolonged unidirectional flights of Lepidoptera he 

continually witnessed in the tropics were "purposive": the direction 

was maintained by each individual and was the same each year. 

Kennedy, on the other hand was interested in what motivated 

migrants and thus looked for behavioural characteristics of migration 

especially at the beginning and end. 	The translation from one location 

to another, usually separated by a region of less hospitable terrain, 

apparently explains the behavioural qualities of insect migration of 

lengthy and undistracted flight. 	It is these qualities of flight which 

Kennedy considered to be not only a definition of migration but also the 

keys to understanding what motivates migrants. 

Often there is an observed fixed minimum period of persistant 

locomotor activity during which the threshold for flight is low, while 

that for other activities is high. 	Furthermore, as flight progresses 

the situation reverses itself and the threshold for response to host 

stimuli is lowered. 	The theory is that, while the flight is bringing 
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the migrant into the appropriate stimulus situation, it also satisfies the 

migratory drive, thus exchanging the thresholds. 	This mutual antagonistic 

model has much in common with Sherrington's successive induction model of 

spinal reflexes, and has been called the Sherrington-Kennedy theory of 

behaviour (Southwood 1962) to distinguish it from the Lorenz-Tinbergen 

theory of innate and learned behaviour in which migration is a genetically 

programmed behaviour pattern which can only be modified by experience. 

Applied to insects this theory lacks conviction because few insects migrate 

more than once. 	The distinction between the two theories, while possibly 

of philosophical interest, has little to offer ecology because neither 

explain why an animal migrates, just how migration is mediated. 	The 

infrequency of changes in direction or "straightening out" is a definite 

behavioural factor and is the crucial point in distinguishing between 

migratory and trivial flight which both Kennedy and Southwood regard as 

important (Kennedy 1961a, Southwood 1962). 	This distinction is 

undoubtedly important in the study of motivation and may be of descriptive 

value but it is a distraction ecologically (Taylor et al.1973). Using 

his behavioural criteria, Kennedy (1961a) suggested that dispersal be 

defined as the separation of individuals (decrease in density without 

decrease in total number) in the absence of inhibition of vegetative 

responses. 	With his interest in the integration of behaviour at the level 

of the individual, Kennedy under-emphasised the ecological aspects: 

"If an animal responds to the shortening days of autumn by 
migrating, that is behaviour, the central nervous system is 
at work; if it responds to the same stimulus diapausing 
that is development physiology." (Kennedy 1956). 

Yet migration and diapause may have much the same ecological function, the 

ecological difference being that they operate in different dimensions, space 

and time. 

Johnson, whose interest was more evolutionary, was able to relate 

the individual to its population. 	He looked on migration as an 

"evolved adaptation rather than as a current reaction 
to adversity." 	(Johnson 1960). 

This being so he looked for ontogenetic reasons for migration. Like 

Williams (1958), he was impressed with the fact that migration appeared 
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to be part of a chronological sequence in the life history of the animals 

he looked at. 	He found that migration was usually intimately associated 

with reproduction; this association he termed "the oogenesis-flight 

syndrome" (Johnson 1960). 

During ontogeny the ovaries and the flight apparatus develop 

variably relative to each other, and the development of either system 

can be inhibited at any instar while that of the other continues. Thus 

at one extreme flight-worthy females emerge from the previous instar 

with undeveloped ovaries, a state typical of migrants. 	At the other 

extreme males are lost, and wingless female larvae become sexually mature. 

That is to say the individuals are flightless, parthenogenetic and paedo- 

genetic'. 	These two extremes represent the adult and juvenile conditions, 

the "sensori-motor" and "vegetative specialization" of Kennedy (1961a,b). 

Probably there are always slight morphological differences, even between 

the flight-worthy, since aliencolae of Aphis fabae Scop. may produce fully 
alate individuals but which are behaviourally non-migrants. 	These have been 

separated into three distinct groups by Shaw (1970a, b, c); migrants which 

always fly before depositing nymphs, flyers which deposit a few nymphs 

before flight and non-flyers (- non-migrants) which never fly but may 

themselves produce migrants and flyers. 	This range of behaviour results 

in a colony of A. fabae, spreading its risk, but it means certain suicide 
for the non-flyers when the colony's resources are exhausted. 

1.3 	Causes of Migration 
This controversy e chas;zed three hypotheses about the causes of 

migratory flight. 	Perhaps the earliest hypothesis was a tacit assumption 

that migrants merely respond to currently adverse factors in the environment 

(such as shortage of food, or "overcrowding") by leaving. 	This is not 

unreasonable since crowding and environmental deterioration must be inimical 

factors if each individual organism has a minimum resource requirement which 

becomes threatened by increased density (though not necessarily by increased 

total population). 	For example insects have been thought to migrate in 

response to hunger when "over crowding" limits food availability. 	The 

intermittent locomotor activity of house flies and blowflies, which seems 
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to account for much displacement between ephemeral breeding sites, and 

so serves a migratory function is controlled by current stimuli especially 

those associated with feeding. 	The idea that butterflies migrate in search 

of food is old (Tutt 1899). 	However, the prolonged flights of typically 

migrant species cannot be explained merely in terms of current responses 

by the adults to factors such as changes in diet. 

The second approach is implicit in the frequent classification, 

especially of insects, into migrant and non-migrant species. 	This appears 

to assume a simple basic genetic mechanism, which is equally unsatisfactory. 

The later ontogenetic hypothesis postulated that, when particular factors 

in an environment become unfavourable, they act as token stimuli to 

influence ontogeny and cause some insects to develop into specifically migrant 

morphs (Kennedy 1956, Johnson 1963) thus incorporating a genetic basis 

but with a more sophisticated environmental cueing system. 

There is little doubt that migrations often occur when the 

quality or quantity of food changes as a result of change in insect density 

or climate. 	Also, an increase in population, or a deficiency of food, 

often leads to increased locomotor activity. 	It is not the observations 

about the association that are in doubt, but the interpretation given to 

mediating mechanism and the tendency to regard migration mainly in terms 

of an immediate behavioural response to adversity. 	There can be little 

doubt that crowding causes ontogenetic differences in some species, either 

directly on development or by affecting development through alteration 

of food supply. 

Crowding of adult Schistocera gregaria Fōrskal shortens the pre-

oviposition period, while delayed sexual maturation isaprerequisite for 

migration over long distances. 	Crowding of adults helps to shorten and 

synchronise the maturation of both sexes. 	Migration in A. fabae may 

be caused at least in part by the condition of the host plant, especially by 

the concentration of cell sap since more alatae were produced on leaves in 

which the sap was more concentrated than on those in which the sap had been 

diluted by well watering the plants (Kennedy et aZ. 1958). 	The factors 

which lead to changes in development and behaviour in aphids and locusts 

need only to be correlated with crowding to be effective. 	Perhaps because 



these three very influential workers concentrated their efforts on 

different aspects of the same phenomenon,no fundamental theory of migration 

emerged. 	In fact little progress was made until Southwood clarified the 

issue by demonstrating the ecological significance of migration (Southwood 

1962); that it was a means of keeping pace with the spatio-temporal 

variation in habitat, something that naturalists had long suspected. 

In spite of erroneously attributing the habit to species advantage, 

Southwood (1962) convincingly demonstrated that the prime evolutionary 

advantage of migratory movement lies in its enabling the individual to 

keep pace with the rate of change of its habitat. 	His demonstration 

of this principle involved relating the degree of migratoriness of a 

species with the impermanence of its habitat. 	Thus the means by which 

migration is achieved is not relevant. 	Southwood suggested that the 

distinction between active and passive dispersal is artificial but he 

did as Heape (1931) did, distinguish between migratory and trivial movement. 

Trivial movements can only be defined by their behaviour or ecologically 

by their outcome, since a movement which starts out as behaviourally trivial, 

a feeding loop (Cavalli-Sforza 1962) for example, may become migratory by 

accident. 	This has been called vagrancy (Bodenheimer & Swirski 1957). 

Although Southwood (1962) considered only movement away from the population 

element, he acknowledged the point that the relevant movement is between 

birthplace and place of reproduction and thus that movements within the 

element may also be migration. 

The several definitions of migration each recognise qualitatively 

different aspects of a (behavioural) activity which is both ubiquitous and 

complex: the very differences of accent confirm the behavioural complexity. 

And yet there is a property of migration which transcends the definitions, 

making migration a fundamental part of the processes of life, along with 

growth and reproduction. 	The property which is common to all the different 

definitions is movement. 	The importance of movement as an activity which 

can be quantified has often been underestimated (although there have been 

some important exceptions in applied entomology - Parker 1916, Glick 1939, 

Morris 1946, Taylor 1958) and, as a result, restrictive assumptions about 

migratory behaviour have been made (e.g. Pearson & Blakeman 1906, Dobzhansky 

& Wright 1943, Broadbent & Kendall 1953). 	But since behaviour opposes 
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entropy, assumptions leading to diffusion and other entropy-producing 

processes are untenable. 	Deductions, therefore, made from such assumptions 

may be misleading. 	For example, the population genetics of Dobzhansky & 

Wright (1943) predicts a very low degree of genetic heterogeneity in local 

populations (Wright 1946), which Lewontin & Hubby (1966) have shown to be 

very much higher than expected (Powell & Dobzhansky 1976). 

1.4 	The assumption of randomness 

The principal architects of population genetics, R. A. Fisher, 

J. B. S. Haldane and Sewell Wright built their mathematical theory of 

evolution on a fundamental assumption: that the likelihood of an individual 

mating with a partner of any particular genetic character is proportional 

to the relative frequencies of its genes in the population. 	Formally, 

in a Mendelian population, matings are conducted panmictically with respect 

to any defined genotype. 

This assumption has its origins in the work of Hardy (1908) in 

England and Weinberg (1908) in Germany. 	Their independent papers, known 

as the Hardy-Weinberg Theorem, state that the frequencies of alleles in a 

Mendelian population will remain in equilibrium unless one of the following 

evolutionary forces act upon them: 

a) selection - in which alleles may have differential survival, 

b) genetic drift - in which random variations of gene frequencies 

in small populations may act as though selection had operated, 

c) mutation - in which one allele spontaneously changes into 

another, 

d) migration - in which the carriers of one allele are more likely 

to emigrate than carriers of another. 

The first three assumptions involve only time and are thus most easily 

investigated: Haldane and Fisher tackled the first, defining such parameters 

as adaptive value, Darwinian fitness and selection coefficient (Fisher 1930, 

Haldane 1932), while Sewell Wright (1931) investigated genetic drift and 

De Vries (1910) and Muller (1927) studied mutation. 
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The breakdown of the no-migration assumption implicit in panmixia 

was left until 1943 when Dobzhansky & Wright attempted to quantify dispersal 

and thus enable them to predict the flow of genes through the gene pool 

in space as well as time. The work of the previous thirty years had 

emphasised randomness as an assumption: this largely was a result of the 

relative ease of handling the mathematics, but also perhaps because of the 

mechanistic attitudes, prevalent at that time, which were felt to represent 

objectiveness. 	As a result, Dobzhansky & Wright chose as their model of 

dispersal, diffusion which makes the twin assumptions of independence and 

constant power of dispersal. 

A major objective of this thesis is to demonstrate that these 

assumptions of randomness are false because behaviour is never random, 

even when superficial analysis suggests that it is. 	This is first 

exemplified in consideration of the relationship between density and 

distance of dispersing insects. 
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CHAPTER TWO 	DENSITY-DISTANCE EQUATIONS 

2.1 	Introduction 
The tractability of the mathematics of random walk and their 

general applicability to physical systems has encouraged mathematicians 

to apply the same assumptions of randomness in biology. 	But the very 

physics from which they derive suggest caution, and biologists naturally have 

been reluctant to adopt the mathematics of randomness. 

Even physical scientists accept the limitations of their simplify-

ing assumptions, but they are able to take their deductions further because 

of the general applicability of the laws of thermodynamics: 

a) heat and mechanical energy are interchangeable at the fixed 

rate of exchange of 4.18 joules/calorie. 

b) heat does not of its own accord flow from cold to hot regions. 

The stochastic process of random walk governs all physical energy 

dissipating processes: i.e., the entropy-producing processes of transport 

of momentum (friction, resistance, viscosity), transport of energy (thermal 

conductivity, electromagnetic propogation) and transport of mass (diffusion). 

All such processes are thermodynamically irreversible, going down a concentrat-

ion gradient. A fundamental characteristic of living organisms (as opposed 

to dead ones) is that they can act in opposition to such concentration 

gradients. 

Furthermore the deductions from the laws of thermodynamics depend 

on the existence of a conserved quantity - energy. 	There is no known 

biological equivalent to energy as Maynard Smith (1974) has pointed out, 

although many models have been developed and investigated on the assumption 

that there is (see for example Goel et aZ. 1971). 
Karl Pearson was rather critical of the biologist who 

"discards mathematical reasoning, instead of testing the result 
as the physicist does by experiment and observation" (Pearson 
& Blakeman 1906). 

This was unfair, as the biologists of the day lacked the long history of 

scientific endeavour enjoyed by the physical scientists and moreover were 

ill-equipped to argue mathematically what they perhaps intuitively realised, 

that all acts of behaviour are non-random events. 	The case that they 	might 

have put is only now becoming apparent as experimental and field biologists 

learn to describe quantitively the behavioural processes they study, but 
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the difficulty of defining non-random processes remains, except when they 

are regular, an even less common biological condition. 

The mathematical theory developed by Pearson is too complex for 

verification, but it apparently influenced R. A. Fisher who predicted that 

the spread of genes in space would be found to obey the Gas Laws (Fisher 

1922). 	The theory developed by Sewell Wright (Dobzhansky & Wright 1943) 

attempted to verify this and is a special case of that presented by Pearson. 

Although the results of Dobzhansky & Wright (1943) failed to 

conform to the theory, as did the analysis in Skellam's (1951a) paper, later 

experiments by Dobzhansky & Powell (1974) appeared to do so. 	However the 

relationship between density and distance of dispersing animals is not as 

simple as the diffusion models of Pearson & Blakeman (1906), Dobzhansky & 

Wright (1943), and Skellam (1951a) suggest. 	The fact that so few data 

do actually fit these models is a strong indication that the underlying 

mechanisms of dispersal are far more complex than the Gas Law assumptions 

(Fisher 1922) suppose. 	Until we understand more about the behaviour and 

evolution of dispersal, a functional model for the density-distance relationship__. 

is unlikely to be deduced. 

General empirical models will nevertheless permit comparison 

between species and may even indicate those elements of behaviour which 

any functional model must have as a basis. 	They may at least show how 

complex the spatial behaviour can be and perhaps give some idea of the 

functional form of the relationship and the number of parameters needed. 

This chapter develops a family of empirical regression models 

with a familial resemblance to the gamma distribution rather than the 

normal, and which may provide this basis. Also some corrections to the 

existing (normal) theory are discussed, from which it can be seen why the 

diffusion models sometimes appear superficially to apply but, on deeper 

investigation, fail. 

2.1.1 	Some mathematical theory 

A particle is able to move Ax to the left or right. 	At time t = 0 

its position is x = 0. 	At time t = 1,2,3, ...etc., the particle moves 

to the right (+ve) or left (-ve) with probabilities p and q = 01-p) 
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respectively. 	After n seconds the probability of being at x = r 

is given by the binomial distribution: 

, 
p 
 (n-fr)/2q  (n-r)/2 

p(x =r)  
(n+r)/2! (n-r)/2! 

(n+r) even, 

0 	 (n+r) odd. 

With Ax the step length, the mean displacement per step is given by: 

E(x) = pAx - qAx = (p-q)Ax 

which is zero if p = q = 0.5, and the variance is given by: 

V(x) = E(x2) -E2(x) = p(Ax)2   + q(Lx)2   - (p-q)2(Ax) 2  

= 4pq(Ax)2  

If At is the interval between steps the mean and variance of total 

displacement d in time t is given by: 

E(d) = t(p-q)dx/At = 2ct 

V(d) = t4pq(Ax)2/At = 2Dt 

where c and D are constants known as the coefficients of drift and 

diffusion respectively. 	In the limit, as Ax and At approach zero, 

subject to the conditions that Ax/At and (Ax)2/At remain finite, the 

binomial distribution, p(x =r) approaches the normal density function 

with mean 2ct and variance 2Dt: 

0 (x, t) = 	
1 	

exp 	(x-2ct) 2  
✓4IIDt 	4Dt 

where 4,(x,t) is the probability that at time t the particle's position will 

be between (x - idx) and fx + 4dx). 

A similar result is obtained by application of stochastic processes to the 

problem. 	Let 41.(x,t) be the probability that a particle is at x at time t. 
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For the particle to be at x at t + At it must have been either at 

(x + ax) or (x - Ax) at time t. 	Thus, if the probability of a step 

to the left is p and to the right is q, then 

(x,t + At) = pO(x - Lx,t) + Wx + ex,t) 

Expanding both sides by Taylor's thoerem and ignoring third and higher 

order terms yields: 

(50(x,t) - 2c  W x,t)+  D  S24)(x,t)  

St 	Sx 	dx2  

This result is known as the Fokker-Planck equation: its equivlaence to the 

normal equation is given in most statistical physics texts and in Pielou 

(1977). 	Equivalences exist for equations of diffusion, with or without 

drift for n dimensions. 	The mathematics becomes greatly complicated by 

the addition of extra dimensions, though, of course, greater realism 

may also be achieved. 

One simplification may be made to the diffusion equation, the 

one adopted by Dobzhansky & Wright (1943), omission of drift: 

11(x,t) - 	
1 	

exp 
4;Dt 

-X2  

4Dt 
J 

This may be considered to be a normal distribution with zero mean and 

2Dt = 02  is the characteristic variance of the distribution given by 

Var(X) = Efx2/N where x is the distance at which the dispersing organism, 

in this instance the fly Drosophila pseudoobscura Frol., is found from 

the point of release, f is the frequency of such flies and N is the total 

number of flies caught (in their experiments Dobzhansky & Wright put 

N = n + c, where n is the number caught and c is the number caught at the 

centre which is counted twice because of the cross-shaped pattern of traps). 

The diffusion of particles from their point of release is thus 

characterised by the diffusion coefficient, D and the time t. If the 

assumptions are valid, the equation should fit data of dispersing insects 



Fig. 2.1 	Variance of Dobzhansky & Wright's first four 

Drosophila dispersal experiments plotted against 
time. 	Each experiment has a different gradient, 

corresponding to the coefficient of diffusion in 

the Fokker-Planck equation. 	The rate of change 

of variance with time is thus not a species 

characteristic. 	(From Table 14, Dobzhansky & 

Wright 1943). 
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of constant D sampled at time t. 	Thus Q2 should be linearly related 

to time, and D a species characteristic. 	This was not found to be so 

(Fig. 2.1). 	The variance alone does not give a satisfactory description 

of the observed distribution, because the distribution is leptokurtic. 

Kurtosis is measured by K(X) 

 

= ~~JFfx' /(Efx2)2. For the normal curve, 

K(X) = 3.0, while Dobxhansky & Wright (1943) obtained values in excess 

of 3 which declined with time. 	According to Bateman (1950) non- 

independence of movement of dispersing animals would result in distributions 

with narrow mode and long tails (leptokurtosis). But Skellam (1951b) 

suggested that differences in the population's powers of dispersal (differences 

in step length, dx) would also result in leptokurtosis. 

The two-dimensional equation for diffusion without drift was 

employed by Skellam (1951a). A random particle diffusing in any 

direction at regular intervals (t,t + w,t + 2w, 	)  with a probability 

density fuction denoted by 'Y(x,y,t + w) has expected position of 

`1 (E,n,t) for all (E,rl) on a circle of radius c around (x,y) . That is, 

211 

	

'Y (x, y, t + w) = 1 
	

(x + ecose, y + csin8, t)d8 

	

27r 	o 

Expanding by Taylor's thoerem gives the differential equation: 

r 

d'Y - E2 

dt 4w 

62T 62T 

dx2 ōy2 j 

 

which is the Fokker-PlancK equation for diffusion without drift in two 

dimensions. This equation is satisfied by the distribution: 

= w exp 	-w (x2 + y2) 
7rE2t 	E2t 

Taking polar transformations x = rcose, y = rsin8 gives the distribution 

of absolute distances r from the origin, where c2/w is the mean square 

velocity in Maxwell's distribution. 	After n generations, the proportion 

of the population lying outside a circle of radius Rn is 



Fig. 2.2.1 	The spread of the muskrat (0. zibethica) in 

central Europe in the years following its 

introduction in 1905 (a), was used by Skellam 

to test his model for the spread DP a population 

after n generations. 	The mudel predicted a 

linear increase in population radius, taken as 

Area, with time (b). 	(Taken From Figs. 1 & 2 

Skellam 1951a). 

Fig. 2.2.2 	Logarithmic regression of da2/dt, the gradients 

of the regressions of variance against time in 

Fig. 2.1, against average distance flown is 

significant at 6% of the F-distribution. 	The 

regression coefficient, b = 2.95 (se ± 0.705) 

is significantly different from 1 at '1,10% of 

the t-distribution. _(Average distance flown 

is taken from Table 17 of Dobzhansky & Wright 

1943). 
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By choosing p = 1/Nn,  where I n  is the population number after n generations. 

The relation Rn  = ne 	is obtained where y is the Malthusian parameter 

(Fisher 1930). 	Thus for a population reproducing and expanding out from 

a point source, the area occupied should be directly proportional to the 

time spent dispersing. Skellam was able to show this relationship with 

the data of Ulbrich (1930) of expansion of a muskrat (Ondatra zibethica L) 

population in Europe (see Fig. 2.2.1). 

The success of his model led Skellam (1951a) to conclude that 

his assumption of randomness "is at least approximately true for large 

numbers of terrestrial plants and animals". 	In view of the lack of 

agreement between the observed and predicted behaviour of Drosophila 

this seems an extravagant statement, but it is qualified by the condition 

that since most animals are apparently attracted to more favourable 

conditions, a complication "analogous to gravitational attraction" must 

be added. 

In spite of the lack of supportive evidence for random dispersal. 

Dobzhansky & Wright proceeded to define a unit of population they called 

the panmictic unit, upon which foundation a considerable amount of genetic 

theory has been developed (see in Crow & Kimura 1970). 

The influence of their work on later thinking is due partly to 

the elegance of the concept and partly to the care taken during the 

experiments which produced what are still the best density-distance data in 

the literature. 	The fact that their data did not support their model 

has often been overlooked, although several publications have tried to 

set the record straight (Wallace 1966, Crumpacker & Williams 1973, 

Dobzhansky & Powell 1974, Powell & Dobzhansky 1976). 



-22- 

2.1.2 	An entomological example 

The biological literature contains a large number of reports of 

the decline in density from a centre of dispersal (see for example 

Wolfenbarger 1946, 1959) but it is the entomological literature which 

contains the most useful data. Diptera and Coleoptera are particularly 

well represented because of the relative ease with which they can be cultured 

and marked. 

A simple model follows which illustrates how simply insects would 

have to behave in order to obey the laws of physical diffusion. Imagine 

a flea confined in a long narrow slot. 	It is able to jump one foot in 

either direction. 	Imagine also that it jumps every second and that the 

probability of a jump to the left is equal to the chances of jumping 

right. 	Then the probabilities p and q in the binomial model are equal 

and the expected displacement E(d),is zero, so that there is no drift. 

After t seconds, the approximate distribution of a large number of fleas 

released together and jumping independently is given by the normal 

distribution probability function: 

1 
f(x) = 	 exp -1(x - 02/a2 (2.1a) 

  

where a 2  = 2Dt and u = 0 since there is no drift. 

Unfortunately it is not always possible to obtain data in which the time of 

capture is recorded so that a further simplification may be necessary. It 

may legitimately be assumed that just one value, t , the average time is 

to be used. Unlike the assumptions of constant Ax and independence, which 

are made about the animals themselves and are thus either true or false, 

the elimination of time as a variable is not critical. 

2.1.3 	Regression models 

A parametric form of equation 2.1a which is easier to fit is 

the so-called "half-normal" equation: 

log N = a + bX2 	 (2.1) 

where a and b are constants. 	It is usual to measure one side of the 
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distribution, hence the name. 	This is the linear regression model 

equivalent to that used by Dobzhansky & Wright (1943), that is, the 

diffusion equation in one dimension and without drift. 

In a study of the dispersal of the elm-bark beetle Scolytus 

multistriatus Marsham, Wadley & Wolfenbarger (1944), fitted the following 

equations to the incidence of elm-twig crotch damage at various distances 

from a known centre of dispersal: 

N = a + b log X 	 (2.2) 

N = a + b log X + c/X 	 (2.3) 

Later Wolfenbarger (1946, 1959) compiled over 300 sets of data in two 

monographs and fitted the same two empirical functions. 	Neither the 

Dobzhansky-Wright model nor the Wadley-Wolfenbarger models are completely 

satisfactory, as other writers have pointed out, the former because it 

failed to admit the possibility of non-random behaviour and the latter 

two because they break common-sense boundary conditions of a finite 

density at zero distance and non-negative densities at all distances. 

Wallace (1966), re-analysing Dobzhansky & Wright's data, proposed 

a model which obeyed the boundary conditions and the non-randomness 

condition:. 

log N = a + b /X 	 12.4) 

This equation fits the Drosophila data significantly better than 

equation (2.1), but like Wadley & Wolfenbarger, Wallace chose the equation, 

not on theoretical grounds but on grounds of empirical appropriateness. 

Equation (2.4) has also been used by Hawkes (1972) to describe the dispersal 

of Erioischia brassica (Bouche) in a cabbage field in Warwickshire and by 

Willard (1974) in his study of the scale insect Aonidiella aurantii (Mask.) 

in Australia. 

Paris (1965) argued that the "linear density" P at the 

circumference of a circle of radius r is related to the number n standing 

on that circle by P = n/2irr. He found that this equation failed to describe 

the dispersal pattern of radiophosphorus-labelled isopods but that the 



alternative form 

N = a +c/X 	 (2.5) 

was in good agreement with these data. 	But, like equations (2.2) 

and (2.3), the Paris equation is unsatisfactory since N approaches 

infinity as X approaches zero. 	Paris also fitted four other curves 

to his data. 	In addition to equations (2.2) and (2.3), he used 

log N = log a +b log X 	 (2.6) 

and 

log N= a 4. b X 	 (2.7) 

Gregory & Read (1949) had proposed equation (2.7) to describe 

the decline in incidence of insect-borne virus damage from a centre of 

infection. 	Equation (2.6), in the form Y = a X 
-P

, was used by Wilson & 

Baker (1946) also in connection with the dispersal of viruses, and was 

later favoured by MacLeod & Donnelly (1963) after comparison with equations 

(2.2) and (2.7) for data of Lucilia sericata (Mg.) marked with fluorescent 

dye dispersing from several release points in Northumberland. 

An equation which has not before been tried relates the logarithm 

of number to the reciprocal of distance: 

log N = a t c/X 	 (2.8) 

There is no good theoretical reason for including this expression, except 

for completeness. 

2.2 	Analysis of density-distance data 

Equations (2.1) - (2.8) belong to two distinct groups, namely: 

I 	N= a+ b f (X) 	 (2.9) 

II 	log N = a + b f (X) 	 (2.10) 

-24- 

where, as before, N is the number found at a distance X from the centre of 

dispersal and a and b are constants. 
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The basic assumptions underlying the two groups are quite 

different regardless of the exact form of,f(x). 	In equation (2.9) 

the rate of change of density with distance is independent of N but 

in the second equation, the rate of change of N is proportional to N. 

Mathematically: 

dN= b f'(x) 	vs. 	= N b f'(x) dX aX 

There is good theoretical justification for taking logs 

(i.e. assuming dN/dX ¢N ) because: 

a) variability in N can often only conveniently be 

shown on log scales. 

b) log II is usually more symmetrically distributed about 

its mean than is N about N , and this is important when 

regression analysis is to be employed, 

c) current population dynamics theory (see for example 

Williamson (1972) and Varley et al. C1973)1. 

usually deals with relative changes and these are more 

easily studied using logs, 

d) dN/dXN implies density-dependent dispersal; this point 

will be developed in chapter 4. 

Equation (210) rewritten to facilitate direct comparison with 

(2.9), becomes N = exp (a + b f(X)). 

2.2.1 	Fitting the models 

The eight models compared are: 

Group 	 Formula 	Equation 

I 	 N = a + c/X 	2.5 

N = a + binX 	 2.2 

N= a + binX+c/X 	2.3 

III 	N = exp(a + c/X) 	2.8 

N = exp(a + b 1n X) 	2.6 

N = exp (a + b)/X) 	2.4 

N = exp(a + bX) 	 2.7 

N exp(a + bX2) 	2.1 



Table 2.1 	The average number of D. pseudoobscura caught per 

10 trap-days at various distances from the origin 

during Dobzhansky & Wright's (1943) first three 

experiments. 	(From Table 8, Wallace 1966) 

* Taken as 1 for equations (2.2), (2.3), (2.5), 

(2.6) and (2.8). 

Fig. 2.3 	The number of D. pseudoobscura per 10 trap-days 

dispersing X(m) with the fitted curves (2.1) - 

(2.8) drawn in. 	The increasing leptokurtosis 

can be seen as the exponent in equations (2.8), 

(2.6), (2.4), (2.7) and (2.1) decreases. Also, 

the extremely bad fit of the Dobzhansky-Wright 

model (2.1) is obvious. 	(From Fig. 1, Taylor 

1978). 



30 

25 

Drosophila pseudoobscura(Dobzhansky&Wright,1943) 

50 	100 	150 	200 	250 	300 	350 

20 
2 

u g 15 

10 

Key 

	

— . — . 	N = exp (a • b. Xs) 	(1) 

	

_..__.._ 	N=a•b.InX 	(2) 

N =a. b.InX• c.X-' (3) 

N = exp(a . b.X'n) 	(4) 

30 

25 1 

50 	100 	150 	200 	250 	300 	350 

N =a. c.rt 	(5) 

N = exp (a • b. InX) 	(5) 

N = exp (a • b.X) 	(7) 

N = exp(a • c.X-I) 	(8) 

Key 

-26- 

X(m) 0* 20 40 60 80 100 120 140 160 180 

N 316.5 121.1 116.6 49.6 55.2 27.4 19.4 17.6 14.0 20.6 

X(m) 200 220 240 260 200 300 320 340 360 380 

A) 14.9 13.0 11.2 6.9 7.2 6.4 6.0 7.2 4.4 1.7 

D spersal distance, X metres 

20 

Dispersal distance, X metres 
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These eight models were fitted to Dobzhansky & Wright's data 

(Table 2.1) in order to find the best description of Drosophila dispersal. 

With the exception of equation (2.3), the models can all be mapped into the 

linear regression equation by appropriate transformation of N and X . 

Because it is important for direct comparison, that the left hand sides 

should be the same in each case a routine to minimise non-linear sums 

of squares was used. 	The least squares equation for a general regression 

model is: 

2 

e.= 	Ni — E (Ni; {B }) 

where E. are normally distributed errors with mean zero and variance 

c2 and E(I1.;  {fi }) is the expected value of N. given estimates of the 

regression coefficients {f3 }. 	Powell's (1964) method of finding {13./ 

such that Ee2  is minimised was used. (Appendix I gives the computer 

programme written for fitting non-linear equations by Powell's method). 

The results of iterative fitting of equations (2.1) - (2.8) to the data 

shown in Table 2.2 in which the residual variances range over one order 

of magnitude with equation (2.4) fitting best, agreeing with Wallace's 

(1966) conclusion. 	Equation (2.1), by contrast, fits very badly. Fig. 

2.3 shows the eight curves drawn together with the data. 

2.2.2 	Comparison of models and species 

To answer the question whether equation (2.4) is generally 

applicable to insect density-distance data, it is necessary to compare 

the models using a number of sets of data. 	Few data are as good as 

Dobzhansky & Wright's, and as a result, the proportion of their variance 

accounted for by the models is always much less. 	It is possible to scale 

the ranges of N so that y(N) are of approximately the same order, but 

this was not found helpful. 	The eight models were fitted to the density- 

distance data of seven other authors and compared with Drosophila in 

Table 2.3. 

In many cases the data collected by the originators of the models 

are not sufficient for reliable statistical comparison and only three sets 

of data are taken from the original works, those of Wadley & Wolfenbarger 

(1944), MacLeod & Donnelly (1963) and Hawkes (1972). 	Hawkes' data are 



Equation df 

Mean Squares 

Residual 	Regression 

2.5 N = 	2.43 + 29.83/X 18 10.3258 831.65 

2.2 N = 29.07 - 	5.17 ln X 18 2.8800 965.67 

2.3 N = 22.47 - 	3.91 	ln X + 9.24/X 17 1.7174 494.16 

2.8 N = exp (1.00 + 2.45/X) 18 11.8937 803.42 

2.6 N = exp (3.48 - 0.48 ln X) 18 4.7818 931.44 

2.4 N = exp (3.69 - 0.24 VA) 18 0.8785 1001.70 

2.7 N = 	exp 	(3.12 - ii.tvn X) 18 3.0563 952.31 1 N 
2.1 N = exp 	(3.36 	-. 0.00061 	X2) 18 8.9402 856.59 

a1 

Table 2.2 	Results of fitting the eight equations to Dobzhansky & Wright's D. pseudoobscura data 

The mean and variance of N are 41.84 and 73.18. 	All regressions are significant at 

less than 0.1% of the F-distribution. 
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of P32-marked adult E. brassica recaptured between 08:30 and 12:30 on 

13th May 1968 in a cabbage field. 	Because so many traps failed to catch 

any marked flies, it was necessary to take the catches as (1V + 1) in 

equations (2.2), (2.3), (2.5), (2.6) and (2.8). 	This obviously introduces 

a bias to the fitting which may be reflected in the lack of agreement 

between my results and his. 	Additionally he does not say how he overcame 

the arithmetical problem of log 0 or 1/0 so it is impossible to reproduce 

his results. 	It is noteworthy that the model Hawkes reported as fitting 

best was equation (2.4) whereas Table 2.3 shows equation (2.7) to give a 

slightly lower residual variance. 

The other data analysed are as follows. 	Chalk-dusted Musca 

domestica L. were released from the Montana State Board of Entomology 

laboratory in Miles City, Montana and recaptured at distances of up to 

1966 yards (1798 m) (Parker 1916). 	The catches are expressed as recaptures 

per 100 trap-days. 	Yates et al. (1952) recaptured radio-labelled 

Phormia regina (Meig), previously released near Corvallis, Oregon, 

at 44 sites. 	Their results are expressed as recaptures per 6 trap-days. 

Morris (1946) reported reductions in counts of Tsetse flies (Glossina 

tachinoides, West. and G. paipalis, Rob.-Desv.) at "fly-boys" in clearings, 

expressed as a proportion of the number caught at the fly-belt edge. For 

this analysis, the reduction has-been converted to captures in the fly-belt 

as ten times the proportion of captures at the edge. 	Expressing the catch 

as a proportion of the local population density will tend to reduce the 

sampling error and thus enhance the fit. 	In Czechoslovakia, Taimr et aZ. 

(1967) released radio-labelled 1`eligethes aeneus F. and sampled them in 

35 rape fields up to 15.75 km away. 	The recaptures are expressed as 

numbers of marked beetles per 1000 netted. 

From Table 2.3, it is clear that no single model satisfactorily 

describes every set. of data. 	It is perhaps hopeful to suggest that any 

one mathematical device can describe the diversity of behaviours, but we 

are always looking for greater generality. 



Equation 

Species 	Ref. 	2.5 	2.2 	2.3 	2.8 	2.6 	2.4 	2.7 	2.8 

P. regina 	(a) 	9.9773 	32.6924 	8.5944 	4.7238* 	7.1314 	9.0106 	9.6304 	9.8272 

Al. domestica 	 (b) 	0.6722 	1..4258 	0.4845 	0.4193* 	0.7520 	0.9696 	1.0748 	1.2547 

G. palpalis + tachinoides 	(c) 	1.0731 	2.3527 	1.1429 	1.8620 	1.0730* 	1.1693 	1.3274 	1.6217 

D. pseudoobscura 	(d) 	10.3258 	2.8800 	1.7174 	11.8937 	4.7818 	0.8785* 	3.0668 	8.9402 

L. sericata 	(e) 	1.3075 	0.7058 	0.6962 	1.5588 	0.8675 	0.6067* 	0.7571 	1.1006 

S. multistriatus 	(f) 	14.1983 	9.5700 	6.5430 	23.2215 	10.2215 	8.2376* 	12.7017 	28.7517 

E. brassica 	(g) 	1.3162 	1.8962 	1.2866 	1.8646 	1.3602 	1.1772 	1.1472* 	1.2412 

M. aeneus 	(h) 	0.5546 	0.5196 	0.5240 	0.7752 	0.5378 	0.4424 	0.3924 	0.3491* 

Table 2.3 	Residual mean squares after fitting the eight regression equations to eight sets of insect density-distance 

data. 	*Denotes the best fitting model for each data set. 	References: (a) Yates et aZ. 1952; (b) Parker 

1916; (c) Morris 1946; (d) Dobzhansky & Wright 1943; (e) MacLeod & Donnelly 1963; (f) Wadley & Wolfen-

barger 1944; (g) Hawkes 1972; (h) Taimr et al. 1967. 
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2.3 	A general model 

A common pattern can be visualized from the results in Table 2.3. 

None of the sets of data is best described by an equation of the first 

group (equatiors (2.5), (2.2) and (2.3))so these can be eliminated. In 

the others, the f(X) term is a special case of the form f(X)=  

1,2 (equations (2.8), (2.6), (2.4), (2.7) and (2.1) respectively). 

The singularity c = 0 deserves special attention since, clearly, 

N = exp (a + BXc) 	 (2.11) 

becomes 	N = exp (a + b) 	a constant. 

In such cases it is usual to replace X°  by log X, so as to 

preserve the symmetry of the relationship between c and the residual 

variance. 	Equaticn(2.11) has the statistical form 

Ni  = exp (a + bX2) + ei  , 	Ei 1L N(o, o) 

and the quantity 

2 

E e? = 	N - exp (a + bX1  ) 
2 	?, 	Z 

was minimized using the method of Powell (1964). 

The results of the iterative fitting of equation (2.11) to the 

data are shown in Table 2.4 with the exception of the tsetse data for 

which c=0. 	As a result of the discontinuity when c40, the tsetse data 

are still best described by equation C2.6). 	But in every other case, 

the general model (2.11) gave a slightly better fit than the best-fitting 

special case. 	In some examples the estimated value of c was found not 

to be much different from the fixed value and consequently the reduction 

in residual sums of squares is small and no reduction in residual mean 

square is achieved. 

2.3.1 	Interpretation of c. 

The most striking feature of the majority of density-distance 

data is the high degree of leptokurtosis, which indicates a wide departure 

from the postulated diffusion process. 	Skellam's (1951b) suggestion 



Residuals 

Species 

Parameter values for 

general model 	(2.11) 

General model Best fitting 

special case 

Ref. a b c SS MS SS Eqn 

P. regina (a)  0.2514 1.8707 -0.8153 79.0160 4.9285 80.3049 2.8 

M. domestica (b)  -0.2570 219.3201 -1.1685 10.3944 0.11331 10.4814 2.8 

D. pseudoobscura (d) 3.6953 -0.2433 0.4904 15.8117 0.0301 15.8126 2.4 

L. sericata (e) 0.4601 -1.0234 0.5157 7.3018 0.6638 7.3044 2.4 

S. multistriatus (f) 4.5539 -0.2284 0.3996 64.7619 9.2517 65.9008 2.4 

E. brassica (g) 2.7498 -0.2285 0.8726 17.1725 1.2266 17.2094 2.7 

M. aeneus (h) 1.2365 -4.9x10-15  4.3572 6.1989 0.3263 6.9820 2.1 

Table 2.4 	Results of fitting the general model N = (a + b3;) to insect density-distance data. 

References as for Table 2.3. 
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of differences in jump length leading to high kurtosis seems reasonable, 

although it is not clear what effect this would have on the model. 	The 

assumption of independence challenged by Bateman (1950) is clearly a 

limitation on the behaviour of animals which cannot be supported. 	It 

seems fairly obvious that a large number of flies released at a point 

are likely to interact with one another both during their collection or 

rearing, and at the time of release. Since the number of encounters must 

increase with the number released, the effect may well be to diminish the 

effective velocity of flies at the centre; i.e. to reduce the diffusion 

coefficient D, at least in the initial stages of dispersal. 	Once a fly 

has succeeded in escaping from the central concentration of flies its 

diffusion coefficient might be expected to increase to some characteristic 

level; 	the amount of interference might be a species characteristic. 

We can define the diffusion coefficient to be inversely density- 

dependent: 

D = f(Iū
-1). 

If D is inversely proportional to density, then it should be directly 

proportional to distance (and time). If we suppose that the relation-

ship between diffusion coefficient and distance of dispersal is 

D = BX2-C  a1/7 	 (2.12) 

and substitute into equation 2.1, the result is  equation 2.11. 

The expression r1V/dX=bNf'(X) makes the rate of change of density 

with distance density-dependent, while ci2 suggests density-dependence 

in the diffusion coefficient, with the departure of c from 2 being a 

measure of the departure from randomness. 

Interpretation of c>2 presents something of a problem since 

a priori we should predict that c<2 (and=2 when the particles are inert 

with respect to each other) and yet the results produce one value of 

c=4 (M. aeneus). 	If strong repulsion fallowing escape from high concen- 

trations is the cause of the long tails of leptokurtic distributions, 

c>2 may perhaps be interpreted as repulsion balanced by attraction lead-

ing to inhibition to dispersal at high densities and gradual increase in 

D as dispersal progresses until the rate of encounters is constant and 

D stabilises. 	Such a process would result in nearly regular spatial 

distribution and platykurtic distance distributions. 



c (x-a) ca-1 
P(x) 	 exp — 	

x-a 
(2.13) 

Scar («) 	S 
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The foregoing argument makes the diffusion process envisaged by 

Pearson & Wright seem unlikely, yet the prediction made by Dobzhansky & 

Wright (1943) that distance variance should be linearly related to time 

was upheld by their experiments. 	Their discovery that the diffusion 

coefficient was constant for a given experiment apparently reinforced 

their faith in the model. 	But if a2 = 25tX2-c, regression of variance 

on time cannot be a straight line since X is not constant, However, 

equating o2 = 2Dt to Var (X1 is only valid if the model is the normal 

probability function (2.1a) and it has been shown that this is not the 

case. 	The appropriate model, of which equation (2.11) is a parametric 

form, is the generalized Gamma distribution: 

where A = 0, S-c  = - b,a = 1/c, in c/SI'(1/c) E a. 	The generalized Gamma 

(with A = 0) has mean and variance given by: 

E(X) 5r(a+1/c)/r(a) 

Var (X) = 52 [ r(a+2/c)r(a)-{r(a+1/c)/r(a)}2 1 

If the normal model had been valid, all four experiments should 

have given the same estimate for D, but as Fig. 2.1 shows, the gradients 

2D = dal/dt are all different. 	In the derivation of equation (2.11) 

it was postulated that the coefficient of diffusion is density-dependent, 

and therefore, by implication, distance- and time-dependent. 	The fact 

that the rate of change of variance with time is apparently linear throws 

some doubt on this suggestion. 	However dependence of diffusion rate on 

distance is easily tested. Fig. 2.2.2shows the regression of log 2D on the 

log of average distance flown taken from Table 17 in Dobzhansky & Wright 

(1943). 	The gradient greater than 1 shows a strong non-linear dependence • 

of diffusion rate on distance. 	Consideration of equation (2.12) leads 

to the expectation that the gradient, 2-c=1.5, whereas the gradient measured 



Table 2.5 Catches of Phorodon humuZi in Rothamsted 40 foot suctions traps for autumns 	1971 to 1977. 

Entries marked * have no data available: the figures are estimated from the table. 	The 

trap at Rainham was moved during the winter of 1976(+). 	Distance in kilometers. 



Distance from Autumn catch of Phorodon huetuli for year 

Hereford Kent Trap 1971 1972 1973 1974 1975 1976 1977 Mean 

161 96 Rothamsted 5 1 19 0 1 3 0 4.14 

- 19 Wye 600 127 4039 475 126 589 167 875 

220 122 Brooms Barn 7 0 1 0 2 0 0 1.43 

258 342 High Mowthorpe 0 0 0 0 0 0 0 0 

349 481 Newcastle 0 1 0 0 0 0 0 0.14 

483 643 Dundee 0 2 0 0 0 0 0 0.28 

94 Silwood 41 13 66 1 10 10 6 21.0 

282 454 Rosewarne 0 0 2 0 0 0 0 0.28 

107 - Aberystwyth 77 22 25 0 0 0 8 18.9 u1 
co 

 
r 

428 600 East Craigs 0 0 1 0 0 0 1 0.28 

.176 - Starcross 0 8 2 0 0 1 1 1.71 

79 - Long Ashton 5 3 41 6 1 1 2* 8.43 

163 90 Garston 4 0 20 2* 1* 3* 1* 4.43 

616 771 Elgin 0 0 0 2 0 0 0 0.28 

7.6 - Hereford 10017 766 6980 311 255 787 347 2780 

115 - Shardlow 32* 2 32 4 1 6 1 11.1 
+ 

45 Rainham 122* 11* 98 37 6 16* 5 42.1 

193 Preston 3* 0* 4* 0 0 0 1 1.14 

396 605 Ayr 0* 0* 0* 0 0 0 0 0 

- 58 Writtle 111* 10* 115* 9* 8 15 1 38.4 
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was twice as steep, possibly as a result of the approximation made in 

equating D with the average distance flown by all the insects in the 

sample. 	Because there are only four points in the regression, significance 

testing is questionable, although there is very little variance (b=2.95, 

se(b)=0.705). 	The importance of the relationship lies in the fact that 

there is a dependence of D on X, thus eliminating the normal distribution 

as an appropriate model, and that the dependence is non-linear justifying 

the addition of the third parameter to the regression equation (2.11). 

2.3.2 	Further generalization 

Converting the generalized Gamma distribution (2.13) into the 

three parameter regression model (2.11) required the condition that 

a = 1/C. 	Relaxing this condition introduces a second term in X , 

and redefining equivalent parameters gives: 

N = AXd  exp (bXc) 

where A = 0, S =-b, ca - 1 = d, and c/S ca r(a) = A. 

(2.14) 

Equation (2.14) has equations (2.6) and (2.11) as special cases; equation 

(2.6) is obtained when either c or b = 0 and (2.11) when d = 0. 	In 

view of this relationship it becomes clear that the AXd  term of equation 

(2.14) assumes dominance as b or c approach zero, and it explains why 

N = exp (a + b in X) is the appropriate alternative equation at the 

singularity, c = 0. 	Thus the tsetse fly data (Morris, 1946) are not 

qualitatively different from thecthers investigated in section 2.2.2. 

Relaxing the condition a = 1/c adds considerable flexibility to 

the empirical model I am attempting to build: 	with four parameters plus 

two alternative forms which appear to have some validity, the chances of 

determining the important features of migration are improved. 

In common with the rest of this chapter, the generalization was 

tested using entomological data. 	These data are unusual in that they 

are of the only aphid species for which there is sufficiently extensive 

density-distance data. 



Fig. 2.4 Map of the average aerial distribution of the 

hop-damson aphid (P. hum li) over Britain during 

autumn. 	The migrating sexual aphids spread out 

from the two hop-growing centres of Kent and 

Herefordshire. 	The map was produced from the 

means of 1971 - 1977 autumn migration totals in 

Table 2.6 using the Harvard Computer Graphics 

Laboratory programme SYMAP. 
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2.3.3 	Dispersal of the hop-damson aphid (Phorodon humuli) 

Hops are grown commercially in two regions of England, Herefore- 

shire and Kent. 	The hop-growing counties can reasonably be assumed to be 

the centres of growth of the population of the hop aphid Phorodon humuli 

Schrank, because wild hops are not common or widespread enough to provide 

more than a very low level of background population density. 	Fig. 2.4- 

shows the distribution of hop aphids in the air during their autumn migration: 

data are of the means for the years 1971 - 1977.* 	It can be seen from 

the map that there are two foci of P. humuli dispersal centred on Hereford- 

shire and Kent. 	Table 2.5 shows the original data with the distance from 

the centres of dispersal of Rothamsted 40 foot suction traps (Fig. 1, 

Taylor 1977), and Fig. 2.5 shows the density-distance data plotted on double 

logarithmic axes, with different symbols for the two sets of data. The 

lines drawn in are for the four models fitted using all the points. 

The four models fitted to the hop aphid data are the half-normal 

(2.1) double logarithmic (2.6) and the three-(2.11) and four-(2.14) 

parameter generalized models: 

Formula 	 Equation 

N = exp (a + bX 2) 2.1 

N = exp (a + b ln X) 2.6 

N = exp (a + b Xc) 2.11 

N=AXd  exp (bt) 2.14 

Because of the more complex structure of equation (2.14), the more efficient 

Maximum Likelihood Programme (MLP) developed at Rothamsted Experimental 

Station by Ross (1970) was used instead of Powell's (1964) method (Appendix I). 

All four models may be transformed using logs: 

Formula 	 Corresponding to equation 

ln N= a+ b X2 	 2.1 

ln N=a+b in X 	 2.6 

In N = a + b Xc 	 2.11 

ln N= 1n A + d 1n X + b Xc 	2.14 

In N.= f (X.; {g.}) 

* These data were collected by Dr. L. R. Taylor and the Rothamsted Insect 

Survey, and the map was produced using the Harvard Computer Graphics 

Laboratory Mapping program SYMAP. 



Table 2.6 	Results of fitting equations (2.1), (2.6), (2.11) and (2.14) to mean catches of 

Phorodon hamuli. 	The data for the two centres of dispersal are treated separately, 

and combined. 	Sample estimates of the original data are: 

N 	1nN 	Var(N) 	Var(lnN) 

(a) Kent 	82.3 	1.112 	62556 	7.470 

(b) Hereford 202.3 	0.877 550450 	6.623 

(c) Combined 146.9 	0.988 317481 	6.746 



Residual 	Deviance 

Equation 
	

df 	MS 	X2 	Probability 

(a) 2.1 	1nN = 	2.55 - 	9.54x10-6  X2 	10 	3.9826 	39.8265 	<0.001 

2.6 	1nN = 11.90 - 	2.12 lnX 	 10 	0.7431 	7.4305 	"0.725 

2.11 	1nN = -4.81 .I. 31.19 X-.36 	 9 	0.4538 	4.0842 	4,0.960 

2.14 	1nN = 16.65 - 	3.35 lnX + 1.13x10-3 X1'25 	8 	0.3836 	3.0685 	4,0.980 

(b) 2.1 	1nN = 	2.06 - 	1.40x10-5  X2 
	

12 	4.5935 	55.1821 	<0.001 

2.1 	1nN = 12.75 - 	2.31 inX 
	

12 	0.4562 	5.4750 	4,0.910 

2.11 	1nN = 209.39 - 196.85 X•01 
	

11 	0.4971 	5.4685 	4,0.915 

2.14 	1nN = 13.27 - 	2.41 lnX - 1.12x102 X-2.71 
	

10 	0.5415 	5.4153 	4,0.920 

(c) 	2.1 	1nN = 	2.15 - 	1.00x10-5X2  

	

2.6 	1nN = 12.30 - 	2.21 inX 

	

2.11 	1nN = -18.54 + 33.66 X-'11  

	

2.14 	1nN = 13.57 - 	2.52 lnX + 2.53x10-9 X3.09  

24 	4.3020 	103.2481 	<<0.001  

24 	0.5533 	13.2842 	1,0.985 

23 	0.5255 	12.0867 	4,0.970 

22 	0.4225 	9.2949 	>0.995 
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The same arguments as before, favouring transformation,apply but direct 

comparison after transformation is now possible since the left hand 

sides are all the same. 	Consequently, the regression model for likeli- 

hood estimation of the parameter set {aj} was used: 

E
Z 

= In Ni - f (Xis (6j1) 

with likelihood given by: 

L ({aJ}) O n 	(E . {a~}) 

0 is the distribution of Ei, assumed as before to be normal with zero mean 

and constant variance a2 , and support (log likelihood) by: 

S (lap = k + X (ci; {y). 

The likelihood method of estimation provides a test of the 

adequacy of fitted models. When a model holds it can be shown that 

— 2S ({a.}). has an approximately chi-squared distribution with degrees 

of freedom (u) given by the number of grouped classes less the number 

of parameters of the model to be estimated. Nelder & Wedderburn (1972) 

have called --2S  ({a.}) the deviance of the model and have shown that 

for the normal error assumption (0 (c) = equation 2.1a) the residual sum 

of squares and deviance are identically equal. 

The parameter estimates, residual mean squares and deviances 

obtained after fitting equation (2.1), (2.6), (2.11) and (2.14) to the hop 

aphid data, using MP, are shown in Table 2.6. 	The last column in Table 

2.6 gives the appropriate probability of x2 with u degrees of freedom: 

it is given only for comparative purposes, but shows clearly that the 

probability of the data having come from a population obeying the half-

normal (2.1) is very small (p<0.001). 

As expected, the best fitting model is the four parameter equation 

(2.14) although the improvement over the double-log and three-parameter 

models is small. 	This is because, the exponent, c in the three-parameter 



Fig. 2.5 	Logarithmic density-distance plot of the P. humuli data 

of the mean autumn migration in Table 2.6 and used to 

generate the map in Fig. 2.4. 	Density-distance 

estimates from the centres of the Herefordshire (0) 

and Kent (+) concentrations from Rothamsted 40 foot 

suction traps are plotted separately, but the curves 

drawn in are of the models fitted to the joint data. 

The heavy line represents the half-normal (2.1) 

equation 	The gamma models are represented by the 

broken line with the separation due to the polynomial 

form of the four parameter model marked as a dotted 

line. 	The three (2.11) and four (2.14) parameter 

gamma regression models are nearly coincident except 

at low densities and large distances. 
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model is absolutely quite small and, as for the tsetse material, these data 

approach the double-log form. 	However Fig. 2.5 shows how the data still 

have some curvature after double-log transformation and that equation (2.14) 

accounts well for the curvature. 	Appropriately, the little extra flexibility 

provided by the four parameter model gives a better distribution of residuals 

than the other models, significantly better than the half-normal (2.1). 

There is however a disadvantage with the four parameter model; 

this is due to the double-log transformation, which turns equation (2.14) 

into a polynomial, and as a result the function is no longer monotonic. 

Fitting without transformation is less efficient (and accounts for a smaller 

proportion of the variance) but the function remains monotonic. 	The three 

parameter model (2.11) does not have a minimum even after transformation, but 

does not fit the lower portion of the curve so well as the more flexible 

four parameter model (2.14). 

If the data were better at the lower end, the minimum probably 

would not show. 	There is a possible functional explanation for the minimum. 

At large distances from the population centres, the background population 

(assumed insignificant) is comparable in density with the dispersing populat- 

ions; 	the likelihood of this being so is unknown. 

In spite of its variaUlity, the hop aphid data are well described 

by the gamma regression equations, and thus probably conform to the same 

laws that generated the other insect data. 	Aphids, because of their 

relatively weak flying power are sometimes thought different to other species. 

The fact that the same functions will fit data of dispersal of such different 

insects as flies, beetles and aphids suggests that any distinctions between 

the ability of different taxa to disperse are artificial. 

Comparing insects to other, more active migrants, such as swallows, 

lemmings or salmon would be of great interest, but unfortunately density- 

distance data of their dispersals are not adequate. 	If they were such a 

comparison would undoubtedly result in the elucidation of the important 

features of migration. 

2.4 	Discussion 
From the results presented in this chapter, it is evident that 

equation (2.11) is an adequate description of the dispersal of some insects 

though not all. 	To describe any particular data set, a relatively simple 
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expression can usually be found and extra parameters are redundant. 	However, 

to describe sets of data with one equation requires greater complexity of 

model and therefore more parameters. 

It seems probable that a minimum of four parameters are needed 

for a descriptive model of dispersal since two apparently dissimilar models, 

(2.6) and (2.11), were required to describe all the data used in the analyses. 

Chapter 4 presents a four-parameter theoretical relation between dispersal 

distance and density, and there is circumstantial evidence to suggest a 

connection between it and the four-parameter equation (2.14). 

The theoretical model, called the A-model (Taylor & Taylor 1977), 

predicts the distance moved by a migrant in response to density and produces 

dispersal curves of the type described by equations (2.11) and (2.14). 

The A-model is based on the assumption that biological movement (as distinct 

from physical) is behaviourally controlled and is therefore non-random, and 

that this behaviour is affected by other individuals. 	A deduction which 

can be made from this, and which is implicit in the regression models in 

this chapter (see equation 2.12), is that the rate of dispersal is likely to 

be influenced by the starting population, and/or the rearing conditions 

preceding departure, i.e. parameters a and b are correlated. 	Wolfenbarger 

et al. (1974) applied equations (2.2), (2.6) and (2.7) to their results of 

laboratory dispersal experiments on apterous Myzus persicae(Sulzer), adult 

Cylas formicarius eZegantuZus (Summers), mature Anastrepha suspensa Loew. 

and larvae of Heliothis viriscens (F) and found that the gradient b was 

correlated with the initial population density to which a is related. 

Considering this point and the sophistication of the models 

required merely to describe migratory behaviour quantitatively it is 

not surprising that the simple random walk models have not been found to 

be very satisfactory. 	The philosophical approach suggested by Pearson & 

Blakeman (1906) is also unsatisfactory because, until a wide enough range 

of behaviour has been quantified, it is unlikely that the right kinds of 

assumptions about behaviour can be built into the theory. 	There are 

probably as many potential theories of migration as there are species, so 

that formulating, testing and discarding theories is likely to be an 

unproductive pursuit. 	Just as in physics, a broad empirical base needs 
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to be established before too much theorizing, for without this empirical 

limitation to guide the theoretical approach, profitable and realistic 

theories are unlikely to be found by accident. 
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CHAPTER THREE 	A MODEL OF LOCUST MIGRATION 

3.1 	Introduction 

In October 1954, the first locusts since 1869 were recorded in 

the British Isles. 	While they were of no economic significance, the phenomenon 

was regarded as being important to the interpretation of insect migration. 

The locusts appeared to be the remnants of a large number of migrating 

Schistocerca gregaria Forskal, that originated from N. W. Africa and had 

flown over 2500 km in an estimated 60 hours providing one of the relatively 

few pieces of field evidence of such long-distance flights with a prospect 

of reconstructing the likely processes. 

The trajectory of the air mass in which the locusts were likely to 

have arrived was calculated at the Meteorological Office, Dunstable by 

Mr. G. A. Corby, (Rainey 1963). 	This trajectory, estimated by backtracking 

the geostrophic winds at 100 m, passed within 130 km of a position at which 

flying locusts had been seen at sea. 	It led back to a zone of convergence 

in the vicinity of the Canary Islands on the night of 14/15 October, at the 

time of a major invasion of the islands. Swarms of sexually immature 

S. gregaria had been reported all along the coast from Mauritania north to 

Morocco at the beginning of the month and enormous numbers were lost at 

sea. 

In this chapter, Rainey's 11963) data are used as the basis for a 

stochastic computer model of this migration which is used to investigate 

the factors influencing migratory success. 	Although it is somewhat 

atypical, its track over the sea enables it to be used as a primary source 

of data. 	The ideas proposed, however, may be more generally applicable. 

It will be seen that the model proposed is only broadly compatible with 

the available locust data and may suggest that some further physiological research 

in flight capacity is necessary. 	The model also shows that assumptions of 

randomness must be very carefully considered before they are adopted in models 

of migration and that, even when they are, the results need not necessarily 

conform to the mathematics of diffusion. 	Behaviour (e.g. interaction with 

others) and heterogeneity of environment both have a derandomizing effect. 
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The ability of numerical probability models to solve complex 

biological systems is limited, but it is often the essentially conservative 

nature of such models which makes their results so useful. 	Monte Carlo 

methods are extensively used in ecological work for this reason and have 

already been applied to migration studies. 	Saila & Shappy (1962, 1963) 

proposed a model with a biassed random movement for the migration of 

Pacific salmonids. 	This model differs from Saila & Shappy's in that 

no intrinsic orientation need be assumed; direction of travel is 

determined entirely by atmospheric conditions (Rainey 1973, 1976). 

3.2 	Simulation model 

It is clear from Rainey's (1963) discussion of the long-distance 

migrations of locusts, there is a significant discrepency between the 

observations of flight performance of locusts in the laboratory and in the 

field. 	This discrepency must be explained if possible, especially since the 

locust is a serious pest over a considerable proportion of the Earth. 	An 

understanding of the physiological ecology is essential if the locust problem 

is to be solved. 

Extrapolation of laboratory evidence of physiological limits 

to flight does not account for the field observations, but the flight 

behaviour of locusts may help to account for the difference if it conserves 

fuel. 	The experimental conditions, in a wind tunnel, say, may obscure any 

relevant conservative behaviour. 	Furthermore the statistical treatment 

of laboratory data may not have been adequate to provide an accurate picture 

of the capabilities of flying locusts. 

It is the purpose of this model to try to discover the relevent 

physiological, behavioural and ecological parameters which control locust 

migration, and in particular, to account for the migration of a swarm of 

Schistocerca gregaria of October 1954. 

3.2.1 	Basic assumptions 

The model is built around five basic assumptions which do not 

appear to me to be very restrictive. 	A discussion follows a statement of 
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the assumptions which gives some evidence favouring them and which attempts to 

point out possible sources of error. 

I. The average direction of flight taken by a locust during any 

one hour is independent of the direction flown in any preceding 

hour and independent of the direction of flight of other locusts in 

the swarm. 

II. Individuals landing at any time do so independently of the rest of 

the swarm. 

III. Individuals ceasing to fly are lost to the swarm. 

IV. The potential duration of continuous flight is a stochastic 

variable, fixed in the individual, but the parent distribution 

is characteristic of the species. 

V. Flight speed is a stochastic variable, varying in the individual from 

hour to hour, but the parent distribution is characteristic of the 

species. 

3.2.2 	Sources of error in the assumptions 

I. 	In their model Sails & Shappy postulated a preferred orientation 

during migration. 	Their computer simulation showed that the bias 

towards one particular direction need not be very strong to account 

for the observed returns of Pacific salmon to their natal streams 

in Canada and in 'Washington State. 	Zero orientation, Saila 8 

Shappy pointed out, is equivalent to the so-called random walk, and 

represents the limiting condition in a spectrum of orientations. 

In the model presented here it is assumed that there is no preferred 

direction of movement, so that any displacement of the swarm is 

achieved by displacement of the supporting medium. 	This assumption 

seems quite reasonable in view of Sayer's (1956) evidence from 

double exposure photographs, which showed that locusts within a 

swarm do not have a preferred orientation, though local groups may 

fly together. 	Locusts reaching the edges of the swarm- 

turn back towards the centre, a behavioural adaptation 

contributing 	to 	swarm cohesion, possibly in response to 

visual and audio stimuli (Rainey 1958, 1959). 	Sayer's (1956) 
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double exposure photographs showed that although there was 

no systematic orientation on the part of the locusts in the 

swarm, local groups of individuals tended to be headed all in 

the same direction. 	The assumption of independence is there- 

fore too limiting. 	The model could be generalized to overcome 

this discrepency by regarding the fate of the single hypothetical 

computer locust as being representative of one of these groups. 

This assumption has been discussed at length by Rainey (1960) 

and is investigated using Saila g Shappy's (1962) model. 

II. The same argument applies to individuals (or local groups) 

alighting. 

III. The assumption that alighting locusts do not return to the swarm is 

not unreasonable since, with the exception of the Canary Islands 

and passing ships, the insects can land only on water and are 

presumed to be unlikely to be able to take off again. 

IV. Much physiological work has been done on the flight performance 

of S. gregaria, and all the evidence emphasises the impressiveness 

of the prematuration flight. 	In flight chambers, individuals 

have been made to fly for many hours, with air speed and endurance 

measured. 

The power for flight is provided by the oxidation of fat, and an 

upper limit for the potential duration of continuous flight,with-

out feeding is set by the ratio of size of fat resources to the 

rate of consumption in steady flight. Weis-Fogh (1952) estimated 

a maximum endurance of locusts flying in a wind tunnel to be 

about 20 hours continuous flight. 	He concluded (Weis-Fogh 1956) 

that the average air speed during steady horizontal flight in 

nature would probably be about 15 kph giving a cruising range of 

only 300 km. 	Clearly Weis-Fogh's estimates are insufficient to 

account for the distances flown by the locusts reported by Rainey. 

In another wind tunnel study, Wootten & Sawyer (1954) recorded 

speeds of between 9 and 23 kph while double exposure photographs 

by Sayer (1956), when corrected for turbulence and vertical 

gradients, gave mean airspeeds of 20 kph. 	The estimates of 
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flight endurance require some revision: 	the distribution 

of flight endurance within the population is of great importance 

and is unknown. 

V. 	The flight speed data are so variable that a wide range of estimates 

of flight speeds seems appropriate. 	Therefore a normal distribut- 

ion of mean 15 kph and standard deviation of 9 kph was used. 

This symmetrical distribution gives a range of flight speeds, of 

which 68% will be between 6 and 24 kph. 	The distribution is 

truncated at zero. 

The selection of flight endurance presents a bigger problem since 

the longest observed sustained flight in the laboratory recorded 

by Weis-Fogh was 20 hours. 	A distribution which allows a small 

number of variates to exceed 60 but has a mean below 20 is there- 

fore required. 	The lognormal distribution is proposed for the 

endurance of flight in nature. 

3.2.3 	Description of the model 

The few "survivors" (a survivor in the simulations is defined to 

be a locust which arrives at the target area defined as north of the 50th 

parallel and east of the 8th meridian) that were recorded in the U.K. almost 
anti- 

certainly travelled in the strong clockwise winds associated with 

a 	deep 	depression in the Atlantic. 	This wind system was reproduced 

approximately by a computer programme Subroutine WIND which calculated the 

windspeed and direction for any time and place along the eastern seaboard of 

Africa and Europe. 

The simplest algorithm was used in Subroutine WIND to obtain a 

computed track which approximated the back-track of Corbey rather than put 

emphasis on meteorological accuracy. 	Since about 250 runs of the simulation 

were envisaged each with between 104  - 106  "locusts" flying and calling for 

wind strength and bearing up to about 100 times, the number of calls to 

Subroutine WIND was expected to be of order of 109. 	Clearly the number 

and complexity of instructions to compute windspeed and direction had to 

be minimised. 



ELEASE POINT 

Fig. 3.1a. Map showing the trajectory obtained by backtracking the 

100m geostrophic winds (Rainey 1963) ---- and the track 

of a typical successful locust on the simulation 

The early part of the simulated track coincides with the 

proposed trajectory but afterwards diverges. The tracks 

converge at the target (the area north of 50th parallel 

and east of 8th meridian). 
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Fig. 3.1b. Distribution of mortality of simulated locusts, 

showing one successful to approximately 100 un-

successful locusts. The majority of deaths 

occured in the vicinity of the Canary Islands where 

the two winds meet nearly head-on. 
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The Subroutine WIND uses coordinate geometry to resolve forces of 

two stylised wind fields representing the depression in the Atlantic and 

the coastal winds of the N. African and European mainlands. 	The depression 

centred 800 km NNJ of the Azores on 13 October 1954, moved slowly in the 

direction of the U.K. 	In the simulation it moves N80E at the rate of 10 kph. 

The winds near to the centre rotate at tangential velocity of 100 kph dimish- 

ing by 8 kph per 100 km from the centre. 	Probably a more realistic model 

for the rate of decline in wind speed from the centre of a depression would 

be a negative exponential, but the important feature is that the wind speed 

near the proposed track of the locusts be realistic. 	This simplification 

is apparently satisfactory. 	A belt of offshore winds was proposed to 

simulate the conditions near the land masses. 	This wind on a bearing of 

N60W, loses intensity at a rate of 4 kph per 100 kilometres. 	At the 

release point the wind speed is 30 kph. 	Both the depression and offshore 

winds have a minimum speed of 1.0 kph. 

The simplicity of the programme creates two deficiencies. Firstly, 

the computed track does not duplicate exactly the backtrack given by Corby. 

The fit at the early part of the course is quite good but a substantial 

deviation occurs in the northerly airflow especially in the region of the 

Iberian peninsula where the computed track crosses the NW corner (Fig.3.1a) 

Although no locusts were reported from Spain or Portugal that year, this 

feature is not to be regarded as a serious flaw. 

Secondly, the transit time of the air mass is 30% greater than 

Corby's estimate. 	This fault is probably more serious as it affects 

directly the probabilities obtained. 	One of the reasons for the increased 

transit time in the simulation is the low wind flux in the region of the 

Canaries. 	At his point the tails only of both offshore wind and the anti- 

cyclone overlap, with very low wind speed and in nearly opposite directions. 

As a result, a large proportion of locusts "flown" in the simulation are 

lost in these doldrums (Fig. 3.1b). This feature is probably not unreasonable 

since the Canaries are reported to have been invaded by a large number of 

locusts at this time, although it is only assumed that they came from this 

same swarm (Rainey 1963). 

A printout 	of the computer programme is given in Appendix II. 



-52- 

3.3 	Simulation experiments 

Each locust as it started from a point on the African mainland 

opposite the Canaries was given an upper limit for total flight time. 

This integer variable, called NSTEPS represents the locust's maximum 

potential flight time. 	Once flying, the locust was subjected to a 

mortality factor, called MINSTEP, the minimum speed below which its 

likelihood of remaining airborne falls to zero; 	this is an auxilliary 

variable, not intended to be interpreted behaviourally. 	If NSTEPS is 

reckoned in hours, MINSTEP has units of kph and is equivalent to the ground 

speed. 

The locust's heading (THETA) and flight speed (SPEED) were taken 

from random number generators at the beginning of each step (hour) until 

either NSTEPS had elapsed or the resultant ground speed fell below MINSTEP. 

The resultant ground speed during any hour was calculated from the wind 

speed and direction for that place and time and the current air speed and 

direction. 	If a locust's displacement during any hour was less than 

MINSTEP, then it was assumed dead. 	The procedure was then repeated for 

another locust. 	At the end of a run, the proportion of successes was 

recorded with their average transit time and distance travelled. 	Between 

104  - 107  locusts were flown in each run and small as this figure is 

compared to a natural swarm, it is sufficiently large to enable reproducible 

estimates of the probability of survival to be made. 

The parameter MINSTEP has no behavioural analogue, however some 

reasonable interpretations can be made. 	It was concieved as the minimum 

speed which the insect musttravel in order to remain airborne. Obviously, 

if an individual were to fly into the wind at exactly the same speed as 

the wind, its ground speed would be zero, resulting in a waste of valuable 

energy. 	If this behaviour were kept up for long, fatigue would force a 

landing. 	If an individual were to cease beating its wings for any length 

of time, it would lose height and eventually reach the ground. 	Both 

these possibilities are built into MINSTEP by ensuring that a certain 

minimum number of kilometers are traversed each hour. 	Because it is 

possible for a locust to fly very slowly and still travel further than 

MINSTEP by being blown on the wind, MINSTEP also incorporates a vertical 
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component: 	a locust at say 1000m is likely to remain in the air longer 

while gliding than one at 100m, all other considerations (windspeed, lift 

etc.) being equal. 

Appendix III gives a summary of all results. 

3.3.1 	Effect of potential flight time 

The innate potential for continuous flight called NSTEPS in the model, 

fixed in the individual as the ratio of its fat reserves to its rate of 

consumption, determines the maximum number of hours flight it can achieve 

under ideal (for it) conditions. 	This state variable was selected from a 

variety of frequency distributions. 

The simplest distribution is the rectangular distribution in which 

all real values between A and B are equiprobable. 	The expected value is 

then the arithmetic average (A+B)/2 and variance is (B-A)2/12. According 

to laboratory experiments, the mean continuous flight time is less than 

15 hours, in other words if this were the parent distribution of potential 

flight time of desert locusts, the maximum possible time would be only 30 

hours, half as many as the estimated flying time to the British Isles. 

In order therefore to achieve some success in flying from West Africa to 

the U.K. a range of zero to about 100 hours is necessary. 

The uniform distribution is rare in nature, although it is sometimes 

assumed in theoretical work. It cannot seriously be considered as the model 

for potential flight time because with each value as probable as any other 

many more extreme individuals would have been detected in the laboratory 

experiments. 	It is included therefore only for comparison. 

The normal distribution with mean, p, and variance, Q2, is 

included because it is the distribution assumed by most statistics and there- 

fore assumed by experimenters analysing their data. 	It has the advantage 

over the uniform distribution that the majority of points are clustered 

around the mean with few at extremes. It shares, however, with the uniform 

distribution the disadvantage of being symmetrical about the mean. 

A distribution is therefore needed which satisfies the requirements 

that the majority of variables be below 20 hours but a small proportion be 
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type 	parameters 	mean 	std.dev.median p(x>60)% 

a uniform 0 20 10 7 10 0 

b normal 10 7 10 7 10 ti10-5  

c lognormal 2.3 1.4 20 35 10 6.4 

d uniform 0 120 60 35 60 50 

e normal 60 20 60 20 60 50 

f lognormal 3.4 1.4 60 100 30 23 

Table 3.1 	Characteristics of the three distributions used for 

potential flight time. a, b & c have the same median 

while d, e & f have the same mean. 	The skewed lognormal 

distribution has the characteristics required to account 

for the measurements of flight performance of migrating 

locusts. See also Fig. 3.7. 
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greater than 60 hours. 	The lognormal distribution has the desired 

properties: the median is given by exp(p), mean by exp(p+ka2), and variance 

by exp(2p+a2)(exp(a2)-1). 	In fact, with parameters set to i = 2.3 and 

a2  = 1.4, the median flight time is about 10 hours with 6% capable of flying 

60 hours or more (Table 3.1). 	A proportion of this magnitude is unlikely 

to be detected in the laboratory, especially with experimental material 

from cultures many generations old. 

The model was used to investigate the effect of the distribution 

of potential flight time on the proportion of hypothetical locusts reaching 

the British Isles for a range of values of MINSTEP. 	This was achieved by 

varying in turn the value of MINSTEP from 0 to 15 km for each of three 

distributions. 	The distributions for flight time, 	(NSTEPS): 

I.  Rectangular distribution - A = 0, B = 120 

II.  Normal distribution - U = 30, a 	= 	20 

p = 60, a 	= 	20 

p = 60,a 	= 	10 

III.  Lognormal distribution p = 2.3 - 3.4, a2  = 1.4 

p = 2.3 - 3.4, a2  = 1.96 

Flight speed (SPEED) 	Distributed normally p = 15, a = 9 

Minimum steplength (MINSTEP) 	Variable, 1.0 - 15.0 kph 

Size of swarm (LOCUSTS) 	Variable from 104  - 106  

It is obvious that testing all possible combinations of the 

variables over a reasonable range would be prohibitively expensive. 	Four- 

teen distributions of potential flight time were used in conjunction with 

each of seven values for MINSTEP, and in each case, the proportion of 

hypothetical locusts lost increased with increase in MINSTEP. 	However, 
ET 

there is a diffpnce in the form of the relation between mortality and 

MINSTEP for the three distributions, and also with the parameters of the 

distributions. 

To show the effect of mean and variance on performance, the 

normal distribution was used for endurance because of the simple relation- 

ship between its parameters and the sample statistics. 	The effect on 



Fig. 3.2 	The proportion of successful arrivals at the target 

against minimun steplength (= ground speed) for five 

distributions of potential flight time. 	Three 

different distributions (a,b,c) with the same mean 

(m = 60) have similar response curves, their vastly 

different variances compensating for their different 

shapes (see Fig. 10). 	Curves c,d.e are the same 

distributions but with different sample statistics. 

The distribution of potential flight time are: 

a.  

b.  

uniform between 0 and 120, mean = 60, standard 

deviation = 35, 

lognormal, parameters, p = 3.4, a2  = 1.4, mean = 

60, standard deviation = 100 

c.  normal, mean, p = 60, standard deviation, a = 20 

d.  normal, mean, p = 60, standard deviation, a = 10 

e.  normal, mean, p = 30, standard deviation, a = 20. 
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success rate of variations in both mean and variance of the normal 

distribution is shown in Fig. 3.2. 	The mean obviously has an effect 

since an increase from 30 to 60 hours, with standard deviation at 20 

hours, results in more success than an increase in standard deviation 

from 10 to 20 hours, given a mean of 60. 

Fig. 3.2 also shows how three dissimilar distributions with the 

same mean can have similar success rates over a wide range of minimum 

step-lengths. 	The parameters of the three distributions were chosen to 

show this effect, but. they produce greatly different sample variances. 

The three distributions, U(0,120), N(60,20) and L(3.4, 1.18), have variances 

of 1200, 400 and 11,000 respectively. 	From this we can see how important 

it is to determine the distribution of endurance and that estimates of mean 

and variance alone are insufficient. 	This is less important when simply using 

a variable in a simulation of this sort unless it is intended to be used to 

relate the physiology to ecological requirements because the interpretation 

of the distributions are very different. 	Clearly, not only the sample 

statistics but also their distributions must be determined if the physiological 

data is to be useful. 

It was suggested above that the distribution of potential flight 

time may have characteristics of the lognormal and so it will be used. It 

has been shown how mean and variance can affect the outcome of the simulation; 

the effect of varying the lognormal parameters (U,0.2) is now investigated. 

The effect of varying µ (while Keeping 02  = 1.4) was investigated 

for a series of values of MINSTEF. 	Predictably, the probability of 

survival decreased with decreasinz mean for a given value of MINSTEP. 

The probability of survival and mean flight speed are approximately linearly 

related but the gradient increases as the value of MINSTEP increases 

(Fig. 3.3.1). 

Except at the lower levels (j,<10 6 ), the probabilities are all 

self consistant and form quite a smooth surface. 	The uneveness in the 

surface at the lower probability level is the result of the stochastic 

variation about a true mean: only with a large number of successes, not 

less than 100 would the probability settle down to near a constant value. 



Fig. 3.3.1 

Fig. 3.3.2 

Fig. 3.3.3 

Fig. 3.3.4 

Response surface of proportion of successes against 

minimum steplength and potential flight time. The 

potential flight time was distributed as a lognormal 

variate with parametersp = 2.3 - 3.4 and a2 = 1.4. 

Flight speed was distributed normally with mean 15 

and standard deviation 9 kph. 	Downwind bias was 

zero. 

Response surface of proportion of success against 

minimum steplength and flight speed. 	Flight speed 

was distributed as a uniform variate between 

0 and B for B = 0 - 30 kph. 	Potential flight time 

was distributed as a lognormal variate with parameters 

u = 3.4, a2 = 1.4. 	Downwind bias was zero. 

Response surface of proportion of successes against 

minimum steplength and downwind bias. Potential 

flight time was distributed as a lognormal variate 

with parametersa = 3.4, c2  = 1.4 and flight speed 

was distributed normally with mean 15 and standard 

deviation 9 kph. 

Response surface of transit time of successful 

locusts against flight speed and downwind bias. 

Flight speed was distributed uniformly between 0 

and B for B = 0 - 30 kph, and potential flight 

time was distributed lognormally with parameters 

p = 3.4, 02  = 1.4. 	(1INSTEP = 1.0 kph. 
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In engineering terminology, the signal-to-noise ratio is low. Aside from 

the poor signal-to-noise ratio at the lower levels the probabilities are 

consistent with the rest of the results. 

To investigate the effect of 02, the foregoing analysis was 

repeated with a2 = 1.96 instead of 1.4. 	The increase in both mean and 

variance of the lognormal results in an increased number of successful 

flights; the effect was to raise slightly the level of the surface in 

Fig. 3.3.1. 	The increase is small so that the two surfaces cannot be 

drawn an the same figure. 	However logarithmic regression of proportion 

of successes with a2 = 1.4 against the corresponding proportion with 

a2 = 1.96 shows that there is a near linear increase in success rate by 

increasing 02  (Fig. 3.4.1). 	The regression equation is Y = .78 X.98  

(r = 0.981, t = 14.1***) where X is the proportion of successes with 

endurance having parameter a2 = 1.96 and y is the corresponding proportion 

when a2 = 1.4. 

3.3.2 	Effect of flight speed 

To investigate the effect of flight speed, the endurance was 

fixed as lognormal with parameters it = 3.4, a2 = 1.4. 	The uniform 

distribution was used, in the range zero to B, where B takes values 

0, 5, 10, 20, 30 to determine the interaction between flight speed and 

minimum steplength. 	The uniform distribution, an unlikely parent 

distribution for speed, was used because it has effectively only one para-

meter, thus simplifying comparisons. 

Comparison of the normal and uniform distribution (Fig. 3.4.2) shows 

that at least at lower minimum steplengths there is little difference in 

success rate but as MINSTEP increases above 10 the uniform distribution 

becomes relatively more advantageous. 	This is probably because of the 

shape of the two distributions: 	the extremes are less well represented by 

the normal distribution than by the uniform, thus enabling relatively more 

locusts to overcome the higher minimum steplengths. The similarity in 

results obtained with the two distributions re-emphasises the need for 

caution in interpreting results of laboratory experiments. The two 

distributions have similar means and variances and lead to similar overall 

results but have different proportions of fast flyers. 



Fig. 3.4.1 	Regression of proportion of successes when potential 

flight time was distributed as a lognormal variate 

with parameters u = 2.3 - 3.4, a2= 1.4 against the 

corresponding proportion when a2  = 1.96. 	Flight 

speed was distributed normally with mean 15 and 

standard deviation 9 kph. 	Downwind bias was zero. 

Each point has a different combination of p and 

MINSTEP. 	The regression is  near linear since the 

gradient 0.98 is not significantly different from 

one (t = 0.271). 

Fig. 3.4.2 	Comparison of the effect of normal versus uniform 

distribution for flight speed. 	The ordinate gives 

the probability of success when flight speed is 

distributed normally with mean 15 and standard deviat-

ion 9 kph and abscissa gives the probability when 

flight speed is uniformly distributed between 0 and 

30 Kph. The numbers in braLKets give the value of 

MINSTEP. 
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Fig. 3.3.2 shows the success surface for a range of flight speeds at seven 

values of MINSTEP. At zero MINSTEP, 20% of locusts eventually successfully 

reach the target area. 	Increasing the minimum steplength when flight speed 

is zero imposes no mortality on the swarm below 7.5 but reaches suddenly 

100% between 7.5 and 10.0. 	Increasing flight speed increases the steplength 

at which 100% mortality occurs. The sudden jump to 100% mortality exists 

because the uniform distribution was used. It has a maximum value set by 

the parameter B, which, if less than the difference between the minimum 

steplength and the minimum windspeed causes all locusts to get caught at 

the point where windspeed is least. 	No such discontinuity exists with a 

distribution without an upper limit (e.g. Normal) although, if the distribut- 

ion is narrow enough, the success rate approaches 	zero so rapidly that it is. 

indistinguishable from a discontinuity. 	When flight speed is zero, the 

80% mortality is the result of the lack of potential flight time to complete 

the course. 

Increasing MINSTEP increases the mortality, as expected, but increas-

ing flight speed does not compensate for losses by raising the steplength at 

which the discontinuity occurs. 	This is because at high flight speeds 

orientation in any direction other than downwind must result in large deviations 

from course, and thus lost time. 	This is especially true when flight speed 

is high compared to windspeed. In fact raising the flightspeed does nothing 

to improve the chances of reaching the target because the average ground speed 

only increases slowly by comparison. 	The groundspeed and displacement of 

successful locusts are both directly proportional to flightspeed, so that 

the transit time increases, reducing the number potentially able to reach 

the target. 	Thus there is little advantage in locusts flying fast, except 

when there is no wind, or unless they are flying downwind. 	There may thus 

be a selection pressure for orientated flight downwind as this would enable 

locusts to (potentially) make longer migrations and would be selected for 

if there is an ecological advantage in traversing a larger area (Taylor et aZ. 
1973). 
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3.3.3 	Effect of bias 

As flightspeed increases so the locust must become less dependent 

on the wind for motion while orientation becomes more important since more 

energy will be wasted by deviations from downwind. 	Clearly downwind 

orientation would ensure that less energy is wasted at higher flight speeds. 

On the assumption of (or near) random orientation, there is good 

reason for keeping the flight speed low and allowing the air to do the work 

of displacement; the expected displacement of a random walk is only the 

square root of the distance traversed, and the expected position being 

described by a circle. 	Dbviously in a moving medium the circle becomes 

displaced in the direction of travel of the medium. 	The best strategy 

then must be to face downwind and fly at such a speed that will just maintain 

it in the air, but the value of downwind orientation increases with speed 

while increase in speed means a smaller proportion of work done by the wind. 

There should thus be an optimum combination of flightspeed and orientation. 
If a locust flies downwind at a speed just fast enough to keep it 

air-borne, it is most likely to maintain its position in the swarm, and 

will conserve its fuel resources as it rides on the wind. 	If, however it 

flies too fast using energy too quickly it must land prematurely. 	This must 

happen more often on average to an individual which persists in flying into 

the wind or upwards while lateral flights may result in a zig-zag pattern at 

the boundary as it attempts to maintain contact with its fellows. 

Recent evidence from radar surveys Roffey 1972, Schaefer 1976) 

seems to suggest that there may  be a tendency, when the entire swarm is consider- 

ed, to face downwind, although Riley (1975) reports instances of night flights 

in which orientation appeared to be upwind. 	If the proportion were known 

that "preferred" a downwind direction then a cardioid such as Saila & 

Shappy (1962) used could be defined. 	The basic form of the cardioid model 

is 

R = P + Q cos 6 	 (3.1) 

where R is a step vector in the direction 6 (=THETA in the simulation). 

An alternative parameterisation yields 

R = P (1 + A cos 6) 	 (3.2) 



Fig. 3.5.3 	Nomogram giving the degree of bias (A) 

as a function of the proportion o,ienting 

± 0 from downwind (equation (3.3)). 

Fig. 3.5.1 	Cardioids with A = 0, 0.5, 1.0 as used by Saila 

& Shappy (1962, 1963), giving the expected position 

of a particle moving a distance P in direction 8 

according to equation (3.2) in which A is the degree 

of bias, or ratio of directed to non-directed 

movement. 

Fig. 3.5.2 	When A is increased above one the cardioid expands 

in the direction of bias, and folds so that there 

is little movement in the direction opposite to the 

bias. 
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where A = Q/P and is the ratio of directed to non-directed movement. 

When A = O. the expected position after one step of a particle in a 

stationary medium lies on a circle of radius P, the steplength (=SPEED). 

After n steps, the expected position lies on a circle of radius P✓n. 

The range that Saila & Shappy investigated was 0,241 where the expected 

position lies on a cardioid with a small bias for one direction and no 

forbidden orientation (Fig. 3.5.1). 	And it is this condition which may 

best describe locust movement in the absence of a transport medium. 

If A>l, the expected position lies on a folded ellipse (Fig. 3.5.2). 

Estimation of A is most simply made by finding the ratio of the excess 

number of orientated flights over the expected number on the assumption 

of no orientation: if we chose a small quadrant e on either side of the down- 

wind direction in which the expected proportion of downwind orientation is 

'Y/180, and the actual proportion is p, the degree of bias 

A = (180p—Y')/Y' 	 (3.3) 

Fig. 3.5.3 shows the relationship between p ,Y' and A. 	The proportion of 

the swarm facing downwind does not seem to have been estimated although 

Schaefer (1976) has drawn attention to the fact that radar could be 

used to make such estimates. 

To investigate the effect of bias on migration performance the 

interaction with MINSTEP was first established. 	The introduction of bias 

involved a small modification to the simulation programme, namely, the 

insertion of the cardioid term before the computation of the resultant 

between wind and powered =light. 	The direction of the wind (a)was returned 

by Subroutine WIND and the flight speed, SPEED and directions 6were determined 

from random generators as before. The step R in the direction 6 is given 

by the cardioid equation (3.2) adjusted for the direction of the wind. 

R = P (1 +A cos(a-0) ) 	 (3.4) 

where P is the flight speed and is greater or less than R depending on the 

value of A cos (a- 0). 	If orientation happens to be exactly downwind and 
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bias, A = 1.0 then R = 2P and where direction of orientation is upwind 

R = 0. 	This form of bias does not require the use of a complicated 

distribution for orientation like the von Mises or circular normal 

distributions (Kendall 1974) but has a very similar outcome when the 

whole population is considered. 

To investigate the interaction between BIAS and MINSTEP, 

potential flight time (NSTEPS) was distributed lognormally with parameters 

p = 3.4, a2  = 1.4 and flight speed (SPEED) distributed normally with mean 

15 and standard deviation 9. 

Fig. 3.3.3 shows the proportion reaching the target as a surface 

in response to values of MINSTEP in the range 0 to 10 and values of 

BIAS from 0 to 3.0. 	The plane of zero bias in Fig. 3.3.3 matches the 

plane in Fig. 3.3.1 where p = 3.4. 	Comparison of Figs. 3.3.1 & 3,3.3 

shows clearly the action of bias in maintaining a high success rate as 

MINSTEP increases. 

Four topographical features can be identified in Fig. 3.3.3; 

plateau, rim, valley and ridge. 	The plateau has a slight slope in the 

direction of increasing MINSTEP but is nearly horizontal in the plane of 

BIAS, with the exception of the problematical ridge (see below). 

The general level and slope of the plateau are determined by 

the choice of distribution of potential flight time. Specifically, 

the general level is determined by the value of a2  (of the lognormal 

distribution) while the slope is controlled by the value of u. 	Figs. 

3.3.1 & 3.3.3 show how these parameters operate to control the success 

response surface with respect to MINSTEP. 	Decreasing the value of P 

would result in an increase in the gradient of the slope while increasing 

p sufficiently would make the plateau exactly horizontal. A sufficiently 

large increase in a2  would reduce the mortality tō near zero except for 

that determined by flight speed. 

The rim of the success surface is due to flight speed. 	Increasing 

flight speed reduces mortality to a level determined by the potential flight 

time. 	In Fig. 3.3.2 the rapid transition from high to low levels of 

successes has its analogues in Fig. 3.3.3 at the rim to the valley. The 

locus of the rim reflects the interaction between speed and MINSTEP; 

increasing flight speed increases the proportion of success. Thus 

decreasing the flight speed reduces the area of the plateau. 



Fig. 3.6.1 	Contours of proportion of success for a range 

of flight speeds and downwind biases, showing 

a peak at SPEED = 19 and BIAS = 2.3. Flight 

speed was distributed uni-Form]. y between 0 and 

B for B = 0 - 30 kph and potential flight time 

distributed lognormally with parameters p = 3.4, 

a2 = 1.4. 	MINSTEP = 1.0 kph.  

Fig. 3.6.2 	a. 	Average ground speed of successful locusts 

increases monotonically with downwind bias for, 

six distributions of flight speed; the slope 

increases with flight speed. 

b. 	Average distance flown of successful locusts 

has a minimum curve as downwind bias increases; 

the curvature increases with flight speed. 	The 

distance is given with 2791 km as the baseline, 

the distance flown by an inert particle blown on 

the wind (see first, entry in AppendixlII). Flight 

speed was distributed uniformly between 0 and B 

where B = 0 - 30 kph, potential flight time 

distributed lognormally with parameter p = 3.4, 

a2 = 1.4, and MINSTEP = 1.0 kph. 
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The transition from unbiased to maximum effect of bias becomes 

more rapid as MINSTEP increases and this deepening valley marks the parameter 

space in which selection pressure for bias is strongest. 	Of course it 

is not independent of flight speed as the rim has a curvature which is 

probably a characteristic of the distribution of flight speed. 

Fig. 3.3.3 with its logarithmic scale for success rate shows 

little variation in the surface features of the plateau but inspection 

of the actual values (Table 3.2) suggests that there may be a slight ridge 

approximately corresponding to a BIAS of 1.5. 	This ridge, if it exists, 

rather than being a stochastic variation, shows that the optimum BIAS 

is not dependent on MINSTEP. 

However BIAS is probably not independent of speed and Figs. 3.3.4, 

3.6.1 g 3.6.2 show the results of a series of runs in which the degree of 

BIAS was incremented from 0 to 3 for each of five distributions of flight 

speed: uniform distribution in range 0 to B with B = 1, 5, 10, 20, 30. 

The outcome of this experiment is far from simple. 	The naive expectation 

would be a uniform increase in the probability of success for each increment 

of BIAS. 	Fig.3.6 shows that this is not so; that there may be an optimum 

BIAS x SPEED interaction. 	Inspection of the effect on transit time _- 

suggests the possibility of an optimum while average speed increases with BIAS 

and the rate of increase with flight speed. 

In an evolutionary sense the important criterion is survival, which 

in this simulation is measured by the probability of arriving at the target. 

It can be seen from Fig. 3.6.1 that the survival rate is highest when BIAS 

is about 2.3 while the average f=ight speed is between 9.0 to 10.0 kph. 

However, fitness (which is essentially what survival amounts to measured in terms 

of the ability to cross a given expanse of water is a rather artificial 

criterion; possibly distance travelled or transit time, or even average 

speed are better criteria. 	An inert particle with neither orientation 

nor speed travels the minimum distance. 	In consequence powered flight, 

biased or not, cannot reduce this except by the ability to navigate; a 

possibility which we need not consider for locusts. 	Because of the way 

the cardioid model operates, too much orientation can result in large 

deviations from course. 	This is because the course is curved and the 

wind direction changes with place and time; even if a locust is orientated 



MINSTEP 

BIAS 	1.0 	3.0 	5.0 	7.5 	10.0 

	

0.0 	.181 	.123 	.601x10-1 	.135x10-1 	.200x10-2  

	

0.2 	.190 	.128 	.621x10-1 	.156x10-1 	.258x10-2  

	

0.4 	.201 	.152 	.809x10-1 	.275x10-1 	.462x10-2  

	

0.6 	.210 	.196 	.137 	.533x10-1 	.113x10-1  

	

0.8 	.223 	.216 	.208 	.134 	.347x10-1  

	

1.0 	.226 	.220 	.213 	.211 	.104 

	

1.5 	.232* 	.229* 	.222* 	.214* 	.176* 

	

2.0 	.231 	.228 	.217 	.207 	.174 

	

2.5 	.223 	.221 	.207 	.200 	.170 

	

3.0 	.217 	.213 	.197 	.186 	.169 

Table 3.2 Proportion of locusts successfully reaching the target area 

for combination of downwind bias and minimum steplength. 

*mark the maxima. 
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downwind at the beginning of a step, it is unlikely to be facing downwind 

at the end and the longer the step the larger the deviation will be. 

Consequently it is possible for successful locusts to have flown considerably 

further than the minimum distance (e.g. successful locusts with SPEED = 

U(0,30) and BIAS = 3.0 fly two thirds as far again as inert particles - 

see Appendix III. 

In Fig. 3.3.4 the transit time of successful locusts is plotted 

as a surface against SPEED and BIAS. 	It has the appearance of a corrie, 

but over the range of input values used, no minimum can be identified. 

If there is a minimum transit time it would seem to be at about 10 kph 

with BIAS (A) = 3.0. 	It is clear that as BIAS increases, the successful 

locusts travel further in their allotted time INSTEPS) and complete the 

trip in less time than an inert particle. 

Fig. 3.6.2a shows the ground speed as a function of BIAS for 

six flight speeds. 	At lower flight speeds the increase in ground speed 

with BIAS is indistinguishable from linear but as SPEED increases a 

curvature becomes visible, but the major effect of increase in SPEED 

is an increase in the rate of increase of ground speed with BIAS. 

The effect of BIAS is obviously very complex and this is most 

likely attributable to the exact geometry of the course and the choice 

of the cardioid as the model. 	With the bias parameter, A, constrained 

to be between zero and one, as Saila & Shappy (1962) had it, the cardioid 

is well behaved and ideal for the purpose of investigating migratory 

successes. 	But when A>l.D, she great enlargement of the step vector locus 

in the direction of bias has certain logical disadvantages. 	The great 

increase in displacement due to deviations from the course is a serious 

drawback. 	Fig. 3.6.2b shows how for a given flight speed the displacement 

declines to a minimum and then rises sharply again. 	The minimum displacement 

also increases with flight speed, confirming that high flight speed is a 

disadvantage as decided earlier. 

We see now why there should be an optimum conbination of downwind 

bias and flight speed, as shown by Fig. 3.6.1. 	The particular combination 

of 9.5 kph and A = 2.3 is, of course conditional on the value of MINSTEP 
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(= 1.0). 	Exactly what effect increasing the value of MINSTEP would have 

is uncertain, but in view of the effects of MINSTEP on success in Figs. 

3.3.1 & 3.3.3, it seems likely that the optimum BIAS would remain unchanged 

but that the shape of the surface, and steepness would change as optimum 

flight speed increases to overcome the trapping effect of MINSTEP. 

3.4 	Discussion 

This simulation model is necessarily complex as it attempts to 

elucidate some of the factors affecting survival of insects, specifically 

locusts, during migration. 	Migration is known to be a hazardous occupation, 

although as Taylor & Taylor (1979) have pointed out it is not so much the 

act that is dangerous as the inability to find a region of lower risk. 

In this episode the safe place was the only dry land downwind from the 

locust's breeding grounds in West Africa, which happened to be the Canary 

Islands and the British Isles. 	Consequently the migration was not 

successful in an evolutionary sense. 

However, this lack of success provided an ideal situation to 

investigate some of the factors affecting a locust's migratory prospect. 

These factors are; 

the time available for flight, which can be equated to the 

product of fuel supply and rate of consumption 

b) the flight speed which is related to rate of consumption 

c) the ability to orientate in a particular direction and thus 

conserve fuel. 

The investigation of these factors was facilitated by the use of a 

variable which imposed an artificial mortality in flyers and which could 

be manipulated to permit comparison of the effect of the factors on 

survival. 

Three points emerge from the investigation, and although they 

particularly apply to locust migration, they do have greater generality. 

The first point became apparent during the search for estimates of locust 

flight performance. 	According to the laboratory studies of Weis-Fogh 

and his collaborators the survival of locusts originating in N.W.Africa 
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and reaching the British Isles would be impossible. 	It is not that 

the observations themselves were wrong, but that the distribution of the 

flight performance were not measured and so the proportion of exceptional 

insects (which would not be detected in the laboratory) could not be 

deduced: this is a pernicious effect of any experiment using cultured 

animals. 	It is the rogue individuals in the tail of the distribution which may 

be important. 	The majority of "average" locusts are the ones which cause such 

devastation to vegetation and it is these to which applied biologists 

concentrate their attention. 	But it is the exceptional individuals which 

are the material of evolutionary change, especially under conditions of 

environmental manipulation by man; e.g. resistance to chemical pesticides. 

Not only is it important to determine how their physiological 

properties are distributed but precise estimates of the parameters are 

needed since small differences in some parameters can lead to comparatively 

large differences in performance. 

When simulating events to predict a possible outcome, the exact 

distributions used for some variables may not matter, since different 

distributions can sometimes produce the same overall result. In such 

circumstances the sensitivity of the model to a particular state variable 

will usually be considered to be low. 	But equating two particular 

distributions may only be valid over a fixed range, beyond which a 

discontinuity may arise under certain circumstances. 	Such flaws in models 

only become crucial when the model is to be used to investigate the biology 

of a system, since the assumptions built into the model will differ between 

distributions. 	For example, the uniform distribution for flight speed was 

used to simplify the investigation of certain interactions but with its 

fixed upper limit to flight speed, discontinuities in response surfaces occurred. 

The distribution of potential flight time is probably the most 

important and least measured variable controlling locust migratory flight. 

It is the time spent in the air which ultimately governs how far and how 

many locusts travel. 	The survival curves in Fig. 3.2 shows three similar 

curves generated from three different distributions (the parameters were chosen 

so that the curves would be similar). 	The shapes of these distributions 



Fig. 3.7 	Sketches of the three distributions used for potential flight time. 

a,b,c have the same median and d,e,f the same mean. 	Characteristics 

of these distributions are given in Table 2.1. 
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are also shown in Fig. 3.7a,b,c and it can be seen that although the 

results they produce are comparable, the uniform and normal distributions 

could not describe laboratory data without it being obvious that locust 

flight potential is sufficient to account for Rainey's maritime migration. 

The lognormal, distribution has far fewer rogue individuals with the 

majority agreeing well with the laboratory material. 

The data in the literature for potential flight time place an 

upper limit to continuous flight of about 20 hours. 	If we consider the 

median potential flight time to be half that and then apply that to the 

three distributions, it is easily seen (Fig. 3.7c,d,e) that the uniform 

and normal distribution are unable to account for any long distance flights. 

With a median of 10 only the lognormal distribution has sufficiently large 

proportion above 60, even so it may not be ideal since its mean and variance 

are much higher than the uniform and normal distributions. 	However, until 

the actual distribution of flight potential is known the median is probably 

the best description of central tendency and the lognormal the best 

distribution to assume. 

The other point of the exercise was to find behaviour to conserve fuel. 

This was done by relaxing the assumption of random walk in a moving medium 

to investigate the effect cF downwind orientation. 	It is fairly obvious 

that migratory mortality and ability to orientate will be inversely related, 

but it is not obvious that there may be a limit to the advantage of orientation. 

Saila & Shappy (1963) pointed out that precise orientation could be a 

disadvantage without the ability to compensate for drift off course. Their 

use of the cardioid as a model for bias was a fortunate one since bias makes 

no assumptions about the ability of the migrant to orientate 	in a particular 

direction. 	Bias thus is a property of the population rather than of the 

individual. 	Their model was adopted for this reason since the only known 

behavioural adaption for orientation of locusts is away from the edge of the 

swarm, and the take off reaction when the edge of the swarm passes overhead of 

alighted individuals. 

Saila & Shappy's view of the advantage of bias over precise 

orientation is well borne out by their own model's feature of increasing the 

total displacement by increasing the deviation from the shortest route. 

This is particularly evident when the course is curved as in this case. 	It 

can be pointed out that the increased displacement can be interpreted in terms 

of the habit locusts apparently have of "rolling" within the swarm. While 



-74- 

downwind bias confers some advantage on the individual, if it lead to too 

fast a forward motion, it may result in a motion away from the leading edge 

(backwards relative motion). 	According to Rainey (1963) only about 10% 

of swarms travel faster than the wind, thus the higher ground speed of some 

individuals must be absorbed by the rolling motion. 	In this simulation 

the decrease in transit time from Africa to the target only represents a 

maximum of 10% increase in speed for the swarm but corresponds to a 100% 

increase in speed of some individuals. 

The simulation experiments on bias indicate the existence of 

an optimum speed-bias interaction. 	This is a conclusion which might have 

been reached from an engineering view point but does not seem to have been 

considered in mathematical models of migration, especially those models 

derived from random physical processes (diffusion). 	Taylor (1978) 

found that migration and dispersal could not be treated as a random 

process: 	the random model was inadequate to describe the dispersal of 

seven out of eight insect species. The models which he found to be adequate 

had parameters which could be interpreted in terms of behaviour and which 

specifically excluded random processes. 	Even with the assumption of random 

walk, the end product is non-random distribution of deaths (see Fig. 3.1b). 

The non-randomness is provided by the moving medium and it is clear that 

locusts are well adapted to travel in the Intertropical Convergence Zone 

(Rainey 1951). 	It seems  likely that the speed-bias interaction is mediated 

in this instance by the behaviour which maintains swarm cohesion and is an 

adaptation to keep the maximum number of individuals in an airstream with 

the best chance of taking them to extensive, albeit temporary areas of 

vegetation. 	This habit concentrates locusts in the most favourable regions, 

consequently the spatial distribution is highly aggregated (on the ground 

as well as in the air) as is expected from dispersive processes which do not 

rely on diffusion. 	L. R. Taylor (1951) speculated and has since demon- 

strated (Taylor et al. 1978) that random spatial distributions are rare in 

nature; S. gregaria is no exception, and it is clear that it is its 
adaptations to flight in a convergence zone that make it so. 
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CHAPTER FOUR THE BEHAVIOURAL BASIS OF REDISTRIBUTION 

4.1 	Introduction 
Recently Taylor & Taylor (1979) have published a scenario 

for the development of behaviour at a very early stage in evolution. 

The scenario suggests how the earliest forms of life must have been 

subjected to selection pressure to separate, but not by too far. The 

argument does not require the existence of genetic memory: indeed it 

refers to a pre-genetic stage in evolution. Appropriately, therefore, 

it shows that "remembering" how to respond to environmental stimuli 

is of selective advantage, thus placing a premium on the development 

of genes to provide the necessary memory. 

Briefly, the scenario supposes that if the earliest "organism" 

lived in an unchanging, uniformly nutritious environment, growing by 

incorporating new material into itself, it would become necessary to 

divide in order to restore a more favourable internal-external environmental 

balance. 	Having done so both "sisters" would then be confronted with 

an intrusion into their world that could only be restored to its earlier 

environmental condition by one or both sisters moving away. 	Clearly 

evolution would favour those sisters which "remembered" from generation 

to generation how to separate. 	At this very early stage we can identify 

the three basic components of behaviour; feeding, reproductive and 

distributive. 	Competition occurs only when the third of these three 

is frustrated. 

If the assumption of spatial homogeneity of environment is 

relaxed, more divisions would occur in the most favourable places, so 

that on average, one at least of each pair of separating sisters would 

enter a less favourable region. 	Thus selection would favour behaviour 

leading to optimum spacing in a heterogeneous environment. 	A simple 

categorization of such generalized behaviour is "migratory" when the cells 

are separating and "congregatory" when they are drawing together. 	These 

two opposing movements we may represent by two vectors. The exact balance 

of the vectors would depend on the coarseness of the environmental 

heterogeneity. 	Even at this stage in evolution, no device is required 

to record the behaviour since the displacements can be entirely fortuitous, 

selection favouring the "lucky'ones. 	Obviously once a recording system 

had evolved, the behaviour could become more complex and would develop 

rapidly. 
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When the assumption of temporal stability of environmental quality 

is also relaxed, a selection pressure favouring controlled timing of 

reproduction and movement is introduced. 	Dormancy offers itself as an 

alternative to migration, although it cannot completely eliminate the 

need for movement because there would always be pressure to colonise new 

areas. 	A mixed strategy of migration and dormancy is the solution to 

the problem of spatio-temporal instability which has been adopted by 

many animals and all plants, (see also Southwood 1977). 

Selection in this scenario, is imposed by the environment, it 

does not require competition since all the sisters are identical and 

competition is meaningless under such circumstances. 	Those individuals 

which succeed in finding the best environment are most likely to survive. 

Thus it may be noted that the immediate cause of success or failure is not 

the only cause for concern, the place it occurs is also to be selected or 

avoided; a point brought out in Chapter 3 and to be developed later. 

4.2 	The A-model concept 

The scenario above argues for a selection pressure on individuals 

to maximise their resources and hence separate, and a contrary selection 

pressure to make the maximum use of available resources and hence to 

congregate wherever the resources are currently most plentiful. 	The 

balance between these two fundamental antithetical behavioural tendencies 

operates on each individual to determine its movements and hence determines 

the spatial pattern of the population at an instant. 

The overt result of these opposing pressures is the movement of 

individuals with respect to each other and the population unit to which 

they belong. 	If the population unit is represented as being concentrated 

at a particular point in space (Centre of Population, equivalent to the 

Centre of Gravity of a physical object) the movement of an individual 

must be either towards or away from the COP (unless it follows the 

circumference of a circle centred at COP). 	When the motion is centrifugal 

to the COP it is classified as "migratory" and when it is centripetal it 

is called "congregatory", and fulfils the function of "gravitational 

attraction" in Skellam's (1951a) concept of spatial disposition of 

population. 	These classifications do not necessarily imply movement 
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beyond the boundary of the population unit, for much movement is internal, 

and corresponds to what MacLeod & Donnelly (1963) called "interspersal". 

If the movement of individuals with respect to the population 

unit is restricted, by caging for example, the behavioural pressures 

which would otherwise lead to movement must express themselves some 

other way. 	Lidicker (1975) has called such behaviour "frustrated 

dispersal" and it is often characterized by abnormal, intense and frequent 

aggressive interactions, especially in mammals. 	The resulting behaviour 

patterns about which there is now a large literature (e.g. Calhoun 1961, 

Lidicker 1962, Chitty 1967, Krebs 1970) has been called the zoo syndrome. 

As with the movements they elicit, the behavioural pressures 

can be divided into those tending to lead to centrifugal, and those 

leading to centripetal movements. 	If the two phases of behavioural 

pressure are represented by the vectors 
Ar 

and Da  for repulsion and 

attraction respectively, the net pressure exerted on an individual is 

the sum of the two vectors: 

A Ar Aa  (4.1 ) 

where A is the net pressure. 	The two phases take opposite signs because 

they act in opposite directions. 	The sign convention here is for 

movements increasing separation between individuals take a positive 

sign while movements reducing separation are negatively signed. 

It is commonly found that forces exerted between objects 

(A) are related to their separation (R) by an inverse power law: 

.=kR—d  (4 .2) 

This is almost universally true in physics and has been suggested for 

behavioural processes by Breder (1954). 	It will be assumed that the 

forces of attraction and repulsion generated by behavioural pressures 

p
a 

and A
r 

conform to this model. 

Introducing equation (4.2) into (4.1) yields: 

O= GR S — HR t  (4.3) 
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where G and H are constants of proportionality and s and t are rate 

constants. 	The behavioural pressures between individuals can also be 

expressed as a population property. 	In his paper on the selfishness 

of herding, Hamilton (1971) defined a "domain of danger" which "contain 

all points nearer to the owner of the domain than to any other individual". 

In two dimensions the expected number of sides to a domain is six (Gilbert 

1962). 	Let the area of each domain be a. , distributed with arbitrary 

probability density function p(a) and the area under study be 

n 
A = 1 a. 

i=1 

where n is the number of domains (and therefore individuals). 

Then n)ai  is an estimate of the mean of a and p = n/A is the density 

averaged over the whole area, which is the reciprocal of the expected 

domain area p = n/A = n/'a = 1/E(a). 	If we represent each domain as 

a circle of radius R instead of a: polygon then a = iiR2  and the density 

experienced by an individual in its own domain is given by 

p = 1/1R2 	 (4.4) 

If we know the probability density function p(a) then we can obtain 

the density function for both R and p , or vice versa. 

Equation (4.4) shows that the inverse power laws of equation 

(4.3) can be expressed in terms of density so that the behavioural 

pressures which express themselves in movement can be related also to 

population density: 

A = gpP - hpq (4.5) 

where p = s/2, q = t/2, g = G/✓rr and h = H/✓,r. In general the minimum 

value of R would be the radius of the animal and so the maximum density 

would pertain. 

Strictly speaking A is the net behavioural pressure exerted by 

one individual on another as a function of the distance separating them. 



Fig. 4.1 	When the A-function is plotted as distance moved with 

the A-response to the same scale as distance of separation 

R = (iip) -2 , spacing returns to an optimum Ro  (4). 

Movements in response to excessive natality (decrease 

in R) (1), overshoot Ro  to (2), which is equivalent to 

losses caused by mortality. 	Movements subsequently 

cause the separation to hunt (3) back to Ro. 
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Where this is expressed as density, A is related effectively to the 

average separation between individuals in the population. 	The concept 

of behavioural pressure is a convenient description of the collection 

of stimuli which together produces some response in the individual, 

but it is poorly defined and impossible to measure. 	If a participant 

in an interaction responds to the pressure it must do so by moving 

(unless it goes catatonic). 	Thus the A-response may be measured by 

the amount of movement, either attraction or repulsion, with respect 

to the centre of population. 

If A is measured as a displacement it can be expressed either 

in terms of the population density p or as the distance separating two 

individuals R. 	With both ordinate and abscissa measured in the same 

units the potential exists for a feedback cycle on density which is 

entirely endogenous. Recourse to birth and death processes for density 

regulation need not then be made. 	Fig. 4.1 shows the difference between 

two power laws (equation 4.3) with both axes measured in the same distance 

units. 	It will be seen that a stable equilibrium point exists where the 

curve crosses the abscissa, R . 

°  Tf equation (4.3) is rearranged with Ro = (h/g)1/(8—t) 

A = e ~Ro)s _ (Rol  	 (4.6) 

where s = (hs/
gt) 1/(s-t) 

has the same units as A since (RoM is 

dimensionless. 

4.2.1 	Stability properties of the A-model 

From Fig. 4.1 it is apparent that the crossover point R , 0 
represents a point of attraction, since separation less than Ro results 
in migratory movements tending to increase R while separation greater 

than R
0 

reduces R by congregation. 	However, it seems unlikely that all 

values of the parameters lead to this result. 	Fig. 4.2 shows the shape 

of equation (4.6) for four combinations of t and s. 	Only Fig. 4.2a 

is truly unstable; leading as it does to increased separation when 

R>Ro and decreased separation when R< 0. 	Instead of the negative feedback loop 

demonstrated in Fig. 4.1, positive feedback is produced. 	This condition is 



Fig. 4.2. 	As s and t vary, equation (4.6) changes shape and the 

stability properties change from completely unstable 

(a; t>s>0), through partially stable (b; s>0, t<O) 

and stable but unrealistic (c; s>0, t=0), to globally 

stable (d; s>t>0). The arrows indicate regions of 

attraction. 
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not likely to have evolved, or if it did could not persist for long and 

must be rare. 	Figs. 4.2b & c, although they both have stable points 

at R: are unsatisfactory for purely biological reasons both predict 

negative movement whenR 	which corresponds to a density of zero. 

Also in the case where s>0, t<0 (Fig. 4.2b) a situation could arise in 

which the negative displacement is so large that it leads to an even larger 

positive movement and so on in a positive feedback loop resulting in 

population density oscillating ever more wildly. Thus Fig. 4.2d 

shows the most stable form of the equation with R
C 
 being a point of 

universal attraction when s>t>0. 

The general condition for the stability of the d-model is met 

when the curve is entirely above and to the right of the line t + R = 0. 
Since the tengent to the A-curve given by A +R = Y must intercept the 

positive abscissa for a negative feedback loop to exist Y>0. Alternatively, 

the perpendicular, P, from any point (X', 1') on the curve to the line 

aR + b A + c = 0, given by 

P = aX' + bY' + c  
,/a2 + b2  

must be greater than zero, i.e. the condition 

X+gX s  - hX t  = P >O. 	forall X 	0 

or X
t+k +  gXt-s _  h > 0.  

There is no general solution to this equation, which is not generally 

a polynomial since t and s are not usually integers. 

An approximate solution can be reached by assuming that in the 

region of the minimum, (Pic, t(Rc)) the curve can be approximated by a 

parabola with equation: 

Y - A(Rc) = za(X - ē)2 

where a is the curvature of the parabola equated to that of the A-model 

at (Rc, 0(Rc)). 	The minimum of the A-model is 



-83- 

s+1 

lx'(R) = 
R 	

-s (
p s+1 

+ t 
o 	lR  

t+1 
"el 	= 0 
A 

R = R (s/t)
1/(s-t) 

c o 

o(Rc) = s 
(s-t) 

t/(s-t) 

The curvature is given by: 

[d2/x2]/ 1 + (dy/dx)23/2  = a 

but at the minimum it is a = d2y/dx2. 

s 	 t 
R 	R

Rf 
~ 

0"(R) 	= R 2 s(s+1) {R 	- t( t+1) ( 
R
c 	

c 	c• 	' c 

a = 2 (s-t) { S } 
c 	IJJJJ 

t/(s-t) 

R 
c 

The parabola has gradient -1 when dy/1x = a(X - c) = 0, i.e. at 

X' = Re - 1/a, Y' = o(Rc) + 1/2a. 	The tangent passing through 

. (X',Y') with gradient. -1 has V-intercept at Y' + X'. 	The 

condition for stability is that the intercept be positive, i.e. 

X'> - Y': 

Rc - 1/a> - A (Rc) - 1/2 a 

-> 2a2 Rc2 - 2st a R
e 

+ st < 0 
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Letting A = aRc  and B = st we have 

2A2  - 2AB + B < 0 

and rearranging gives 

B > 2A2/(1-2A) . 

The right hand side is a parabola crossing the origin with a vertical 

asymptote at A = 1 and gradient of -1 when A < 0 and B > 0. 	The 

stability criterion has B conditional on A, in the region bounded by the 

curve B = 2A2/(1-2A) for - m <A 	= which implies B > 0, or the product 

st positive. 

Simultaneously we have - 	< a Re  : 1 or - 00 < -A(RR)st/Rc<-, 

which leads to 

A (R ) 	1 

Rc > gst 

Substituting for A(c) and Re  we have 

fs} 
(t+1)/(t-s) 

-2et(t-s) 	> R 
 0  

For this to be true (t-s) < 0, and since st > 0, S > t > 0, confirming 

the graphical analysis (Fig. 4.2). 	Furthermore, we can deduce that as 

s}t, e must increase rapidly compared to Re. That is to say, when there 

is little difference between the powers of attraction and repulsion, 

the scale of movement must be large compared to the size of the organism. 

In short, g, h > 0, p > q > 0, as previously suggested. 

4.2.2 	Components of the A-model 

The A-model has been considered above in both population and 

individual terms (equations (4.3) and (4.5)) by the manipulation of the 

relationship between separation and density (equation (4.2)). 	However, 

it is possible to interpret the equation in population and individual 

terms simultaneously. 



Fig. 4.3. 	Data of the frequency of agonistic (a) and amicable (b) behaviour related to density. 

Transformed to logs the data are significantly correlated at probabilities less than 20%. 

Because neither variable is independent and errors of observation exist in both axes, the 

regressions were computed using the orthogonal least squares method which is equal to the 

geometric mean of bbx  and b
xy

: 

bo  r t p% 
a)  0.563 0.698 1.67 15 

b)  0.397 0.601 2.19 9 

(Data from Armitage 1975). 
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Firstly, the population effect on behaviour pressure. If it 

is assumed that aggressive and friendly behaviour, are the two qualitively 

recognisable extremes of an "agonistic behaviour spectrum", which we might 

express as probability compliments: 1 = probability (friendly behaviour) 

+ probability (aggressive behaviour). 	Furthermore, if we assume that the 

behavioural pressure leading to aggressive behaviour increases as a power 

of the population density p, then it is reasonable to suppose that friendly 

behaviour decreases with density at the same rate: A'a  « pd  and A'f  « p d. 

Where subscripts a and f refer to aggressive and friendly behaviour 
pressures. 	There is good reason to suppose that this simple model is 

acceptable as evidence has accumulated since Calhoun (1961) established 

that the intensity of aggression in domestic rats increases with density, 

although less evidence exists for amicable behaviour being density-dependent, 

unless we assume friendly behaviour to be an absence of aggression at 

the population level. 

But there is also an individual effect on behaviour pressure, 

relating the intensity of response to the separation between two protagonists. 

For this response, though, both aggressive and friendly behaviour are. 

assumed to decline with distance. 	Experiments with the fighting fish, 
Regan  

Beta splendensy Simpson 1968) and other species show that the intensity 

and duration of displays increase as the combatants, or would-be mates 

approach one another. 	Assume the functional relationship for behavioural 

pressure of aggressive and friendly interactions to be the same: 

A"a  « R-2e and A"f  « R-2c . 	The assumption of the same distance function 

for both interactions is improbable, but is adopted here on the grounds 

of convenience. 	Now converting the individual response into density as 

in Section 4.2: A"a  ¢ pc and A"
f 
..pc. 	Under normal conditions the 

individual behaviour interaction will be heightened by the pressure from 

the background population, thus the net amicable and aggressive behaviour 

pressure may be the product of the two components: 

A
a 

= A'
a 
A" 
a 	

Af  = A'f A"f 

= gpc+d 	= hp
c-d 
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b c d 

1.1 1.0 9.24 -1 .61 0.133 

1.2 1.0 9.26 -1.85 0.156 

1.2 1.1 9.24 -1.77 0.142 

1.3 1.0 9.24 -2.27 0.143 

1.3 1.1 9.24 -2.02 0.166 

1.3 1.2 9.25 -1.85 0.161 

1.4 1.0 9.30 -2.89 0.123 

1.4 1.1 9.30 -2.71 0.134 

1.4 1.2 9.31 -1.84 0.203 

1.4 1.3 9.25 -1.91 0.177 

1.5 1.0 9.23 -2.59 0.154 

1.5 1.1 9.29 -2.42 0.169 

1.5 1.2 9.24 -2.35 0.163 

1.5 1.3 9.12 -5.07 0.126 

1.5 1.4 9.41 -1.48 0.253 

2.0 1.0 9.36 -1.79 0.277 

3.0 1.0 9.36 -4.03 0.140 

3.0 2.0 9.34 -4.20 0.133 

4.0 1.0 9.35 -4.75 0.156 

4.0 2.0 9.33 -5.15 0.123 

4.0 3.0 9.32 -2.21x10-3  1.538 -1.216 

15.0 1.0 8.47 -4.71x10-8  3.594 -1.893 

15.0 5.0 8.48 -4.72x10-8  3.594 -1.894 

15.0 10.0 8.48 -4.72x10-8  3.594 -1.895 

50.0 1.0 8.71 -1.82x10-2  1.124 -2.231 

Table 4.1 	The three- or four-parameter regression equations 

(2.11) and (2.14) are fitted to density distance 

data generated by the A-model. 	In all simulations 

c = 1 and po  = 10000. 
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Thus c + d = p and c - d = q. 	In the previous section it was deduced 

that p > q > 0, thus for (c - d) to be positive d < c. 	Therefore 

the response to individuals (embodied in d) must be shorter-ranged than 

the population response. 	This must obviously be so since, otherwise, 

dispersal would always be dominated by individual responses, and there 

is ample evidence for both individual and population effects stimulating 

dispersal. 	For example in female water voles (Arvicola terrestris, 
Lacēpēde) emigration is stimulated by a single encounter with a more 

dominant female (Leuze 1976), whereas in many aphid species the cues 

for migrant production are provided by the colony as a whole, either 

directly (by increased contact) or indirectly by the arrival of predators 
er 

or the detioration of the host. 

The logic of the A-model enables us to make certain predictions. 

Recalling that Calhoun (1961) found that the frequency and duration of 

aggressive encounters of caged rats increases with density we should 

expect that measures of intensity of response should be logarithmically 

related to density. 	We should also predict, from above, that the intensity_---  

of amicable interactions should be inversely density-dependent. 

Armitage (1975) presented data of social interaction between 

marmots (Marmota flaviventris, Audubon & Bachman) in which he simultaneously 
recorded density estimates and the frequency of agonistic and amicable en-

counters between members of several colonies. Using non-parametric 

statistics, Armitage was able to find significant density-dependence in only 

one out of twelve experiments. 	However, if the observations (which are 

very variable) are grouped by density and transformed to logs, much of the 

variance is stabilised and the resulting regressions are significant 

(Fig. 4.3). 	As predicted the agonistic response increases with density 

while the amicable responses decrease. 	Moreover, the modulus of the 

gradient of the agonistic behaviour is greater than that of the amicable 

interaction, again as expected. 

The reasons Armitage was unable to detect density-dependence 

(which he was hoping to find) are threefold and related and will apply 

so widely that they deserve special consideration. 	They are, collectively, 

the main reasons why the principle of the A-model has not been obvious or 

easily accepted by field workers with special cases in mind. 	Firstly, 



Fig. 4.4. 	The range of shapes of density-distance curves the A-model (equation (4.7)) can generate is 

well illustrated in these figures produced by simulating dispersal obeying the 0-model. The 

ordinate is in logarithmic scale so that these three examples will fit the same figure. The 

A-model parameters used to generate these curves and the regression models (equations (2.11) and 

(2.14)) which fit them are: 

p q a b c d 
a)  1.0 1.1 9.24 -1.61 0.133 

b)  2.0 1.0 9.36 -1.79 0.277 

c)  15.0 10.0 8.48 -4.72x10-8  3.594 -1.895 

e = 1, po  = 10000. 
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he lacked a theory to test. 	Secondly, and as a consequence of the first, 

he used non-parametric tests which were not powerful enough to detect 

the density-dependence of behaviour. 	The third reason is the most 

important one as it explains also why non-parametric tests are inadequate; 

it is intrinsically difficult to get good data over a sufficiently wide 

range of densities. 	As the population density increases, the intensity 

of behavioural response to individuals (evident only in amicable behaviour) 

becomes obscured by the population effects. 	Observations of individual 

interactions can be made in the laboratory (e.g. Siamese fighting fish) 

but cannot be applied directly to the wild population. 	If, as the theory 

claims, density may be regulated by social behaviour, the density estimates 

cannot be considered to be an independent variable since it is partly 

determined by the behaviour it is producing. Also, more important from 

a practical view point, the more effective is the feedback mechanism 

the more difficult it will be to detect. 	The statistical problem of 

interaction is less of a problem than at first appears. 	Interaction 

between axes tends to reduce the level of significance of the regression. 

Thus more results will be rejected as not showing density-dependence 

than actually exist. 

The data of Armitage (1975) have shown that there may be evidence 

for behavioural pressures in the population leading to density-dependent 

attraction and repulsion as claimed in section 4.1 even when these have 

not been found in the published literature. 	The results also showed 

how difficult to find such evidence would be and this may mean that other 

data exist unpublished because it seemed negative. 	An indicator of 

density-dependent behaviour easier to find would be the outcome of the 

A-model, the distance moved by individuals as a function of density. 

It was shown in Chapter 2 that density-distance data are well described 

by equations derived from the Gamma distribution. 	It is easily shown 

that the A-model can generate hollow curves like those fitted to data 

in Chapter 2. 

A simple simulation of the A-model suffices for this purpose. 

Starting with a population density of 2p0  the density was reduced by 

one each time an individual left the population and travelled a 

distance given by 



Fig. 4.5. 	a. 	Density x distance data of Drosophila from Dobzhansky 

& Wright (1943), does not fit the random diffusion 

model (light line) but does fit equation (2.11) 

(hnovy lino). 

h. 	Cumulative frequency from 4.5a. 

c. 	Transposed axes gives the A-function (equation (4.5)) - 

distance moved as a function of total population. 
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A = E  {p } - 
{p}q]  

0 

(4.7) 

Obviously, each time the density was decremented the next individual 

to leave travelled a slightly shorter distance. 	Each distance travelled 

was recorded and the maximum distance divided into equal sized classes 

from which a frequency distribution of distance was constructed. 	Three 

differently shaped distributions are shown in Fig. 4.4 generated by different 

model parameters. Subsequently the three- or four-parameter Gamma regression 

models (equations (2.11) and (2.14)) were fitted to the results. 	The 

regression models fitted all 25 density distance data sets generated in 

this way (Table 4.1). 	It is not surprising that, with so many parameters, 

the model fits but it could not be anticipated that there would be no 

correspondence between the input parameters and the parameter estimates 

from the fitted equation. No explanation is offered for this, except 

that the mapping of one parameter set into the other must be very complex, 

and there is no reason to expect otherwise. 

Consideration of the process involved in the simulation shows 

how density-distance data of the sort in Chapter 2 may be fitted by the 
data 

A-model. Fig. 4.5 shows the Drosophila pseudoobscura/of Dobzhansky & 
Wright (1943) (given in Table 2.1) with the three-parameter regression 

equation (2.10) fitted to it (heavy line). 	For comparison the half- 

normal equation (2.3) is shown as the light line. An alternative way of 

displaying the data is shown in Fig. 4.5b where the cumulative frequency 

of the Drosophila data is plotted against distance. 	The lighter line 

shows the cumulative frequency of the "half-normal" equation and is the 

top half of the normal distribution's sigmoid curve. 	If the axes are 

transposed (Fig. 4.5c) the distance moved away from the centre of dispersal 

in response to density is obtained. 	This assumes that those recorded 

as not having moved, remained behind because the population density at 

the centre had reached some equilibrium value (po). 

Table 4.2 gives the parameters of the A-model which generated 

the curves drawn in Fig. 4.6.1, for data from a variety of species. 

Fitting the A-model to density-distance data cannot be done efficiently 

or by any method with full statistical rigour. 	This is because the 

errors in observation are associated with the number recorded at a distance 
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Species Ref.  
po p q 

Drosophila (a)  0.03 6 0.97 0.72 

Man (b)  5.2 2000 7.3 6.7 

Monarch (c)  11.0 54 7.2 1.1 

Blackbird (d)  7.3x10-2c  225 151 2.1 

Great tit (e)  4.44 280 4.0 0.67 

Tsetse fly (f)  4350 4500 10.1 6.0 

Elm beetle (g)  26.4 95 3.6 0.22 

Hop aphid (h)  11.93 4800 57.3 22.5 

Table 4.2 0-model parameters generate 	curves which match the 

data plotted in Fig. 4.6.1. 	References: (a) Dobzhansky 

& Wrignt (1943); 	(b) Hagerstrand (1962); (c) Urquhart 

(1960); (d) Greenwood & Harvey (1976); (e) Greenwood 

et a1.(1975); (f) Morris (1946); 	(g) Wadley & 

Wolfenbarger (1944); (h) Table 2.5, Chapter 2, this thesis. 
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from a centre of dispersal, which is then accumulated so that the errors 

are no longer independent. 	Transposing the axes puts the errors on the 

ordinate rather than the abscissa so that likelihood methods are not per- 

mitted. 	To overcome these problems, the three- or four-parameter regression 

equations (2.11 & 2.14) were fitted to smooth the data and the A-model 

fitted to the accumulated expected values of the fitted equation. Rather 

than fit A = gpP - hpq or A = E [(p/po)p — (p/p0)9, it was sometimes found 

to be more convenient to fit another parametric form: 

A = g exp (pX) - h exp (qX) 	 (4.8) 

where X = lnp. 	Because of the difficulties associated with fitting 

the model, the comparatively simple routine given in Appendix I was not 

used. 	Instead the more powerful Maximum Likelihood Programme was used 

(Ross 1970) . 

Even with a highly sophisticated programme like MLP, fitting 

the curve to data is necessarily slightly subjective. 	This is because, 

with four non-linear parameters, several parameter combinations can 

produce indistinguishable curves and it is left to the investigator to 

decide which combinations may be the more likely. 	For exampe we are 

constrained by the findings in section 4.3 to chodse parameter combinations 

in which g and h are psoitive and p > q > 0. It could be argued, 

legitimately, that if a set of parameters not conforming to these requirements 

were to fit best then that is evidence counter to the theory. 	In defense, . 

the theory was developed with these assumptions implicit in the'equation, 

and the stability analysis merely confirmed that they are requirements for 

stability. 	Indeed it can be seen from Fig. 4.2 that the evolution of 

anything but p > q > 0 is intrinsically unlikely and if sets of sufficiently 

good data become available, the theory will be tested by criteria other 

than goodness of fit. 

Also it can be seen from Fig. 4.5 that the precision of 

estimation of po  is dependent on that of the observations of numbers 

at short distances. 	Indeed if there is nb observation at X = 0 then 



Fig. 4.6.1 A-functions reflecting life styles with superimposed 

density x distribution data. 	(a) Sedentary insect, 

Drosophila pseudoobscura; fluorescent dust recoveries 

at attractant traps in California. 	(b) Social primate, 

Homo sapiens; census data from Sweden. 	(c) Migrant 

butterfly, Daraus plexippus; wing-label recoveries in 

North America. 	(d) Territorial bird, Turdus merula; 

leg-ring recoveries in Great Britain. (e) Woodland 

bird, Parus major; leg-ring recoveries in Oxfordshire. 

(f) Bldod sucking fly, Glossina palpalis + tachinoides; 

catches at hosts in West Africa. (g) Bark-eating 

beetle, Scolytus multistriatus; incidence of damage in 

New England. (h) Holocyclic aphid, Phorodon hamuli; 

suction trap catches in Great Britain. 	Density units 

are arbitrary as in the original data. Densities below 

po  are difficult to measure and short-lived, hence the 

data points are inadequately represented. 	References 

are as for Table 4.2 which gives A-model parameters. 

Fig. 4.6.2 	a. 	Variance of spatial samples is proportional to a 

fractional power of mean population density for all species 

and at all scales (from Taylor et al. 1978). 

b. 	The A-function generates spatial distributions with 

the same variance-mean functional form as natural populations 

(for parameters see Taylor & Taylor 1978). 
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the exact position of the A-curve along the p-axis is somewhat problem-

atical. 

Furthermore, it is clear from the simulation producing Fig. 4.4 

and Table 4.1 that there is a connection between the A-model and the 

Gamma distribution regression models of Chapter 2. 	Analytical verification 

of a connection would obviate the need for fitting the A-model directly, 

a method fraught with statistical pitfalls. Unfortunately such an analytical 

connection has eluded me, although I am confident that one exists. 

4.3 	Simulations of the A-model 
It is possible to deduce only some of the properties of the 

A-model and of populations in which it is assumed to operate. It was 

therefore necessary to create simulation models of a population in which 

the individual's behaviour was governed by the A-model. This necessitated 

putting the population into a real spatial frame in which individuals move. 

General models of this type are Monte Carlo mimics of real situations 

(like the locust model - Chapter 3) but since the A-model is an abstraction 

of behaviour it has certain features in common with deterministic models. 

Except for setting up the starting conditions, the simulations are almost 

completely deterministic once started, although the more complex they are 

the less deterministic they become. 

The A-model provides a simple rule for governing behaviour, 

as recognised by movement. 	The density in a small area is determined 

and subsequently some or all of its inhabitants move an amount determined 

by equation (4.7). 

The universe in which the simulations were run was a two-

dimensional Cartesian plane centred at (0,0) and divided into squares of 

unit side. 	The density was estimated from the ratio of the total number 

present, N, and the number of squares occupied, n, or p = N/n . 	This 

is only a crude estimate for p, which strictly is the density experienced 

by an individual and is the reciprocal of its domain area. 

The model was investigated under several sets of assumptions 

which get progressively weaker, and using a simulation program which is 

given in Appendix IV. 
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4.3.1 	Simulations in a homogeneous environment 

The very simplest assumptions that can be made about the growth 

of a population are that it lives in a uniformly favourable, non-limiting 

environment, has no natural enemies and divides regularly. 	In the 

absence of restraints on reproduction the expected growth curve is 

given by the geometric progression with common ratio a; the number 

after t divisions, Nt  is given by: 

Nt = No  lt  (4.8a) 

where N is the starting population and in this case X = 2 for binary 

fission. 	This can be rewritten in the familiar exponential form 

Nt  = N
o 

exp (r) 
	

(4.8b) 

where r = In A = 0.693. 

In this first simple simulation of the 0-model, it is 

applied to a population growing geometrically in a uniform environment 

of infinite extent, centred at the Cartesian co-ordinates (0,0). 

The h-model proposes that movement by individuals in response 

to density can restore density to a "preferred" value, po, but since 

it operates solely on density, it does not affect population number. 

Thus a population growing exponentially in numbers should spread itself 

out with each reproductive pulse to restore density to p
o
. It is 

this assertion that is being tested. 

The coordinates of 16 founders were selected from random numbers 

in the range -1 to +1 (the expected position of a founder is thus at 

the centre of the. plane, and the average density at the centre, p, is 

4 per unit square. 	The founders were divided and one sister from each 

pair moved in response to the A-model (equation 4.7). 	If p < p 
0  

the mobile sisters all moved towards the centre of population, which for 

convenience was assumed to be at (0,0), i.e. negative movement. Initially 

all movements were negative so that the density doubled every generation. 

Once po  had been reached (Nt  > 4 po), the sisters all moved away from the 

centre and the population entered a stage of territorial expansion. 
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po  p q a b 

0.333 240 1.55 1.50 0.763 1.688 

0.333 240 1.60 1.50 0.861 1.724 

0.333 240 1.65 1.50 0.629 1.802 

0.333 240 1.70 1.50 0.614 1.788 

0.333 240 1.75 1.50 0.466 1.960 

0.333 240 2.00 1.25 0.926 1.918 

0.333 240 2.00 1.50 1.387 2.314 

0.333 240 2.00 1.75 -0.912 1.623 

0.333 240 2.50 1.50 0.653 1.979 

0.333 240 2.50 2.00 0.809 1.748 

0.333 240 3.00 1.50 0.335 2.257 

0.333 240 3.00 2.00 0.737 1.858 

1 240 3.00 2.00 0.250 2.298 

2 240 3.00 2.00 0.813 1.766 

3 240 3.00 2.00 -1.118 3.843 

4 240 3.00 2.00 0.160 2.400 

0.333 240 4.00 1.00 0.415 1.961 

0.333 120 4.00 2.00 0.899 1.698 

0.333 240 4.00 2.00 0.271 2.519 

0.333 480 4.00 2.00 0.731 2.119 

0.333 240 4.00 3.00 -0.667 4.123 

1 240 4.00 3.00 0.793 1.152 

2 240 4.00 3.00 0.048 1.642 

3 240 4.00 3.00 -0.758 2.187 

4 240 4.00 3.00 0.165 1.039 

Table 4.3 	Power Law analyses of spatial distributions obtained by 

simulating expanding populations of binary reproducing 

species in a homogenous environments. The first four 

parameters give the parameters of the A-model used to 

generate distributions, a & b are power law constants. 
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After each division the density doubled, and was followed by a further 

migration resulting in colonisation of new squares, thus tending to 

restore density to po  despite the fact that Nt  continued to rise 

(Fig. 4.7.1). The variation in (p/po) in the region of 1 in Fig. 4.7.1. 

is a result of the discrete units of area used; as the area units get 

smaller the stochasitic element is smoothed out. 

Fig. 4.8.1 shows how the regular pulses of migration extend the 

territory without affecting the density. 	But within the range occupied 

by the population the density is not quite uniform; if the simulation is 

permitted to run indefinitely it would become apparent that there are 

small scale variations in density with a tendency for density to be higher 

at the centre than the outer fringes. 	This is largely the result of 

the constraint that only one sister moves and the discrete time intervals 

at which reproduction-dispersal pulses occur. In one dimension, if the 

"new" offspring always move one unit to the right, then the distribution 

of numbers with distance will be binomial. 	This assumes a fixed steplength, 

which will not normally occur, because small variations in density can 

result in large variations in 1, especially if p is large. 	What it will 

do though is create local regions of high aggregation. These will be 

rare, and the more highly aggregated the rarer they will be. 

Variance-mean analysis (Taylor 1961) of the spatial distribution 

of the simulated population shows that they conform to the empirical 

requirements that 

S = 
apb 

(4.9) 

Analysis of 156 sets of data including 102 different species has 

shown that, with one exception (wheat blossom midge, Taylor 1971) the 

spatial behaviour of animals and plants obeys Taylor's Power Law (Fig. 

4.6.2). 	Hence any model which purports to describe the spatial behaviour 

of organisms must produce spatial patterns which conform to equation (4.9). 

Taylor (1971) has argued that the exponent, b, of equation (4.9) 

is a specific index of aggregation. 	For the analysis to be convincing 

therefore, b should not change during the course of the simulation. 
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c = 0.333,po  = 40,p = 4,q = 2 	s = 1,p0  = 12,p = 1.5,q = 1.4 

i 	a 	b 	a 	b 

0 	1.349 	1.662 	0.869 	2.424 

.1 	1.312 	1.634 	1.721 	2.345 

.2 	1.326 	1.679 	0.911 	2.447 

.3 	1.431 	1.712 	0.334 	2.529 

.4 	1.369 	1.592 	1.815 	1.918 

.5 	1.442 	1.655 	1.229 	2.233 

Table 4.4 	Incorporating mortality into the homogeneous environment 

simulation has little effect on the degree of aggregation, 

measured by b. 	The intercept, a, is more variable but there 

appears to be no relationship between either measured parameter 

of variance-mean analysis and p  the probability of mortality. 

As p increases above 0.5, continued existence of the population 

becomes less likely as the death rate exceeds the birth rate. 
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Fig. 4.7.1 also shows how the index of aggregation, b, remains fairly 

constant after the first few generations. 	At the start of the simulation 

the spatial disposition of the founder is constrained to be near random 

(-b = 1) consequently it takes a certain amount of time for the aggregation 

to reach a steady state. 

Table 4.3 shows the results of 25 analyses of simulations with 

different input parameters to the A-model. 	In all cases the spatial 

variance was found to be proportional to a fractional power of the mean 

and the correlation coefficients were all highly significant. 	The 

results shown in Table 4.3 were obtained after several generations of growth 

and expansion and indicate that at any moment in time the power relationship 

holds. 

There does not appear to be any obvious systematic relationship 

between b and the parameters of the A-model. 	It seems unlikely that 

no such relationship exists but there is no reason to expect a simple, 

direct one rather than a complex combination of the four. 	We might 

expect that since c and po  are measures of distance and area respectively 

they might resolve themselves into the "scale factor" a in equation (4.9) 

• leaving the exponents p and q to be related to b. 	This does not appear 

to be the case. 	It is possible that a large response surface experiment 

covering a wide range of values of the four parameters could resolve 

this point, but the cost would be high and the success uncertain while there 

are other properties to be investigated. 

The assumption of homogeneity of environment automatically 

excludes the introduction of predators into the model, and since reproduct-

ion is by binary fission, the simulated organisms are effectively immortal. 

Therefore a modification was made to the programme to incorporate mortality. 

At each generation after migration, but before reproduction, each individual 

was exposed to a mortality factor p (= 1 - v, where v = probability of 

survival . 	A random number w(in the range 0 to 1) was selected for each 

individual and if w < p, that individual was removed from the census. 

This way there was the same chance of surviving at all points in the universe 

and therefore no density-dependent mortality. 	The results of this 

modification were little different from the primitive model (Fig. 4.7.2). 



Fig. 4.7.1 	Expansion of a population reproducing in geometric progression (heavy line) maintains an average density at 

po  (light line) as the population boundary expands outwards (see Fig. 4.8.1). The coefficient of aggregation 

(dotted line) establishes an average level once po  is reached. 

Fig. 4.7.2 	Introducing a fixed mortality rate (u = 0.2) at each generation has little effect on density and aggregation but 

the rate of increase of the population is reduced. 

Fig. 4.7.3 	An immortal population in a heterogeneous arena maintains a near constant density by losses of migrants leaving 

the arena completely (kw) or by dying on hostile units of the arena. 

Fig. 4.7.4 	With the arena changing with a probability of 1/6 per generation, catastrophic losses may occur, which reduce 

the aggregation coefficient temporarily. 	Fewer migrants leave the arena as a result of the increased mortality 

within it. 

Fig. 4.7.5 	With changes. to the arena every sixth generation, regular reductions in density and aggregation occur and are 

followed by periods of recovery. 	The rate of recovery is nearly constant. 

Fig. 4.7.6 More founders are needed to establish a population when the habitat changes more frequently and recovery may be 

interfered with. 	Fewer migrants leave the arena less frequently. 

a-model parameters were c = 0.333 p = 4, q = 1 and po  = 240 in the homogeneous habitat simulation and was 

increased to 1000 in the heterogeneous simulations in which the arena was the basic unit of area. 	The same 

heterogeneous environment was used and positions of founders remained the same throughout. 
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Table 4.4 shows the effect of different values of p for two sets of A-model 

parameters after several generations. 	The outcome, as measured by b, 

(Fig. 4.7.2) is no different from i = 0 (completely homogeneous case) but 

the rate of growth of the rings gets progressively slower as p increases, 

and, exceptionally, the rings may contract for one or two generations 

before continuing to expand. 	The likelihood of this becomes greater as 

i±0.5 (p > 0.5 inevitably leads to extinction as the death rate exceeds 

the birth rate, and at p ti 0.5 stochastic variations ensure that the 

population never becomes established). 	If the value of p varied cyclicly 

with a mean of 0.5, then the rings would pulse with about the same 

frequency but slightly different phase. 	This would lead to regular 

oscillations in Nt  but little change in p. 	Such a system can be envisaged 

for some of the tundra-living small mammals with reputations for periodic 

outbreaks followed by "mass-migration" (Elton 1942; Marsden 1964) but for 

which there is little evidence of increased density over the whole range. 

4.3.2 	Simulations in a heterogeneous environment 

No environment can be completely homogeneous, but recognising 

degrees of heterogeneity has proved rather difficult. 	The problem has 

usually been overcome by postulating that environmental heterogeneity 

reveals itself in differences in vital rates (e.g. Reddingius g den Boer 

1970, Roff 1974a). 	Quantitatively we can recognise three possible classes 

of heterogeneity acting on reproductive potential: benign, in which the 

environment provides sufficient resources for a "normal" existance, and 

therefore permits reproduction; hostile, in which life is impossible, 

perhaps because the physical nature of the environment is fundamentally 

different from that for which the organism is adapted, or perhaps because 

the region contains a large number of predatory or parasitic organisms, 

making capture inevitable; and a marginal environment, which is tolerant 

and contains the necessary resources for life, but in which a risk to 

survival exists, perhaps preventing reproduction. 

In this next simulation, the homogeneous environment of section 

4.3.1 was split up into regions of three distinct types; Hostile, Tolerant 

and Benign. 



Fig. 4.7.7 

Fig. 4.7.8 

Fig. 4.7.9 

Fig. 4.7.10 

Fig. 4.7.11 

Fig. 4.7.12 

Increasing the reproductive rate in a habitat changing every generation decreases the chances of 

extinction early in the population's growth, so that fewer founders are needed. 

Dividing the population into demes reduces the number of migrants lost from the arena but otherwise 

the outcome differs little from that of the simulation of binary division in an unchaging heterogeneous 

environment (Fig. 4.7.3). 

Increasing the reproductive rate so that the simulated animals are parthenogenetic with direct density-

dependent movement results in aperiodic (chaotic) outbreaks from an endemic level near to po. Increases 

in density have no discernable effect on aggregation but reductions below po  result in decreased aggregation. 

Delayed density-dependent movement slows down the feedback on density regulation with the result that density 

is greater than pi)  more often than expected. 

Increasing the reproductive rate still further results in very rapid growth of population and still more 

violent outbreaks. Recovery to po  may take longer than one generation and losses from the arena are increased. 

Introducing hermaphrodite reproduction does not alter the outcome as compared to parthenogenetic reproduction 

(Fig. 4.7.9) except to slow the growth of the population slightly because singletons do not reproduce. 

A-model parameters were as above except po= 10 per deme. 	The environmental templet and coordinates of founders 

were as before. 
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A spatial arena was constructed from a matrix of 130 x 120 

units in which the favourableness of each unit was determined by an 

environmental score, m. 	Initially each element was assigned an 

environmental value of -1, that is uniformly adverse. 	Elements whose 

coordinates were selected from random numbers were incremented by one 

to make the arena heterogeneously more favourable. To speed this process 

up, the 8 or 24 adjacent elements were also incremented. Iteration of 

this initially random process, of overlaying levels, results in local 

aggregations or islands of higher environmental score in which the highest 

values are surrounded by progressively lower values until Hostile On = -1) 

separated from Benign (m 1) by tolerant On = 0) margins. The addition 

of layers ceased when the frequency of non-hostile environmental score 

(m 	0) was approximately Poisson with p = 2. 

Into this arena 16 founders were placed, their coordinates chosen 

from random numbers, subject to the condition that they occupied a benign 

element (m 	1). 	The simulation was then run exactly as in the homogenous 

case; each generation started with reproduction by binary fission, and 

followed by a census which was used as the input for the A-model (4.7) 

giving the distance to be moved by one of the sisters. Unlike the 

simulations in a homogenous environment, the centre of population (COP) 

was not usually close to the centre of the universe (0,0), so for this 

simulation the COP was calculated and responses by the individuals 

made with respect to the COP. 

The major effect of heterogeneity is to break up the regular 

ring structure generated in homogenous environments (Fig. 4.8.2). Also 

the degree of aggregation is slightly reduced (Fig. 4.7.3). This is because 

the intrinsic degree of aggregation is superimposed on an environmental 

template with its own characteristic aggregation (b = 1.0). The 

characteristic pattern of aggregation is preserved because the organisms 

still congregate in certain regions, the differences being that they now 

accumulate in regions which are recognisably preferable; they have 

environmental scores m 3 1, and cover a large area. The larger the area 

the larger the congregation. 



Fig. 4.8.1 	In a completely homogeneous environment the h-model creates pulses of migration as the population number 

increases. 	As time proceeds the rings gradually fill in, with the highest density in the centre, and 

declining with distance, although the average density remains fairly constant near po. 	In the early 

generations when p < pc)  the.population movement is congregatory,.resulting in a "filling in" of the centre 

(first two frames at half scale) before the population expands outwards in its migratory phase. 

Fig. 4.8.2 	In a heterogeneous environment the annular pattern is broken up by the discontinuities in the habitat, and 

centres of population may arise in benign regions. 	These centres may move, or appear, disappear and coalesce 

giving the appearance of movement. 	If the habitat has any directional trends then movement along them may 

result, in time, in regular commuting between its ends (last frame). 	The density surface was produced by 

SYMAP and has the same scale as Fig. 2.4. 

Fig. 4.8.3 	The introduction of demes into the simulations results in greater isolation between population centres. 	The 

frames in Fig. 4.8.2 can be regarded as showing the density within a deme at higher magnification. 	Clearly, 

at this scale of view the losses of migrants leaving the arena are reduced because only demes at the edges 

produce emigrants. 	The contours are 10,100,1000: the scale width was widened to clarify the steep gradients. 
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Although the ring structure is broken up by the heterogeneity, 

the migrants still move radially, and as a result rays can be identified 

following trends in the geography (Fig. 4.8.2). 	Combined with regular 

changes in the mortality the regular movements along linear geographical 

features, could easily lead to the retention of this habit, a habit we 

can recognise as commuting. 

Heterogeneity in the environment introduced a mortality factor,. 

which Was localised rather than random, but with the same outcome - 

slowing down the rate of increase of N and expanding the range. It also 

introduces the risk that the simulation cannot succeed, but this can 

be overcome by increasing the number of founders. 	This is because, 

once started the simulation is largely deterministic and if all the 

migrants at any stage fail to find a benign square, the simulation stops. 

This is most likely at the beginning. 

Mortality due to landing on hostile squares effectively slows 

down the rate of growth of the population so that the approach to p 
0 

is 

slower as is the increase in Et (Fig. 4.7.3). 	In the absence of further 

mortality the simulation proceeds to a point at which the average density 

is just over Po  resulting in large emigrations from the arena. 	If the 

arena were "wrapped around" so that there were no edges and consequently 

no losses, every environmental unit would eventually become occupied and 

the population number and density would continue to rise indefinitely. In 

other words, under such circumstances, the simulation is no different 

from the exponential growth equation (4.8) and density and number are 

synonymous. 	However, few species have a completely,global range and 

for the majority their habitable territory is circumscribed by unfavourable 

terrain, i.e. they live on environmental islands. 	The organisms simulated 

in these experiments thus fall into the latter group. 	However, there is 

another variable, temporal heterogeneity, in real environments,, to be 

taken into account. 

Clearly evolution would not favour the loss of all recruits by 

emigration to certain death off the island and migrant production would 

be minimised by changing the parameters of the model. 	However the 

survivors are effectively immortal so that there is no material for 

evolutionary change. 	Only by introducing mortality explicitly is 

differential survival possible. 
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In the previous simulations each individual had a constant 

chance of surviving to the next generation, but a reasonable cause of 

death would be a change in the environment. Accordingly, the environmental 

arena was changed periodically after migration and the survivors were 

those occupying squares which did not go hostile On 4 -1). 	Under 

this regime individuals trapped on tolerant squares (m = 0) would have 

a chance to reproduce. 	Changes to the arena were effected in three 

ways: changes randomly through time, each generation had a one in six 

chance of having its environment changed; regularly changed every six 

generations; changed every generation. 

Provided that the first change did not occur soon after the 

start of the run, the random and regular changes of one-in-six generations 

differed little from simulations in an unchanging environment. 	The 

index of aggregation was unchanged, although the standard error of b 

usually increased, this because of the increased stochasticity of the 

system (Fig. 4.7.4). 	The number within the arena, and therefore the 

average density, tended to stay near pc,  although after some changes a 

crash resulted of such severity that extinction occurred. 	This was 

rare; in 50 simulations, with the same starting conditions and 

parameters and in which the first ten generations survived, only two 

resulted in extinction in less than 30 generations. 	Fig. 4.7.4 shows 

the first 30 generations of a simulation in which changes in the 

environment occurred at random with a probability of one in six. 	It 

can be seen that the population tends to return to the same density 

after disturbance, and at approximately the same rate each time. Also, 

the number of individuals leaving the island drops to zero after each 

crash as the migrants move inward in response to the resulting low 

density. 	Regular changes every sixth generation resulted in population 

cycles with a variable minimum and nearly constant maximum (Fig. 4.7.5). 

Predictably, the number of off-island emigrants varied with the environmental 

status, dropping to zero after a crash, when all movement was inward 

and rising again afterwards. 	Clearly if the parameters of the model 

were chosen appropriately the losses "over-the-edge" could be reduced 

to near zero but with enough within-island movement to ensure continued 

survival. 



-109-  

With changes to the environment every generation this ideal was 

achieved, but the risk to extinction during the first few generations 

was so high (> 85%) that an increase in founders to about 100 was 

necessary to ensure establishment of the population (Fig. 4.7.6). 

However, fine tuning of the A-response by changing c and p 
0 
could also 

accomplish the same thing. 	Alternatively, increasing the reproductive 

rate could save a small founder population from extinction. 	Sitona 

regensteinensis Hbst., for example, has an alary polymorphism which changes 

in frequency as-its host, broom (Sarothamnus scoparius (L)) ages: 

fewer alates are produced on young than on mature or senile bushes 

(R.A.J. Taylor unpublished). 	Thus Sitona's A-model parameters vary 

according to the ecological requirement to keep pace with its changing 

habitat. 

Accordingly the reproductive strategy was changed so that the 

number of offspring was determined by the environmental score whereby 

the number surviving to migrate was given by the environmental score, 

m, plus one. 	Thus there were none after reproduction on hostile squares, 

one on tolerant squares and 2,3,4, etc. on squares with m = 1,2,3, etc. 

Redistribution followed with one individual always left behind. 	Since 

the 	distribution of non-negative squares was constrained to be Poisson 

with p = 2, the net reproductive rate was therefore Poisson with r = 2. 

The outcome of simulation with this modification was a greater 

chance of survival =ollowing a change in the environment and permitted 

survival with a reduction in number of founders but an increase in losses 

over-the-edge (Table 4.5). 	`here  was no discernable change to b 

(Fig. 4.7.7). 

4.3.3 	Division of the population into demes 

The radial motion produced in some of the previous simulations is 

a feature, which on the small scale is quite reasonable, but as the radius 

increases it becomes less likely. 	In the heterogenous environment, the 

more obvious the rays become, and one can see how directional migration 

could become a feature of a species' behaviour. 	But for most species 

this is not so. 
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Ideally each individual responds to the density which it 

experiences, which will in general be different to its neighbours. 

However, it is not practical to compute each individual's point 

density by nearest neighbour methods because it would greatly increase 

the computer resources required. 	We might legitimately claim that 

most of the members of a local group would experience very similar 

densities - the smaller the group, the smaller the differences - 

and that their spatial behaviour would therefore be similar. 	If the 

members of the group are assumed to respond to the average density of 

the group (number divided by area occupied), it means that most members 

will be responding to a density higher or lower than the one they are 

actually experiencing. 	This small inaccuracy in the model is 

compensated for by the fact that detection and response to point density 

is likely to be a distributed variable in which some over-estimate while 

others underestimate their density. 

The 130x120 unit arena was therefore subdivided into regions, 

or "demes" of 100 units each, resulting in an array of 13x12 demes each 

of 10x10 units. 

The density of each deme was estimated by the number within it 

divided by its area. 	Reproduction was solely by binary fission and the 

environment did not change at all. 	In all other respects the simulations 

were as before. 

The major result of this was the break-up of the radial patterns 

which were a prominent feature of the previous simulations (Fig. 4.8.3). 

Since movement was in all directions, more benign areas were colonised 

and at the same time more migrants were lost in the hostile regions 

between. 	Consequently fewer migrants were lost over the edge. 	The 

aggregation index, b remained unchanged (Fig. 4.7.8). 

4.3.4 	Parthenogenic and hermaphrodite reproduction 

In the previous sections the simulated organisms have mostly 

been primitive, dividing regularly by binary fission. 	But few organisms 

divide solely in this way, it remains to be seen whether the logic 

embodied in the A-model can be applied to any but the most primitive 



of organisms. 	To determine the validity of the model as applied to more 

evolutionary advanced species, the simulations were modified first for 

reproduction by parthenogenesis (by aphids for example) and then by 

hermaphrodism (snails). 	Unfortunately simulations involving purely 

sexual reproduction could not be attempted since this necessitates 

labelling each individual separately and would greatly increase the computing 

requirements. 	Nevertheless, the reproduction of snails still involves 

the basic requirement for sexual reproduction, two individuals at the same 

place and time. 

The reproductive potential of each individual in the simulations 

of parthenogenic animals was assumed to be partly due to innate capacity, 

r, and partly due to the favourability of the environmental score, m. 

The net reproductive rate was obtained by the product mr. 	Since the 

environmental score was distributed approximately as a Poisson variable 

with mean u = 2, the net reproductive rate also varied as a Poisson 

distribution with means from 4 to 10 depending on the value of r (set 

usually to 2 or 5). 	Because there were rarely scores of six or. more, 

the maximum reproductive rate was 30. 	To test the model under extreme 

conditions, a few runs were performed with r = 15, giving a maximum 

reproductive rate of 90. 	After reproduction, all the offspring re- 

distributed themselves according to the density of their deme; the distance 

moved was computed from equation 4.5 and the direction was radial to the 

centre of population, which had previously been calculated. 	Since these 

simulated animals were supposed to be aphids, the offspring responded to 

their parents' density and distribution. 	To prevent the offspring from 

a particular parent all arriving at the same place, a small error was 

introduced to their movement; an error in distance moved of ± 10% and 

a directional error of ± Tr/100, the exact amount was determined independently 

for each of the mr offspring at a point by generating random numbers. 

No offspring stayed on the natal site (except by accident) to replace 

the dead parent. 

For comparison with delayed density-dependent movement a 

simulation was run with direct density-dependence (Fig. 4.7.9) and 

reproduction by parthenogenesis. 	Delaying the redistribution enabled 
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the population density to build up both more rapidly, and to a higher 

level, before stabilization (Fig. 4.7.10). 	This result is pretty 

much in accordance with expectation. The reproductive strategy of most 

aphids is to build up as big a colony as possible before it becomes necessary 

to leave the host by production of alates. 

Increasing the reproductive rate by combining innate rate of 

increase with a factor determined by the environment resulted in more 

frequent and more violent outbreaks. In the previous simulations where 

the reproductive rate was x2, the density varied little and quite slowly, 

with infrequent crashes or explosions, as long as the environmental 

template changed only slowly. 	But the density varied considerably in 

these simulations in which occasional individuals were capable of producing 

up to 30 offspring,(Fig. 4.7.11). 	Li & Yorke (1975) have called population 

trajectories of this kind "chaotic" because the occurrence and magnitude 

of outbreaks are unpredictable. 	But as the spatial simulation show, 

not only is the timing of the outbreak unpredictable, so too is the 

place. 	The few high reproductive squares were only rarely found by migrants 

and, because they were scattered effectively at random through the arena, the 

next one to be invaded cannot be predicted. 	Increasing the innate 

reproductive rate to 15 had the effect only of increasing the frequency 

and violence of the outbreaks. 

Qualitatively, the population density of the simulation differs 

little from the chaotic results obtained from iteration of the difference 

logistic model: 

Nt+1  = Nt  exp [ru  - Nt /k) ] (4.10) 

where k is the carrying capacity and r is the growth rate of the population. 
Both the temporal model (equation 4.10) and the spatial simulation model 

described here are characterised by sharp increases from a low endemic 

level (below the carrying capacity) followed by sharp declines. 	The spatial 

model differs slightly in that declines are often slow, unlike the logistic 

in which returns are always achieved in one generation: if Nt  > k, 
then Nt +1 < k. 	Thus the simulation has some of the features of the 

logistic model without this particular limitation. 
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Also, the simulations achieve greater realism in another way. 

Equation 4.10 expresses the total population number at time t+1 as a 

function of that at t: 	there is a value of Nt, say N*, 	given by 

solution of the transcendental equation: 

f (N*) = k ln N* - r(N* - k) = 0 

which has no explicit solution. 	However numerical solutionsfor 

particular values of r and k can be obtained by iteration of Newton's 

formula: 

X2 = X1  - f(X1)/f'(X1) 

which leads to 

N2  = N1  k (1 - r - l nN1)/(k - rN1) 

May (1975) has classified the behaviour of equation (4.10) 

acccrding to the value of r, that is a globally stable equilibrium when 

0 < r < 2; 2 < r < 2.692 leading to stable limit cycles with periods 

increasing in powers of 2; and cycles of aperiodic behaviour when 

r > 2.692 	The first two categories have their analogues in the 

behaviour of the population density described earlier, while the last 

superficially correspond to the current simulation. 	However, there is 

an important difference; while Ǹ   > k always results in Nt+1< k, 

Nt+1  < 1 follows Nt  > e* for populations obeying equation (4.7) do not 

have such rigid (deterministic) results because response to population 

density is by movement, rather than mortality (although mortality may 

occur in a density-dependent fashion), thus tending to restore the 

density to po. 	The other reason, is the existence of refuges in the 

heterogenous arena from which a new population can grow after a decline 

due to martality or emigration. 	The two factors are not distinguishable 

because it is the heterogeneity which makes the A-model applicable (see 

section 4.1) and the regulatory properties of the A-model are most easily 

visualized in terms of a heterogeneous environment. 	The existence of 
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refuges, combined with the action of the model to restore density by 

spreading the population to endemic levels reduce the risk of over-

shooting to extinction. 

Fig. 4.8.3 shows how, as the population varied in size, it 

also varied in distribution with "outbreak" areas differing between 

generations. Curiously the degree of aggregation (b) remained fairly 

constant; large increases in density producing little increase in 

standard error, se(b) although crashes below the endemic level resulted 

in increases in se(b) and a slight drop in b (Fig. 4.7.11). 

The introduction of hermaphroditism to the simulation was 

achieved by restricting reproduction to individuals sharing the same 

deme with another but not necessarily the same square. 	Ideally one 

would wish to restrict reproduction to pairs on the same square, but the 

founder effect is very strong making establishment of the population 

problematical. 	In order to overcome this difficulty the starting 

population has to be unreasonably large. Alternatively the "snails" 

must be able to find each other over a small area; this is the approach 

adopted, however for convenience, the animals do not actually approach 

each other and they reproduce according to the value of their own element 

rather than a combination of the two. 	This obviated the need to make 

decisions when more than two animals existed in the same deme. 	After 

reproduction, the parents died and the offspring moved then in response 

to either their own or their parents' population density in different 

experiments. 	As before, the rate of increase of the population was greater 

when the movement was delayed as was the level reached. 	But comparison of 

the hermaphrodite with parthenogenic reproduction shows little difference; 

only in the early stages of population growth could a difference be 

detected, probably due entirely to the founder effect. 	Once the population 

had become established the outcomes were much the same (Fig. 4.7.12), and 

surprisingly, comparison of multiple reproduction with binary fission 

shows very little long term difference except for the increased rate of 

outbreaks with increasing reproductive potential. 	However, once a 

population had become established, regardless of the exact form of the 

simulation, extinction was rare and the degree of aggregation as 

measured by b remained fairly constant for a given habitat and state 



-115- 

variables. 	Taking each generation as a point in the plot, results 

in a good straight line regression of log (variance) against log (mean) 

(Fig. 4.6.2b) confirming that as the density varies the spatial cohesion 

of the population is maintained just as it is in nature (Fig. 4.6.2a). 

4.4 	Discussion 
The argument upon which this model is based was first advanced 

by L. R. Taylor as long ago as 1961: he observed that both the spatial 

and statistical distributions of natural populations were rarely random 

and usually aggregated, often highly so and concluded that this was because 

individuals 

"are not independent of each other; mutual attraction leads 
to aggregation... and mutual repulsion leads to regularity..." 
(Taylor 1961). 

Later Taylor (1971) speculated that the forces leading to the particular 

distribution adopted by a species were shaped by evolution through 

adaptive behaviour which is species specific. 	But the quantitative 

model expressed in the quotation remained unformalised because the 

conventional population theory lay great emphasis on birth and death 

processes and only recently have the two other avenues of population 

change been taken seriously. 	Immigration and emigration rates can be 

incorporated into models in time only and so need not be related to a 

reference frame, but without a real spatial frame the above qualitative 

model cannot be quantified. 

This is because behaviour presupposes movement which is only 

realised when expressed as displacement from A to B, i.e. movement is a 

vector quantity requiring a relational frame to be defined. 	In considering 

reproductive and searching behaviour, Furniss (1975) and Cock (1977) 

found that they had to define a real spatial reference frame to determine 

the dynamics of mating and feeding respectively: 	rates of changes in time 

alone were insufficient to account for the observed individual and 

population behaviour. 	Earlier Murdie & Hassell (1973) had successfully 

simulated the observed movements of adult Musca domestica (L) searching for 

sugar droplets in an artificial arena. But ideally the reference frame 

should be the species' natural environment. 	Where this is not possible, as 

in the case of the wind-field inhabitated by Rainey's (1963) migrating locusts, 
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a reasonable facsimile should be constructed in a simulation model. 	In 

the locust model (Chapter 3), the assumption of independence between 

individuals was made, even in the face of contrary evidence, but was 

relaxed subsequently. 	However, in a more general context, the 

attraction and repulsion between individuals should be considered as they 

affect the distribution and abundance of whole populations. 

A problem lies in choosing a realistic functional response for 

density-dependent movement. 	It must be a function capable of both 

attraction and repulsion, depending on density, one which will produce 

hollow curves of decline in density with distance as described in 

Chapter 2 and at the same time permit a wide range of behaviours, 

indeed it must require behaviour as the means to operate. 	The model 

of locust migration in Chapter 3 shows clearly that its success as a 

long-distance migrant is due to the behaviour of locusts in the swarm. 

Whatever the form of the equation it must not ignore the effect that 

individual locusts, or whatever species, have on each other's behaviour. 

The orientation away from the edge of flying locusts implies a preferred 

position relative to each other; neither too close together nor too 

far apart. 	Thus the equation should apply equally to individual 

interactions as to population processes.' The A-model (equations 4.3, 

4.5 and 4.7) has the desired properties. 

In expressing the attraction and repulsion behaviour as power 

functions of population density (equation 4.5), I have made a big jump 

between recognising the existence of behaviour's effect on population 

dynamics and the effect of population on behaviour. 	In giving the 

relationship a functional form I am making an assertion which requires 

considerable justification especially to naturalists. 

There is overwhelming evidence for the density dependence of 

agonistic behaviour (e.g. Calhoun 1961). 	But there is little unequivocal 

evidence (e.g. Armitage 1975) for the density-dependence of amicable 

behaviour, which is a necessary requirement for the theory to work. 

There is however some fairly strong evidence for density-dependent 

immigration into a population. 	In Webber's (1979) model of the Great 

Tit (Panus major L.) population of Wytham Wood immigration is not only 

density-dependent, it also accounts for a larger proportion of the 

population regulation than does reproduction: the characteristic return 
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time (r) for density-dependent immigration alone is just over four 

years; for reproduction alone it is nearly six years; for both together 

it is less than three years. 

That redistribution is an integral part of a species life history 

is a common observation and it is self-evident that unless movement by 

all organisms in a population is simultaneously at the same velocity, 

movement must result in a change cf density. If, as I have proposed, 

redistribution movement is density-dependent then a negative feedback 

loop is established which is capable of maintaining a preferred population 

density surface. 

While considering the structure of fish schools, Breder (1954) 

observed that populations (especially schools,herds and swarms) are 

incompressible, from which he concluded that animals tend to repel 

one another. 	But he also noted that schools have structure and form 

and in particular, they have boundaries, from which he concluded that 

in addition to mutual repulsion between individuals there must also 

be mutual attraction. 	Ereder proposed a coefficient of "cohesiveness" 

which he equated with the difference between two measures of force: 

c= a d -m  - r a
-n 

where a and r are attractive and repelling forces respectively, d is 

the separation between a pair of individuals and m and n are powers 

which he equated to zero and 2 respectively. 	He invoked Coulomb's 

Law of magnetism and electrostatics to justify his choice of 2 for 

attraction and suggested that the attractive force was very weak that 

it could be regarded as a constant: 

c = a - rid 

In spite of the extreme simplification of his model, and the fact that 

the dimensions are inconsistent, Breder showed that the structure of 

fish schools can be attributed to the difference between two forces. 

In this respect schools of fish have properties familiar to physicists. 

The interactions between electrically neutral atoms and molecules are 

of these same kinds. 	In physics, as Breder pointed out, we are able 
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to distinguish and identify forces corresponding to the repulsion and 

attraction of particles. 	This is less easy in biology because of 

the uncertainty of behaviour and the fear of crediting animals with 

volition. 	And the difference of two power laws relating force to 

distance is also familiar to physicists, being fundamental to our 

understanding of the properties of matter, the dynamics of stellar and 

galactic systems and the relationships between subatomic particles. 

There are four known fundamental forces (the strong and weak nuclear 

forces, the electromagnetic force and the gravitational force), each 

with a different rate of decline with distance, and it is the balance 

between antagonistic pairs which governs the physical structure of 

our universe (Flowers & Mendoza 1970, Azimov 1977). 	The relationship 

between force (F) and distance (d) of physical forces is 

F a d p  

where p has a fixed value depending on the force (for example p = 2 

for Coulomb's law), hence the physical forces are special cases. 	It 

is my belief that biological evolution freed these parameters by 

creating a limitless range of possible behaviours and the balance of 

behaviours determines the species. 	But this does not explain the 

functional form of equation (4.3) as ecological, evolution merely 

released it from its narrow physical restraints. 

If my belief has any foundation, it should be possible to 

relate the behavioural ecology to the parameters. 	At this stage, with 

only a few A-curves defined (see Fig. 4.6.1) at best interpretation of 

the parameters in equation (4.5) can only be done comparatively. 

Drosophila has small values of p and q (see Fig. 4.6.1a and 

Table 4.2) indicating only a small degree of density-dependence and relatively 

small departure from random diffusion. 	But blackbirds are territorial 

and the A-function shows very weak attraction at low density: then 

when density exceeds po, a very strong and sudden repulsion causing 

migration over large distances (Taylor & Taylor 1978). The small increase 

in density permitted before the rapid change in response can be interpreted .  

as tolerance of a small compression of territories. 	The small negative 
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component to the h-function suggests that blackbirds are prepared to 

defend 	territories larger than those corresponding to R 
0 

and 

this inhibits invasion by immigrants. Discouraging immigration may be 

achieved by misrepresenting the density of a community by birdsong for 

example. 	This ploy has been called the Beau Geste effect (Krebs 1977). 

In spite of the apparent determinism 	of the physical argument, 

I in no way regard the behaviour of individuals to be predictable except 

in the very broadest sense, any more than the behaviour of any single gas 

molecule is predictable. 	However the Gas Laws can be derived from 

consideration of the energies bound up by the nuclear forces. 	The 

thesis here is that animal behaviour can be treated in a similar way, 

but because the power laws relating "force" to separation are fractional and 

because they differ between species, the behavioural outcomes (analogous 

to the Gas Laws) are much more complex for animals (and probably plants 

also). 

Combined with the law of conservation of energy, the limited 

number of exponents in the potential energy equation means that the 

properties of different elements differ only quantitatively and are 

comparatively easily deduced (see for example Flowers & Mendoza 1970). 

This is probably not so for the analogous biological systems. 	Consequently 

any generalizations to be obtained from the theory cannot be found 

analytically, leaving the inefficient, and on occasions, questionable, 

technique of computer simulation as the only tool. 

The simulations in Section 4.3 form a sequence which corresponds 

roughly to the elaboration in behaviour during evolution. 	In these 

simulations, attention has been focussed on the role of behaviour in 

survival. 	The behaviour has been much simplified to facilitate the 

simulations but the essential features have been retained; division 

and redistribution, while distractions such as competition and predation 

have been incorporated into the background environment. 	It is not the 

agency causing death which is the primary concern for the individual, 

but how best to avoid the places it may be lurking. 

One of the most powerful messages to come from the studies of 

predation, both theoretical and practical (e.g. Huffaker 1958; Holling 

1959, Hassell 1969, May 1976) is that predation is a game(Maynard Smith 

1976) in which the prey try to avoid the predator while the predator 

learns ways to improve its ability to stalk the prey. 	For both species 
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the problem is the same, to find the most benign place. 	However, the 

most benign place is likely to attract more of the same kind, thus increasing 

competition, and, for the prey species, the likelihood of being found by 

predators. 	Thus an optimum must exist at which the benefits are maximised 

and the liabilities are minimised (in game theory such a solution, if it 

exists, is called a "minmax" strategy (Williams 1966)). Logically this 

optimum solution can be measured in numbers per unit resource - relative 

density (Southwood 1979). 	It is easily seen that the ability of prey 

to hide from predators decreases as the ability of the environment to 

support prey increases and prey become more abundant. 	An optimum prey 

density therefore exists: the same argument applies to predator density. 

This is another way of saying that the biological world is the 

result of interactions between forces acting in opposition, just like 

the physical world. 

The forces acting on animals are much more variable than their 

physical counterparts, and even though we can recognise that there is 

some property which tends to inhibit cats, or wandering albatross from 

approaching too close together, we cannot define it, and it is only a 

question of scale whether their subsequent separation can be called 

migration in the conventional meaning of the word. 

The simulations cover only migration which is immediate or 

delayed density-dependent (because of computer limitations), but in 

nature, anticipated or "pre-saturation" (Lidicker 1962) emigration is more 

familiar. 	Logic would suggest that anticipation of regular variations 

in habitat (diurnal, tidal, seasonal) would be favoured and that the timing 

of this behaviour would be genetically programmed. 	Conversely, one 

would expect the responses to unpredictable events (attack by predators) to 

have greater behavioural plasticity, but it may not be possible to 

separate the genetic from the non-genetic in many organisms. A non-migrant 

Aphis fabae, for example, can be made to produce its full range of 

behavioural and morphological emigrants by experimental stimulation after 

many generations of clonal apterae, but a migrant cannot produce another 

migrant (Taylor & Taylor 1978). Stimuli which may induce migrant production 

include direct contact between individuals in many species (e.g. female 

water voles - Leuze 1976) or the appearance of a predator (e.g. Acyrthosiphon 

pisum (Harris) - Roitberg et al. 1979). 
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In each example an element of density-dependence can be identified, 

although it could be argued that almost all behaviour patterns are 

initiated by a small number of isolated events, but the frequency which 

these events occur are likely to increase as density rises. Indeed the 

interference of reproduction by density is a well documented experience 

which elicits little surprise (Clarke 1955, 1978). And population models 

quite explicitly assume density-dependence in reproductive potential: 

behaviour is the factor mediating cause and effect. 	The reproductive 

potential was deliberately made density-independent to avoid possible 

confusion as to the reason for stability, if it existed. In spite of 

that, the results have every appearance of being due to density-dependent 

reproduction. 	This can only be the indirect effect of density (through 

movement) on reproductive potential. 

Negative feedback is a prerequisite for any equation purporting 

to describe the dynamics of populations. 	Both the temporal models and 

the spatial model presented here have this in common. 	It is tempting to 

suggest that the spatial model alone is required for regulation. 	This 

is not true because movement manipulates density and not total numbers, 

although if the repulsive force is strong enough, animals may respond so 

strongly that they leave habitable areas entirely and change not only 

the density but reduce the total population number also. 	The density 

effects of the spatial model then complement the temporal effects of 

change in total number. 	The two together are required for population 

regulation. 

Taylor & Taylor (1977) suggested that migration could short-

circuit the characteristic return time, r (May et al.1974) but this is 

.only true if Tr  is long compared to the response time of the spatial model 
which is determined by the number of steps to Ro'(Fig. 4.1). 	Since• the 

response time of the spatial model will usually be less than one generation 

and r is measured in generations, this claim will usually be correct. 

Oscillations in numbers predicted by the temporal models will tend to be 

damped down by the inclusion of immigration and emigration. 

If a proportion of the population are eligible to move so that 

the A-response applies only to some members then a connection between 
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temporal and spatial models may be established. 	If, for example, half 

the production of a generation were migrants so that those remaining 

continue to reproduce, the logistic model could be applied to them 

while the obligate migrants leave at each generation in response to density. 

Alternatively, the A-response could be the proportion of migrants, rather 

than the distance moved. 	In such a scheme the densities below po  would 

imply a deficit to which immigrants are attracted. 

Suppose that the proportion of migrants is A/(A + 1) where A is 

the A-response (equation (4.5)). 	Now the number of migrants is 

NA )/(A + 1), and non-migrants is N/(A + 1). 	If the growth of a population 

element is assumed to conform to the logistic equation, dN/dt = rN(1 - N/k), 

we have zero growth when dN/dt = 0 i.e. N* = k. 	Since this identity 

does not involve r, the model is globally stable, all disturbances 

returning N to k except when N = 0. 	Introducing the migration element 

gives 

dN/dt=rN(1 - 	(A + 1)) / (A + 1) 	(4.11) 

which is in equilibrium when N* = k(A + 1). 	Assuming that the distribution 

of animals within the population element is approximately uniform so that 

N/A = p and N/A = po  (where A is the area) the A-function may be incorporated 

into the stability condition. 

kry try + e 	ks 
0 	0 ] = 

Without investigating the dynamics in detail, it can be seen that the 

spatially stable equilibrium 
ō 

 cannot exceed k and that evolution would 

tend to favour 
0 

 approaching k. 	Whether this is possible depends on 

the life style (determined by p and q), and the mobility (e). 

A similar result may be deduced for the difference logistic 

equation (4.10), but because the stability characteristics depend on 

r, (May 1975) they are more complex. 	May (1975) showed that for 

r > 2.692 a chaotic region is entered in which unpredictable, dramatic 

increases in numbers could be expected. Following each rise is an 
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equally dramatic decline, any one of which could result in extinction. 

With the inclusion of density dependent emigration and immigration such 

extinction is rendered less likely, and indeed if it should happen, 

immigration to an empty population element is not ruled out. 	This 

approach does assume that there are other population elements behaving 

similarly. 	If each population element has a probability II 	of 

suffering a catastrophic crash per generation and there are n interconnected 
elements, then the probability of species extinction is not greater than 

II n. 
Extinction is least likely when large fluctuations in number 

(or density) are prevented from occurring and it is part of the lore of 

ecology that 

"dispersal between populations causes fluctuations in 
population size to be damped" (Roff 1974a). 

In den Boer's (1968) concept of "spreading of risk in space", mutual 

exchange between population elements will spread the risk (of species 

extinction) further. Obviously, the more elements in communication with 

each other the better the prognosis for species survival. 	However, 

unless there is some resistance to movement between elements, all 

elements can be considered to be one, and a single monolithic population 

is restored. 	The resistance may be exogenous, the result of isolation 

by distance, or endogenous, represented by the attraction term in the 

A-model, which tends to act as a brake on separation. 	In the simulations 

both forms of resistance are present: the isolation by distance is represented 

by the spatial heterogeneity of the environmental template, which acts as 

a density-independent mortality factor to those migrants which land on 

hostile squares. 	Since the number dispersing a given distance is density- 

dependent, then the losses due to the environmental resistance may also be 

density-dependent. 

Equation (4.11) and its difference logistic analogue 

Nt+1 - Nt  exp [r(i - N/(A + 1) k) ]/(A + 1) (4.12) 

have two density-dependent terms: the density-dependent migration 

fraction, 4/(p + 1), and the feedback on reproduction provided by 

N/k. 	The simulations do not have any feedback from the environment 
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as is provided by k in equations(4.11) and (4.12), to avoid confusion 
in interpreting any population regulation that may occur in the simulations. 

Incorporating density-dependent extrinsic mortality into the 

model by making a component of the spatial pattern of the environment 

react to the density of immigrants, as if it were a predator say, would 

improve population control. 	It is normally to predation, disease etc. 

that we look for density-dependent mortality, however migratory losses 

may often be quite high and if the number of migrants is itself density 

dependent then the losses will be density dependent even if they represent 

a fixed proportion of migrants. 	Those losses due to migration may 

provide negative feedback on numbers as is required for regulation. 

It may be argued that if mortality due to migration is high then migration 

would be selected against - MacArthur's (1972) argument. 	However I 

have shown that some migration is inevitable in a heterogeneous environment 

(Taylor & Taylor 1977), while Southwood (1962) showed how the incidence 

of migration is connected with temporal instability of habitat. In a 

spatially variable environment some risk must be associated with the 

migratory habit and Hamilton & May (1977) have shown that even in 

a predictable environment in which the risks are high, a mother should 

invest in some migrants. They showed that as the migratory survivorship 

increases the proportion of migrants produced should also increase, and 

as the p-model implies, at least 50% of offspring should be migratory 

on genetic grounds. 	What proportion are density-dependent, facultative 

migrants and what proportion are compulsive, will depend on the species' 

evolutionary history and the stability of its environment. 

The risks encountered in migration may be overcome by increased 

ability to find a new home - navigation - and increased ability to 

endure the stresses of migration. 	Both abilities suggest an increase 

in size which must be balanced against the possible loss in fecundity. 

If finding a new home is sufficiently difficult, then a point may be 

reached when it would pay to specialize in finding a home or reproducing. 

I have already commented that sexual behaviour may be associated with 

the process of congregation, we can see now that there is a potential 

positive feedback on sexual differentiation which may lead to extreme 

sexual dimorphisms in selection. 
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Varying the models' assumption about reproductive processes, 

and using model environments that are passive in response to a population 

developing in them excludes extrinsic density-dependent mortality as 

incorporated in k . 	However, populations still stabilize below limiting 

resources by their intrinsic, selfish, individual behaviour without constraints 

on reproduction. 	In other words, the evidence accumulated by Wynne-Edwards 

(1962) can produce the intrinsic population control which he sought,largely 

by its effect on motion, and not by recourse to the unacceptable restraints 

of group selection. 	Here I have attempted to redress the balance by 

permitting the organism to respond to adversity by movement that is either 

compulsive, in which case it may anticipate the adversity, or in response 

to environmental cues that may be current or may have affected the parent 

and indirectly the offspring, and so reduce the emphasis on competition. 

Cunning, cowardice and active migration are just as much a product of 

evolution as attack and territorial defence. 	John Krebs' (1977) 

Beau Geste effect is a nice example, if it can be verified, of cunning 

balanced against immigration to avoid competition. 

Comparison of binary and hermaphrodite simulations shows that the 

long term results are surprisingly similar indicating that reproductive 

strategy is less important than the degree of spatial cohesion defined 

by the parameters of the model. 	However, the rate of spread of a 

population element is to some extent governed by the reproductive strategy, 

so that sex appears as an adaptation to manipulate the environment. 

I have emphasized the stabilizing property of density-dependent 

motion because it can account for so many anomalies in the classical 

competitive system, a system which is too unpredictable to have survived 

the evolutionary trial. 	The claim that biological control of introduced 

species by introduction of parasites for example, is evidence that these 

controls are normal, neglects the evolutionary time-scale as well as 

ecological adaptation. 	What its migratory behaviour and reproductive 

rate would have been if the rabbit, for example, had evolved in Australia 

is a matter for conjecture, not for prior assumption. 	There are great 

numbers of introduced species whose populations have not exploded. I have 

shown that populations can stabilize without competition for limited 
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resources, by motion. 	This merely demonstrates what every naturalist 

knows; that before man's acceleration of evolution, most species lived 

at very low densities and with low absolute population size. 	There is 

no evidence that they were all new species or going extinct, and it is 

mere assumption that they were resource limited. There can be a nearly 

fail-safe system for species, based on self interest and not on the good 

offices of environmental restraint. 	It requires an element of density- 

dependence in behaviour. 	I do not, however, deny competition nor over- 

emphasize the role of density-dependent behaviour. 	The proportion of 

migration, or congregation, that is density-dependent will be a product of 

evolution. 
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CHAPTER FIVE 	FINAL DISCUSSION 

5.1 	Behaviour in population dynamics 
The logic of population dynamics was first formulated by the 

Reverend Thomas Malthus in these words 

"Population invariably increases where the means of 
subsistence increase, unless prevented by some very 
powerful and obvious checks." 	(Malthus 1890). 

It received formal mathematical treatment by Verhulst (1838) and 

combined with the observation of "redundant power of reproduction" 

(Darwin 1872) formed the basis of Darwin & Wallace's evolutionary theory. 

The introduction of Mendelian genetics, caused a protractbd debate on 

the mechanism of evolution and interest in the logic of evolution waned. 

When the basic premises were raised in the 1920's by Pearl & Reed (1920) 

Lotka (1925) and Volterra (1926), these authors rediscovered the formal 

statement and used it, unchanged, in population dynamics. Fisher's 

(1930) genetical theory was also based directly on Malthus' thesis. When 

Haldane wrote 

"Since no population increases without limit, and species 
only occasionally became extinct, there must be some regulating 
factors which, on the whole, cause the density... to increase 
when it is small and decrease when it is large." (Haldane 1953) 

he was expressing the fundamental principle implicit in Malthus' logic, that 

a species consists of the arithmetic sum of its several populations which 

in turn consist of the sum of their densities with respect to area. 	That 

the species as a whole (over an appropriate length of time) has a rate of 

increase x1 is undeniable; but that local density has the same restraint 

is true for a sessile population only: density may change as a result of 

movement as well as from reproduction and death. 	Local rate of increase 

is not restrained at x1, provided the individuals have the power to 

move away; the terms species, population and density are not interchangeable 

in a mobile population. 	However, Haldane's precept was accepted explicitly 

by Lack (1966), and "Lack's principle" directs attention once more to 

intensity of reproductive effort. 	The current position is almost identical 
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with Malthus', 

"Models for population growth in a limited environment are 
based on two fundamental premises: that populations have the 
potential to increase exponentially and there is density-
dependent feed-back that progressively reduces the actual rate 
of increase." (Hassell 1975). 

This describes perfectly the Verhulst logistic and all the more sophisticated 

continuous and discrete models of more recent times; see for example 

May (1976). 	We might therefore conclude from this that every population 

will be as large as environmental resources permit, but this. 

"is straight-forward as a logical conclusion but at variance 
with the'facts of nature as we know them." (Wynne-Edwards 1962). 

In his book Animal. Dispersion in Relation to Social Behaviour, Wynne-Edwards 
advanced the hypothesis that populations are regulated by social behaviour 

which evolved for the benefit of the species. 	This theory requires group 

selection, which is unacceptable since as Lack (1966) pointed out, and 

Wynne-Edwards (1978) has since acknowledged, abstention from reproduction, 

which was central to Wynne-Edwards' argument, could not be inherited. 

Nevertheless, the behaviour reported by Wynne-Edwards clearly does tend 

to reduce fecundity. 	Since it could not have evolved by group selection, 

the problem of how populations are regulated persists. 	The problem exists 

because of the paradox set up by the apparent altruism of the behaviour 

which leads to abstention from breeding. 	This paradox disappears if we 

discard the precept of selection for reproductive superiority and re-

examine Darwin's (1872) originai premises. 

The essential element of Darwin's logic is the survival 

of the individual and the first criterion for a living organism is its 
behaviour. 	Like all its predecessors, an individual is repeatedly faced 

with alternatives, and its ability to choose correctly between them 

keeps it alive until it can reproduce. Without this ability, its 

fecundity is of little consequence. 	An organism may have many individuals 

with low fecundity in its lineage, but it has never had an ancestor who 

made an error of choice crucial to its own, or its offsprings' survival. 

To make population dynamics something more than a continuing elaboration 

of the logistic equation requires this behaviour to be incorporated into 

it (Taylor & Taylor 1977). 
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The difficulty lies in defining behaviour in a way that permits 

it to be incorporated into a dynamics that must, by its nature, deal with 

numerical data. 	Categories such as competitive, agonistic and amicable. 

may measure a behavioural pressure building up in a population but they 

do not provide the movement necessary to find a safer or better place to 

live. 	It is the avoidance and escape mechanisms of negative competition, 

cowardice, cunning and migration, that produce the essential motion. This 

characteristic, of movement for survival, seems to provide the definition 

for behaviour useful in dynamics. 	To quote J. 5. Kennedy: 

"behaviour is... the integrated function of the whole 
animal in its environment with special reference to its 
movements" (Kennedy 1969). 

The spatial flexibility permitted by movement enables populations to keep 

pace with an ever-changing environment and so provides both dynamic stability 

and resistance to evolutionary change. 	It originates in the behaviour of 

individuals, selfishly selecting from options offered by an environment 

that is, in the main, indifferent to their response; behaviour that results 

in the survival of the best gamesman in the art of being in the right place 

at the right time (Taylor & Taylor 1979). 

The incorporation of movement into population dynamics fundamentally 

changes the logic of Darwinian evolution as seen by Haldane (1953). No 

longer is competition the sole arbiter of change; avoidance is an active 

and often profitable alternative. 	Even in the highly specialised mammals 

and birds, the vanquished who runs away from conflict may find an unoccupied 

environmental hole and may survive to perpetuate his genes for cowardice, 

cunning or migratoriness, which, in terms of the motion they generate, are 

ecologically indistinguishable. 	Either of the two possible outcomes of 

competitive conflict may be individually advantageous, depending on 

circumstances, and the current over-emphasis on what, superficially, appears 

to be "winning" in competition is misleading. 	Equating "good genes" with 

maximised first generation offspring, with no regard for their spatial 

behaviour, yields a biassed view of life. When the second generation is 

included, allowance must be made for spatial behaviour and environmental 

change, for three dimensions instead of one. 	Survival becomes the prime 

requirement in evolution and reproduction is seen to depend upon it, not 



-130- 

the reverse (Taylor & Taylor 1978). Avoidance of competition and conflict 

are such obvious parts of all animal behaviour that their refutation of the 

logic of competition must be taken seriously (Lorenz 1966). 	It is clear 

from the preceeding section that there is a need for a move away from 

the purely temporal models which cannot, by their nature incorporate 

real behaviour. 	To attack the existing model-building philosophy without 

offering a solution to the problem is merely destructive. 	Here I have 

attempted to emphasise the requirements of a behavioural model which can 

be divided into qualitative and quantitative components. 

Quantitatively the model must be capable of defining behaviour 

mathematically. 	To do this, the model must operate in a real three 

(or four) dimensional space-time continuum - like the real world. 	It 

is not acceptable to eliminate some dimensions merely for convenience. 

The direct evidence from the real world includes the mathematical relation-

ship of the decline in density with distance from a centre of dispersal, 

the statistical relationship between spatial (or volumetric) variance and 

mean density, and the geographical pattern of population. 	These three 

points separately define the distribution and abundance in time. 	Thus 

a model is incomplete if it fails to generate spatially fluid populations 

with these distributive properties. 

There are six qualitative aspects which must be satisfied. Firstly 

the model must not limit fitness. 	If it does lead to reduced reproductive 

potential this must be compensated for by increased survival of offspring. 

Secondly the model should explain such phenomena as the zoo syndrome and 

should be capable of interpreting social behaviour such as herding and 

roosting. Thirdly the model should be applicable in predictable and 

unpredictable, spatially and temporally heterogeneous environments. The 

fourth point is that, in common with observations of natural populations, 

extinction should be rare, and the fifth is that to ensure the fullest 

generality it should not depend upon the employment of density-dependent 

environmental response, like the logistic equation, though it should be 

capable of generating it. Lastly and possibly most important, the model 

must be applicable to all stages of evolution; it should highlight the 

conditions existing at the first appearance of life. 
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5.2 	The spatial aspect of ecology 

The A-model presented in Chapter 4 satisfies these requirements, 

but rather than suppose that it is an alternative to the more familiar 

.models, it is better considered as a framework into which they fit. 

Furniss (1975) and Cock (1977) were both interested in the 

dynamical effects of behaviour, and even though they approached their 

respective problems from conventional temporal modelling, they found they 

needed multi-dimensional models. 	Because of the difficulties of 

analysing multi-dimensional models, both resorted to simulation techniques, 

as I have. 	A few workers have succeeded in overcoming some of the 

difficulties with very abstruse mathematics (e.g. Gurney & Nisbet 1978), 

but at the expense of losing real coordinate space. 	The basic problem lies 

in the fact that animals are discrete entities and occupy points on a 

continuous plane, and their properties as individuals differ from each 

other, (xomnicki 1978) and change with age, so that it is easier to deal 

with their average properties and the total number in the population. 

Because of the difficulty of enumerating the behaviour of 

individuals, each at its own point in space and the ease of dealing with 

the total population as a monolithic block, some confusion seems to have 

developed over the meaning cf, and relationship between,"number" and 

"density". 	It is appropriate to define these variables to clarify the 

differences between the spatial ideas developed here and the temporal 

difference and differential models. 

The spatial A-model developed and investigated in Chapter 4 

depends on density, number per unit area or volume (absolute population 

estimate - Southwood 1979) whereas the temporal models refer to the 

total (global) number of a species population at an instant in time and 

take no account of area or any unit of habitat. 	Density, because it is 

the ratio of a number to some measure of area, is a continuous variable 

in space and time unlike total number which is an integer changing in 

time only. 

Let the density at spatial coordinates (x,y) at time t be 

p(x,y,t). 	The equation actually relating spatio-temporal coordinates 

to density need not be defined, and in general it will be the purpose of 



-132- 

ecology to determine the equation and its parameters for a species. 	At 

time t the total population is the total area integral (A) of density: 

N(t) = ff p (x, y, t) dxdy = p (t)A 

where p(t) is the mean density at time t. 	For complete generality and 

to conform strictly with the Maithusian model, the total world population 

of a species is considered and the area of integration is the total area 

of the planet. 	In this situation the twin concepts of total number and 

integral density are synonymous, but if we consider only a portion of the 

globe, or the area occupied by the species population at time t, then A 

may vary, becoming A(t). 	Defining a variable a(x,y,t) which can take values 

1 or 0 when coordinate points (x,y) are or are not within the species' range, 

then; 

A(t) = 	X a(x,y,t) 

Also 

N(t) = p(t) L 	a(x,y,t) 

and 	J f p (x, y, t) dxdy 
(Wt) _ 

a(x,y,t) 

From which we see that density at any point (x,y) may change without a 

simultaneous change in total number. 	Such a situation automatically 

implies movement, which, to use Kennedy's (1969) definition means that 

behaviour has occurred. Behaviour which leads to a change in distribution 

and for density has been called spatial behaviour by Taylor & Taylor (1978). 

The difference and differential models are called "density-dependent" 

if they have feedback from one generation to the next, but it is to number 

(N) rather than density (p) that the response is usually made. It is 

almost inconcievable that an individual could respond to the total (planetary) 

population of an abundant species but it is not unlikely that the other 

individuals within its ambit of awareness have an influence on its behaviour, 
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and the number within that area is the density experienced by that individual. 

If there is any unit of behaviour which changes qualitatively or quantitatively 

with the number within the ambit of awareness of an individual, then that 

behaviour can be said to be "density-dependent". 	This is true whether 

the behaviour is reproductive, agonistic or spatial. 

If there is no distinction made between density and number 

then the term"density-dependence" will continue to be misapplied. 

The number of individuals in a defined area can change in only 

four ways; birth and immigration increase the numbers while death and 

emigration reduce it. 	When the total population of a species is considered, 

only birth and death are relevant, since by definition immigration and 

emigration may be ignored. 	However, it is usually impossible to census 

entire populations, so samples need to be taken. 	Under such conditions 

immigration would not normally equal emigration and so the underlying 

assumptions of most analytical population models are questionable. 

In general we may wish to determine how the sized the population 

(Nt+1) in generation t+1 is related to the size of the population in the 

preceeding generation, Nt: such a relationship may be expressed in the 

form 

Nt+1 = F  CNt ' {B .} (5.1 ) 

where the set {Bi} are parameters in the model F. 	This basic form, 

known mathematically as a first order non-linear difference equation has 

the biological property of numerical dependence. 

In life-table analysis the form of F and the values of {Bil 

are to be determined while in population modelling, which has insight into 

processes as its ultimate aim, the {Bi} are state variables in an assumed 

model F. 

In this thesis I have tried to examine the effect of relaxing 

the no-migration assumptions usually made in investigations of F. 	Some 

of the ideas developed in the previous chapters can be related to the existing 

theoretical framework quite simply; merely by continuing the logic without 

eliminating migration as a process. 
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Consider the simplest form of equation (5.1) where 

Nt+1  =Nt +B+I-D-E (5 .2) 

where B,I,D and E are simply the numbers added to or subtracted from 

the population in the interval t -} t + 1. 	If we are considering the 

population at just one point then I and E are scalers added and subtracted, 

but if we consider n>1 sites, I and E should be represented as vectors 

as they have direction as well as magnitude corresponding to transfer 

from site i to site j for all i T j. 	The set of difference equations 

with equation (5.2) representing the population process at n sites are 

Nt+1,  1  = 
Nt„ 1 + Bt, 1  + It, 1  - Dt, 1  - 	E t, 1  

Nt+1, 2 = Nt, 2 
+ Bt, 2  + 

 1t,2 - Dt, 2  - Et, 2  

Nt+1,n  = Nt,n  + Bt,n  + It,n  - Dt,n  - Eton  

In matrix notation equations (5.3) are expressed 

ti(t+1)' _ ^J (t) - E(t) + (t) - D(t) - ,q(t) 

(5.3) 

(5.4) 

where Mt  = E Nti  = total population at time t and E Eti E  Iti  L, 

the migratory losses, which will usually be non-zero. 	Each I. will have 

contributions from each o; the other n-1 sites and similarly the 
E 

will 

each contribute to the other n-1 sites. 	One of the problems will be 

to determine the most likely distribution of shares of migrants. 

Equation (5.3) can be simplified to 

Nt+1,1 = r1 
Nt,1 + 11  - E

1  

Nt+1, 2 = r2  Nt, 2  + 12  - E1  

Nt +1, n ° n Nt, n + In  - En 
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in which it is assumed that the net growth in numbers is geometric and 

that unsuccessful migration is the only identifiable cause of death. 

In matrix form: 

(t+1) = R Vt) + - 

where R is the diagonal matrix containing the reproductive rates. 

A more realistic model can be built from consideration of the 

logistic population model in which the growth of population at each site 

follows the logistic law (4.10) and migration between sites is governed 

by a transfer function (e.g. equation (2.11)). 

5.3 	A general statement of population change 

The basic population model relates the populationatm sites at 

generation t+1, represented by the vector N(t+1), to those at the preceeding 

generation, NN(t): 

Vt+1) = A !,L(t) Vt) - et) yt) I 
	

(5.5) 

where 	is a symetrical transition matrix containing the probabilities 

aij of successfully moving from site i to site j, ,&(t) is the diagonal 

matrix containing the potential finite rates of increase at each site. It 

is related to the fecundity (t) by,t(t) _ 	+ (t), where 	is the identity 

matrix, 0) is the diagonal matrix containing the density- (number)-

dependent death rates at each site and is related to the fecundity and carry-

ing capacity Vt) by ,(t) = ,(t) ,KL-1(t), and ,Mv(t) is the vector of squares 

of ,NL(t): 

M(t) N.2(t)  . 

The vital rates ai,Ki,Ri and Ki are expressed as time-dependent to indicate 

that they need not necessarily be constant. 	In principle there is no reason 

not to regard the migration transition matrix as being time- or density-

dependent: ,A~(N,t). 



-136- 

The total population at time t+1 can be obtained by summing 

equation (5.5): 

N(t+1) = 	Ni(t+1) = 	x ai. [x.(t)N.(t)  - K.(t) (t)] 
 

and the trajectory of numbers against time will not obey simple laws in 

spite of the superficial resemblance to the logistic, unless the vital 

rates are fixed and the transition matrix is simple. 

This matrix model has a very wide range of behaviour, dependent 

on the conditions imposed on the terms in the equation. 	For example, 

if the order of the matrices are reduced to m=1, then the logistic equation 

is obtained so that it represents a single planetary population. Fixing 

the vital rates in time makes the equation deterministic while a stochastic 

version can be generated by defining distributions for them, and density-

dependent mortality can be eliminated by making K(t) a null matrix. 

Under such circumstances population regulation can only be achieved by 

AV, t), (see the -model simulations in section 4.3). 
ti 

Replacing the transition matrix by an identity matrix eliminates 

migration completely and each of the rn sites becomes an independent population. 

It is, in fact, matrix A which determines the detailed dynamics of the total 
ti 

model population given by equation (5.6), as Roff (1974a,b, 1975) discovered 

with his simulation models. 

The effect of matrix k  on the dynamics of the model population 

depends on its structure which in turn depends on the transfer function 

used to generate the a,. 	For example the stepping-stone model of 

Malecot (1948, 1970) has transfer function for a one dimensional model: 

a(x) 	= p 

a(x±i) = 

a(x±i) = 0 

In two dimensions: 

a(x,y) 	= p 

a (x±i, y±i) = ill-p) 

a (x±i, y±i) = 0 

i =1 

i>1 

i= 1 
i>1 



a 

exp(a+bxc)dx 

0 

d . •
a.. - Zj  
2e (5.7) 
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Thus the stepping stone model gives the proportion staying at a site 

(p) and divides the remainder between adjacent sites. 

The island model divides the remainder between all the sites. 

In two dimensions for example: 

a (x, y) = p 

a(x±i,y±i) = (1-p)/(m-1) 	i 	1 

wherein is the number of sites. 	These transfer functions have been 

used extensively in population models. 	Roff (1974a) used a variant of 

the two-dimensional stepping-stone model, in which transfer from one 

site to an adjacent one was conditional on the recipient being 

unoccupied, i.e. immigration is density-dependent. 

The gamma regression models of Chapter 2 provide a means for 

generating a more realistic transition matrix in which the probability 

of a particular site being a recipient from any other site is dependent 

on their distance apart. 	Assuming a one-dimensional model in which the 

ith site occupies a length of the line Z. and is separated from the ith 

site by distance d
ij 

 then the proportion leaving the ith site and arriving 

at the jth is given by integration of equation (2.11): 

d + Z ii 
exp (a+bx9)d 

Equation (5.7) can be shown, with some algebraic manipulation, to be a 

special case of the generalised gamma distribution (2.12). 

This brief discussion shows how spatial behaviour may be 

incorporated into conventional population models while in previous 

chapters I have started from consideration of the spatial aspects of 
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population dynamics and tried to relate them to the temporal process of 

changing number of density with time. 	The connections are sometimes not 

rigorous, partly because of difficulty in relating the movements of 

individuals, or small groups, to the long-term fate of a population. 

The locust model shows that there is such a relationship and the A-model 

shows how it may be recognised. 

However, other connections exist between the spatial approach 

proposed here and the conventional wisdom. 	For example Southwood's 

(1971) T/H ratio is developed from consideration of the length of time 

a habitat is suitable for occupation and a species' reproductive cycle, 

and follows directly from his (1962) hypothesis of the ecological purpose 

of migration. 

As Taylor & Taylor (1977) have pointed out, their concept of 

population as a spatia-temporal reticulum is a visual model of what 

MacArthur's (1960) r-k continuum and Southwood's (1971) T/H ratio describe 

mathematically; namely the population structure maintained by balance of 

reproduction and migration. 	A natural development of the T/H  ratio are 

Southwood's (1977) payoff matrices of an animal's decisions for its 

survival in space and time. 	Another expression of this is Taylor g 

Taylor's (1979) suggestion that failure to survive is the result of the 

individual's incompetence. 

5.4 	Summary 

This thesis seeks to unite two qualitatively different claims of 

population dynamics and to investigate the implications they have for 

current population models. 	The first claim was made by Taylor (1961), 

that the specific spatial distributions adopted by organisms are adaptive 

and are the outcome of the mutually antagonistic behaviours associated 

with migration and aggregation. 	This speculation has since been 

well substantiated by field data (Taylor et al. 1978) and the empirical 

law•tpon which the speculation was based was used to verify the functional 

model presented in Chapter 4 (see Fig. 4.6.2.)which was itself derived 

from the supposition that animal behaviour could be roughly divided into 



-139- 

behaviour leading to migration or congregation. 

The second speculation that migration, especially in insects is 

often less concerned with orientation than with distance travelled is 

implied in much of the literature on migration (Taylor et a7. 1973). 

This proposition needed to be quantified to be tested adequately and its 

place found in the overall scheme of population dynamics. 

The claims of specific spatial organisation and specific 

distance-controlling behaviour, and the rejection of the need for a 

high degree of orientation, do not automatically follow from conventional 

population dynamics which deals entirely with processes leading to 

natality or mortality and which, moreover, carries the implication 

that population processes are more the product of extrinsic environmental 

factors than of specific individual behaviour adapted to take advantage 

of the environment by movement. 

A possible approach for the quantitative investigation of 

orientation behaviour by means of a simple trigonometrical model for 

directional bias had been suggested by Saila & Shappy (1962). It 

remained then to determine the minimum bias necessary to account for the 

observed success rate of migrating animals. 	The inadequacy of the 

physiological experiments to explain the long distance migrations achieved 

by some species, notably locusts but also aphids (Elton 1925,Berry & Taylor 

1968), suggested that too little attention was paid to individual variation. 

Data of Rainey (1963) were available on locust migration in which success 

rate was known, albeit very approximately. 	The behavioural component 

here was minimal, the orientation being attributable largely to 

meteorological conditions, especially the winds associated with convergence 

zones. 	This does not conflict with the concept of specific behavioural 

control of distance travelled, since the behaviour determining time spent 
airborne directly regulates the distance blown so that the density-distance 

distribution is a function of the frequency distribution of individual 

flight times. 

The treatment of density-distance data for population dynamics 

purposes was begun by Dobzhansky & Wright (1943) but has since been shown 

to be more complex than their model allowed. 	Data for the assessment 

of models for this second aspect of spatial relationships was found for 
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far less formidable travellers than locusts, in which the behavioural 

element is more tangible, but for which there are little data to illustrate 

the distribution of distance travelled. 

Both the decline of density with distance from a centre of 

dispersal and the instantaneous distributions of organisms appear to be 

the outcome of conflicting tendencies to move together or apart: sometimes 

attraction prevails and at other times repulsion. 	What the exact 

behavioural cues are which stimulate one action over another remain to be 

'determined for all but a few species, but the underlying principle was 

suggested by Wynne-Edwards in his Animal Dispersion. 	Unfortunately, he 

attributed social behaviour to group selection and precipitated a controversy 

over whether animals could regulate their fertility for the good of the 

group. 	It is obvious that abstention from reproduction cannot be inherited, 

and yet much of the behaviour he reported plainly does limit fertility. 

Since group-selection is inadmissible and kin selection is of only limited 

application, the reasons must be attributed to individual selection. 

If behaviour is seen as the outcome of conflicting interests and 

those interests involve decisions about reproduction (for example, is it 

better to postpone breeding and risk not being able to breed later, or to 

breed now and risk starvation as a result of overexploiting the resources?) 

then epideictic behaviour (Wynne-Edwards 1962) can be explained as ritualized 

migration. 	The decision whether to come or go quantified by the A-model 

(equations (4.3), (4.5) an (4.7)) makes congregation and migration, or 

immigration and emigration, fundamental processes,in population dynamics 

which contribute to the rezuletion of the size of populations. 

The A-model seeks to quantify the concepts of epideictic 

behaviour by expressing migratory and congregatory behaviour quantitatively, 

as vectors whose resultant can then be used to formalise the relationship 

between ecology and ethology envisaged by Wynne-Edwards (1962). Hopefully 

this will also lead to agreement in the controversy over whether populations 

are regulated extrinsically or intrinsically. 
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APPENDIX I 

Listing of the program used to fit the non-linear regression 

equations described in Chapter 2. 

Subroutine REDUCE uses Powell's (1964) method for minimising 

a function of several variables without calculating derivatives. 	The 

current sums of squares, is calculated in subroutine CURVE which calls 

on function MODEL to compute the actual value of the regression equation 

from the input data and the trial values of the parameters (THETA) 

provided by REDUCE. 	To increase the efficiency of REDUCE, subroutine 

SCALE scales the parameters so that they are all of the same order when 

manipulated by REDUCE. 	The program prints the parameter estimates, 

residual mean squares and a table of observed and fitted values. 
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PROGRAM CURFIT(INPUT,OUTPUT,TAPE5=INPUT,TAPE6=OUTPUT,TAPE7) 
REAL MODEL 
INTEGER TITLE;(8), FMAT(4) 
COMMON W(108), PRECN(9) 
COMMON /DATA/ ND, X(1000), Y(1000) 
COMMON /ESTM/ NT THETA(9) 
COMMON /FACT/ FACTOR(9) 

. EXTERNAL CURVE 
DUMMY = MODEL(100.) 
NNN = NT*(NT+3) 

10 READ(5,1000)TITLE 
1000 FORMAT(8A10) 

IF (TITLE(I) .EQ. 10HEND 	) STOP 
READ(5,1100)ND, FMAT 

1100 FORMAT(I3, 2X, 4A10) 
READ(5,FMAT)(X.(1),I=1,ND), (Y(I),I=1,ND) 
READ(5,1200)(THETA(I),1=1,NT), (PRECN(I),I=I,NT), ESCAL: 

1200 FORMAT(HF10.0) 
CALL SCALE 
CALL REDUCE(THETA,PRECN,NT,W,NNN,F,ESCALE,2,2,100,CURVE) 
DO 100 T=1,NT 

100 THETA(I) = THETA(I)/FACTOR(I) 
NDF 	ND NT 
F = F /FLOAT(L WF) 
WRITE(6,1300)TITI,E 

1300 FURMAT(1B1/// 1X e  8A10/// 
1'3X, *NDF*, 4X, *RESIDUAL MS*, 5X, *PARAMETERS*/) 
WRITE(6,1400)NDF, F, (THETA(T),1=1,NT) 

1400 FORMAT(/ 1X 15, 4E15.7/ (21X, 3E14.7)) 
WRITE(6,1500) 

1500 FORMAT(/// 2X, *UNIT*, 4X, *INDEPENDENT*, 7X, *OBSERVED*, 7X, 
1 *EXPECTED*, IX, *RESIDUAL*) 
DO 110 I=1,ND 
EXPCT = MODEL(X(I)) 
DIFF = Y(I)-EXPCT 
WRITE(601600)I, X(I), Y(I), EXPCT, DIFF 

1600 FORMAT(/ 1X 15, 4E15.7) 
110 WRITE(7)X(I), Y(I), EXPCT 

GO TO 10 
END 
REAL FUNCTION MODEL(X) 
COMMON /ESTM/ NT, THETA(9) 
NT = 3 
MODEL = EXP(THETA(1)+THETA(2)*X**THETA(3)) 
RETURN 
END 
SUBROUTINE SCALE 
COMMON /ESTM/ NT, TMETA(9) 
COMMON /FACT/ FACTOR(9) 
DO 100 I=1,NT 
FACTOR(I) = 1000.0/THETA(1) 

100 THETA(I) = 1000.0 
RETURN 
END 
FUNCTION CURVE(THETA,NT) 
REAL MODEL 
DIMENSION THETA(NT) 
COMMON /DATA/ ND, X(1000), ¥(1000) 
COMMON /FACT/ FACTOR(9) 
A = 0.0 
DO 100 I=1,NT 

100 THETA(I) = THETA(I)/FACTOR(I) 
DO 110 I=1,ND 
A = A+(Y(I)-MODEL(X(I)))**2 

110 CONTINUE 
DO 120 I=1,NT 

120 THETA(I) = THETA(I)*FACTTOR(I) 
CURVE = A 
RETURN 
END 
SUBROUTINE REDUCE(X,E NN,W,NNN,FE,ESCALE,ICON,IPRINT,MAXIT,FUNCT) 
DIMENSION X(NN), E(WNS,.W(NNN) 
N = NN 
IND = 1 
INN .= 1 
NFCC = 1 
K = N+1 
JJ= N*N+N 
JJJ = JJ+N 
FHOLD = 0.0 
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DDMAG = 0.1*ESCALE 
SCER = 0.05/ESCALE 
DO 100 I=1,N 
DO 100 J=1,N 
w(K) = 0.0 
IF (I-J) 100,10,100 

10 W(K) = ABS(E(I)) 
W(I) = ESCALE 

100 K = K+1 
ITERC = 1 
ISGRAD = 2 
F = FUNCT(X,N) 
FKEEP = 2.0*ABS(F) 
IF (IPRINT .NE. 0) WRITE(6 1000) 

1000 FORMAT(1H1, /// 46HO FUNCTION MINIMISATION BY SUBROUTINE "REDUCE", 
11 1 IZONE + = 

44(1H*)) 

FP = F 
SUM = 0.0 
IXP = JJ 
DO 110 I=1,N 
IXP= IXP+1 

110 W(IXP) = X(I) 
IDIRN = N+1 
IMINE = 1 

12 DMAX = W(ILINE) 
DACC = DMAX*SCER 
DL AG = AMAXI(AMINi(DDMAG,0.1*DMAX),20.0*0ACC) 
DDMAX= 10.0*DMAG 
IF (ITONE-2) 13,13,35 

13 DL = 0.0 
D = DMAG 
FPREV = F 
IS = 5 
FA = F 
DA = DG 	 - - 

14 DD = D-DL 
DL = D 

15 K = IDIRN 
DO 120 I=1 ,N 
X(I) = X(I5+DD*W(K) 

120 K = K+1 
F = FUNCT(X,N) 

16 

1 7 8 

19 
1100 

1FCC _ UFCC+1 
GO 	TO 	(36,33,31,28,16,57), 	IS 
IF 	(FFA) 	20,17,21 
IFT(AABSD(D)-Dt4AX) 	18,18,19 

GO TO 14 
WRITE(6,1100) 
FORMATt4UH0 MAXIMUM CHANGE DOES NOT ALTER FUNCTION, 	//) 
GO TO 84 

20 FB g.F 
DB = 
GO TO 22 

21 FB = FA 
DB = DA 
FA = F 
DA = D 

22 IF 	(ISGRAD-1) 	24,24,23 
23 D = 2.0*OB-DA 

IS = 1 
GO TO 14 

24 D = 	0.5*((DA+DB)-(FA-F6)/(DA-Di )) 
IS = 4 

25 IF (
(DA'D)*(D-DB)) 	25,14,14 

S 
IF 	(ABS(D∎DB)-DDMAX) 	14 	14,26 

26 D = DB+SIGN ( DDMAX , DB-DA ) 
IS = 1 
DDMAX = 2.0*DDMAX 
DDMAG = 2.0*DDMAG 
IF 	(DDMAG .GT. 9E99) 	ODMAG = 9E99 
IF 	(DDMAX-DMAX) 	14,14,27 

27 DDMAX = DMAX 
GO TO 14 

28 (F-FFA) 	29,23,23 
FF  
DC = DB 

30 FB = F 
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DB = D 
GO TO 37 

31 IF (F•FB) 29,29,32 
32 FA = F 

DA = D 
GO TO 37 

33 IF (F-FB) 34,36,36 
34 FA = FB 

DA = DB 
GO TO 30 

35 DL = 1.0 
DDMAX = 5.0 
FA = FP 
DA = •1.0 
FB = FHOLD 
DBP = 0,0 
D = 1.0 

36 FC 	F 
DC = D 

37 A = (Dt3•DC)*(FA-FC) 
B = (DC•DA)*(FB-FC) 
IF ((A+B)(DA-DC)) 38,38,39 

38 FA = FB 
DA = DB 
FB = FC 
DB = DC 
GO TO 26 

39 D = 0.5*(A*(DB+DC)+8*(DA+DC))/(A.+B) 
DI = DB 
Fl = FB 
IF (FB-FC) 41,41,40 

40 DI = DC 
FI = FC 

41 IF (ITONE•2) 43,43,42 
42 ITONE = 2 

GO TO 45 
43 IF (ABS(D•DI)•DACC) 49,49 44 
44 IF (ASS(D•DI)•0.03*ABS(D)) 49,49,45 
45 IF ((DA-DC)*(DC-D)) 47,46,46 
46 FA = FB 

DA = DB 
FB = FC 
DB = DC 
GO TO 25 

47 IS.= 2 
IF((DB•D)*(D•DC)) 48,14,14 

48 IS = 3 
GO TO 14 

49 F = FI 
D = DI-DL 
DD = SQRT((DC-DB)*(DC•DA)*(DA•DB)/(A+B)) 

X(I) = X(IS+D*W(IDIRN) 
W(IDIRN) = DD*W(IDIRN) 

130 IDIRN = IDIRN+1 
W(ILINE) 	W(ILINE)/DD 
1LINE = ILINE+1 
IF (IPRINT'1) 51,50,51 

50 WRITE(6,1200)ITERC, NFCC, F, (X(I)P1=10) 
1200 FORMAT(// 16H0 ITERATION NO. , I5, 7H AFTER , 15, 

1 29H CALLS TO FUNCTION SUBPROGRAM, / 
2 26H0 CURRENT FUNCTION VALUE _, E24.14, / 
3 26H0 CURRENT PARAMETER VALUES, (/ 26X, 4E24,14)) 
IF (IPRINT•1) 51 51,69 

51 IF (1TONE-1) 52 52,67 • 
52 IF (FPREV-F-SUMS 54,53,53 
53 SUM = FPREV'F 

JIL = ILINE 
54 IF (IDIRN•JJ) 12,12,55 
55 IF (IND'i) 56,56,68 
56 FHOLD = F 

IS = 6 
IXP = JJ 
DO 140 I=1 N 
IXP = IXP+i 

140 W(IXP) = X(I)-W(IXP) 

GO TO 15 
57 IF (IND-1) 58 58,61 
58 IF (FP'F) 65,59,60 
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59 D = 0.0 
GO TO 65 

60 U.= 2.0*(FP+F-2.0*FHOLD)/(FP-F)**2 
IF (D*(FP-FHOLD-SUM)**2-SUi.i) 61,65,65 

61 J = JIL*N+1 
IF (J-JJ) 62,62,63 

62 DO 150 I=J,JJ 
K = I-N 

150 W(K) = W(I) 
DO 160 I=JIE, N 

160 w(I-1) = W(I) 
63 IDIRN = IDIRN-N 

ITONE = 3 
K = IDIRN 
IX? = JJ 
AAA = 0,0 
DO 170 I=1,N 
IXP : IXP+1 
W(K)= W(IXP) 
IF (AAA-ABS(W(K)/E(I))) 64,170,170 

64 AAA -  ABS(W(K)/E(I)) 
170 K = K+1 

DDMAG = 1,0  
W(N) = ESCALE/AAA 
ILINE = N 
GO TO 12 

65 IXP 	JJ 
AAA = 0.0 
F = FHOLD 
DO 	180 I=1,N 
IXP = IXP+1 
X(I)= X(I)-W(IXP) 
IF 	(AAA*ABSCE(I))-ABS(W(IXP))) 	66,180,180 

66 AAA= ABS(W(IXP)/E(I)) 
180 CONTINUE 

GO TO 68 
67 AAA = AAA*CDI+1.0) 

IF 	(IND-1) 	68,68,83 
68 IF 	(IPRINT-2) 	69,50,50 
69 IF 	(IND-1) 	70 	70 75 
70 IF 	(AAA-0,1) 	71,71,73 
71 IF 	(ICON 	.EQ. 	1) 	GO TO 84 

IND = 2 
IF 	(INN-1) 	72,72,78 

72 INN . = 	2 
K = JJJ 
DO 190 I=1,N 
K = K+1 
W(K) 	= X(I) 

190 X(I) 	= X(I)+10.0*E(I) 
FKEEP = F 
F = FUNCT(X,N) 
NFCC = NFCC+1 
DDMAG = 0.0 
GO TO 77 

73 IF 	(F-FP) 	76 74,74 
74 WRITE(6 	1300) 

1300 FORMAT(33H0 ACCURACY LIMITED BY ERRORS IN F, 
GO 

75 IND = 14  
76 DDMAG = 0.4*SQRT(FP-F) 

ISGRAD = 1 
77 ITERC = ITERC+1 

IF (ITERC .LE, MAXIT) GO TO 11 
WRITE(6 1400) 

1400 FORMAT(28H0 MAXXIT ITERATIONS COMPLETED, //) 
GO TO 84 

78 JIL.= 1 
FP = FKEEP 
IF (F•FKEEP) 80,74,79 

79 JIL = 2 
FP = F 
F FKEEP 

	

80 IXP 	JJ 
DO 200 I=1,N 

	

IXP 	IXP+1 
K = IXP+N 
IF (JIL-1) 81,81,82 

81 W(IXP) = W(K) 
GO TO 200 
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82 W(IXP) = X(I) 
X(I) = W(K) 

200 CONTINUE 
JIL = 2 
GO TO 56 

83 IF (AAA .LE, 0,1) GO TO 84 
INN = 1 
GO TO 76 

84 FF = F 
IF (FKEEP .GE. F) RETURN 
FF = FKEEP 
DO 210 I=1,N 
JJJ = JJJ-1-1 

210 X(I) = W(JJJ) 
RETURN 
END 
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APPENDIX II 

Listing of the computer program simulating a migration 

of Schistocerca gregaria used to investigate the orientation of migrants 

and described in Chapter 3. 

The state variables include the distributions and parameters 

for potential flight time (NSTEPS) and flight speed (SPEED), the minimum 

groundspeed required for continuous flight (MINSTEP) and the degree of 

bias to downwind orientation (BIAS). Coordinates representing the 

position of a locust, given as latitude and longitude at time T hours 
after the start, are updated every hour from the resultant of the locust's 

own speed and heading and the speed and heading of the wind at that time 

and place (calculated by subroutine WIND). 

The proportion reaching the target area (Fig. 3.1) the average 

distance flown and the time taken to reach the target are output (given 

in Appendix III) when the desired number of locusts (104-107) have 

"flown". 	The central processor time is checked periodically and if it 

excedes 1100 seconds, the program outputs the results prematurely and 

terminates. 
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PROGRAM FLIGHT(INPUT,OUTPUT,TAPE5=INPtJT,TAPE6=OUTPUT) 
DIMENSION DNAME(3) 
DATA DNAME/ 1OHLOGNORMAL , 10HGAUSSIAN , 10HUNIFORM 	/ 
CALL CLOCK(ITIME) 
CALL DATECIDATE) 
FiOIMAT61H1, /I/iIX, *R

ESULTS OF LOCUST MIGRATION AT*, 1000
+F'A9, *(ON*, A9, / XIX, 51(1H*), //) 
IPRO8 = 0 

10 IPROB = IPROB+1 
READ(5,1100)ORDERS, LOCUSTS, TRAP, BIAS 

1100 FORMAT(A1 1X, 18, 2(1X, F6.3)) 
IF (ORDERS .EQ. 1HS) STOP 
IF (ORDERS .EQ. 1HC) GO TO 11 
F EAD(5, 1200)EDISTR, EBAR, SDE 

1200 FORMAT(A10, 2(1X, F6.3)) 
READ(5,1200)SDISTR, SHAR, SOS 
DO 110 1=1,3 
IF (EDISTR ,NE. DNAME(I)) GO TO 110 
IE = I 
DO 100 J=1,3 
IF (SDISTR .NE, DNAME(J)) GO TO 100 
IS = J 
GO TO 11 

100 CONTINUE 
110 CONTINUE 

STOP 
11 CALL SECOND(PRIMER) 

CALL RAt4SET(PRIMER) 
NN = 0 
SUMO = 0,0 
SUMT = 0,0 
NL1 = 1 
NL2 = LOCUSTS 
IF (LOCUSTS ,GT, 100000) NL1 = 10000 
IF (LOCUSTS ,GT. 100000) NL2 = LOCUSTS/10000 
ALOCUST = 0.0 
DO 130 IL2=1 NL2 
CALL SECOND(TIME) 
IF (TIME .GT, 1100.0) GO TO 21 
DO 
X1 132000.0 

rJL1 

Y1 - = 1500.0 
DISPL = 0.0 
DIST = 0.0 
GO TO (12,13,14), IE 

12 NSTEP = ALOGNML(EBAR,SDE) 
GO TO 15 

13 NSTEP = GAUSS(EBAR,SDE) 
GO TO 15 

14 NSTEP = UNIFORM(EBAR,SDE) 
15 IF (NSTEP .LT, 60) GO TO 130 

DO 120 ISTEP=I,NSTEP 
X = X1 
Y = Y1 
DIST = DIST+DISPL 
GO TO (16,17,18), IS 

16 STEPL = ALOGNML(SBAR,SDS) 
GO TO 19 

17 STEPL = GAUSS(Sl3AR,SDS) 
GO TO 19 

18 STEPL = UNIFORM(SBAR,SDS) 
19 THETA = UNIFORM(0.0,6.283185308) 

CENTRE = ISTEP 
CALL 
STEPL

wIN
STE!'L*(1P0+BIAS*CŌS(ALPHĀ~THETA)) 

X1 = X+STEPL*COS(THETA)+SPEED*COS(ALPHA) 
Y1 = Y+STEPL*SIN(THETA)+SPEED*SIN(ALPHA) 
DISPL = SART((X1-X)**2+(11-Y)**2) 
IF (X .GE, 1900.0 .ANI). Y .GE, 3900.0) GO TO 20 
IF (DISPL .LT. TRAP) GO TO 130 

120 CONTINUE 
GO TO 130 

20 NN = NN+1 
SUM; = SUMD+DIST 
SUMT = SUMT+FLOAT(ISTEP) 

130 ALOCUST 	ALOCUST+1.0 
21 AN = NN 

DBAR = SUMD/AN 
TSAR = SUMT/AN 
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PROS = AN/ALOCUST 
WhIiE(6,1300)IPROB, DN\MECIE), EBAR, SDE, DfNAME(IS), SBAR, SOS, 

+ TRAP 
1300 FORMAT(1X, *PROBLEM NO.*, 13, // 

+ 1X, *DISTRIBUTION OF FLIGHT ENDURANCE : *, A10, / 
+ 1X, *PARAMETERS : *, F7.3, * AND*, F7.3, // 
+ 1X, *DISTRIBUTION OF FLIGHT SPEED : *, A10, / 
+ 1X, *PARAMETERS : 4, F7.3, * AND+, F7.3, // 
+ 1X, *STALLING SPEED : *, F6.3, 4 KPH*) 
IE (BIAS .NE. 0.0) WRITE(6,1400)HIAS 

1400 FORMAT(/ 1X *DOWNWIND BIAS A: 4, F6.3) 
WRITE ( 6,1500)NN, PROB, ()BAR, TBAR 

1500 FORMAT(// 3X, 18, 
+ 4 LOCUSTS WERE SUCCESSFUL IN REACHING THE BRITISH ISLES+, 
+ / 12X, *(PROBABILITY =*, E9.3, 4 )4, // 1X, 
+ *THE SUCCESSFUL LOCUSTS FLEW AN AVERAGE 4, F6.1, 
+ * KM, IN*, F6.2, 4 HOURS*, /////) 
GO TO 10 
END 
SUBROUTINE WIND(X,Y,ALPHA,SPEED,CEY'IRE) 
CX = 200.0+CENTRE/0.1 
CY = 3300.OtCENTRE/0.6 
PSI = -0.625 
OFF = 0.01735*(1.6*X-Y) 
IF (OFF .LT. 1,0) OFF = 1.0  
OFF = -OFF 
AX = CX-X 
AY = Cl-? 
IF (ABS(AX) .LT. 0,1) AX = ~0.1 
IF (ABS(AY) .LT. 0.1) AY = 0.1 
ACY = 100.0-0,08*SQRT(AX*AX+AY*AY) 
IF (ACY .LT. 1.0) AC? = 1.0 
PHI = -AX/AY 
ACY = ACY*ABS(PRI)/PHI 
APHI = SQRT(.1.0+PHI*PHI) 
APSI = SQRT(1.0+PSI*PSI) 
A = ACY*PHI/APHI+OFF*PSI/APSI 
B = ACY/APHI+OFF/APSI 
ALPHA = ATAN2(A B) 
SPEED = SIGN*SORT(A*A+B*B) 
RETURN 
END 
FUNCTION ALOGNML(MU,SIGMA) 
REAL MU 
SUM = 0,0 
DO 100 I=1 12 

100 SUM = SUM+!(ANF(0.0) 
ALOGNML = EXP(SIGMA*(SUM-6.0)+MU) 
RETURN 
END 
FUNCTION GAUSS(XBAR,SX) 
GAUSS = 0.0 
DO 100 I=1,12 

100 GAUSS = GAUSS+RANF(0.0) 
GAUSS = (GAUSS-6.0)#SX+XBAR 
RETURN 
END 
FUNCTION U!JIFORM(A,B) 
UNIFORM = A+B*RANF(0.0) 
RETURN 
END 
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APPENDIX III 

Results of 243 simulation runs. 

The first entry gives the distance flown and time taken for 

an inert particle to be transported in the wind field. 	Experiments are 

arranged in blocks with the same distributions for NSTEPS and SPEED 

which are random variables distributed as uniform U(A,B), normal 

N(p,a), or lognormal L(p,a2) variates: the numbers in brackets are 

the parameters of the distribution used e.g. U(0,5) represents a 

variate distributed uniformly between 0 and 5. MINSTEP is the minimum 

ground speed and BIAS is the degree of down-wind orientation. The 

results, given in the last three columns, are the proportion of locusts 

successfully reaching the target (see Fig.3,1),the average distance 

travelled by successful locusts and their average transit time. 	The 

sample sizes are not given but were not less than 104, and for very 

small proportions of successes were in excess of 106. 

MINSTEP BIAS proportion distance(km) time(hr) 

NSTEPS = U(120,120) SPEED 	= 	U(0,0) 

0.0 0.0 1.000 2791 85.00 

NSTEPS = U(0,120) : SPEED 	= 	N(15,9) 

0.0 0.0 .301 3096 84.90 

1.0 0.0 .291 3079 83.65 

3.0 0.0 .197 3092 83.58 

5.0 0.0 .870x10-1  3062 81.63 

7.5 0.0 .228x10-1  3059 81.32 

10.0 0.0 .292x10-2  3024 78.56 

12.5 0.0 .270x10-3  3023 76.41 

15.0 0.0 .196x10-4  2961 72.89 
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MINSTEP BIAS proportion distance(km) time(hr) 

NSTEPS = N(30,20) SPEED 	= 	N(15,9) 

0.0 0.0 .370x10-2  3064 82.44 

1.0 0.0 .344x10-2  3033 80.93 

3.0 0.0 .257x10-2  3017 80.02 

5.0 0.0 .140x10-2  3020 79.64 

7.5 0.0 .440x10-3  3010 78.89 

10.0 0.0 .740x10-4  2963 75.81 

12.5 0.0 .100x10-4  2962 74.60 

15.0 0.0 .700x10-6  2993 74.50 

NSTEPS = N(60,20) SPEED 	= 	N(15,9) 

0.0 0.0 .116 3063 83.21 

1.0 0.0 .112 3058 82.39 

3.0 0.0 .791x10-1  3055 81.88 

5.0 0.0 .365x10-1  3042 80.95 

7.5 0.0 .111x10-1  3041 80.37 

10.0 0.0 .190x10-2  3008 78.29 

12.5 0.0 .130x10-3  2946 74.54 

15.0 0.0 .180x10-5  2994 74.00 

NSTEPS = N(60,10) SPEED 	= 	N(15,9 

0.0 0.0 ,110x10-1  2997 79.57 

1.0 0.0 .980x10-2  3011 79.74 

3.0 0.0 .940x10-2  2991 79.01 

5.0 0.0 .460x10-2  2982 77.74 

7.5 0.0 .700x10-3  2956 75.86 

10.0 0.0 .270x10-3  2962 75.78 

12.5 0.0 .400x10-4  2948 75.00 

15.0 0.0 .100x10-5  2985 74.00 
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MINSTEP 

NSTEPS 

BIAS 

= 	L(2.3,1.4) 

proportion 

SPEED 	= 	N(15,9) 

distance(km) time(hr) 

0.0 0.0 .345x10-1  3125 85.47 
1.0 0.0 .367x10-1  3115 84.46 
3.0 0.0 .253x10-1  3112 84.03 
5.0 0.0 .123x10-1  3070 82.24 
7.5 0.0 .300x10-2  3055 80.74 
10.0 0.0 .310x10-3  3230 80.71 
12.5 0.0 .340x10-4  3023 76.65 
15.0 0.0 .774x10-5  2965 78.00 

NSTEPS = 	L(2.7,1.4) SPEED 	= 	N(15,9) 
0.0 0.0 .707x10-1  3106 85.05 
1.0 0.0 .682x10-1  3124 84.79 
3.0 0.0 .441x10-1  3123 84.31 
5.0 0.0 .200x10-1  3134 83.72 
7.5 0.0 .466x10-2  3113 81.71 
10.0 0.0 .700x10-3  3133 80.35 
12.5 0.0 .380x10-4  3000 76.26 
15.0 0.0 .122x10-5  2916 71.50 

NSTEPS = 	L(3.0,1.4) SPEED 	= 	N(15,9) 
0.0 0.0 .111 3107 85.24 
1.0 0.0 .108 3115 84.40 
3.0 0.0 .702x10-1  3124 84.02 
5.0 0.0 .334x10-1  3104 83.03 
7.5 0.0 .890x10-2  3046 80.65 
10.0 0.0 .810x10-3  3442 84.42 
12.5 0.0 .580x10-4  3723 86.38 
15.0 0.0 .400x10-5  3012 74.00 
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MINSTEP 

NSTEPS = 

BIAS 

L(3.2,1.4) 

proportion 

SPEED 	= 	N(15,9) 

distance(km) time(hr) 

0.0 0.0 .149 3115 85.52 
1.0 0.0 .140 3124 84.57 
3.0 0.0 .967x10-1  3105 83.63 
5.0 0.0 .452x10-1  3072 82.48 
7.5 0.0 .107x10-1  3045 80.69 

10.0 0.0 .230x10-3  3250 82.29 
12.5 0.0 .780x10-4  3001 76.85 
15.0 0.0 .465x10-5  2966 75.83 

NSTEPS = L(3.4,1.4) SPEED 	= 	N(15,9) 
0.0 0.0 .196 3114 85.54 
1.0 0.0 .181 3120 84.43 
3.0 0.0 .123 3130 84.28 
5.0 0.0 .601x10-1  3107 83.02 
7.5 0.0 .135x10-1  3087 81.18 

10.0 0.0 .200x10-2  3173 80.68 
12.5 0.0 .100x10-3  3117 77.88 
15.0 0.0 .583x10-5  2902 72.14 

NSTEPS = L(2.3,1.96) SPEED 	= 	N(15,9) 
0.0 0.0 .659x10-1  3106 85.16 
1.0 0.0 .579x10-1  3125 84.55 
3.0 0.0 .393x10-1  3122 84.37 
5.0 0.0 .180x10-1  3157 83.79 
7.5 0.0 .582x10-2  3127 81.80 

10.0 0.0 .630x10-3  3035 79.70 
12.5 0.0 .533x10-4  3038 78.00 
15.0 0.0 .327x10-5  2946 72.60 
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MINSTEP 

NSTEPS = 

BIAS 

L(2.7,1.96) 

proportion 

SPEED 	= 	N(15,9) 

distance(km) time(hr) 

0.0 0.0 .112 3115 85.34 

1.0 0.0 .103 3104 84.51 

3.0 0.0 .724x10-1  3094 83.66 

5.0 0.0 .320x10-1  3147 83.78 

7.5 0.0 .718x10-2  3056 81.06 

10.0 0.0 .870x10-3  3024 79.21 

12.5 0.0 .400x10-4  3092 80.50 

15.0 0.0 .397x10-5  3051 76.33 

NSTEPS = L(3.0,1.96) SPEED 	= 	N(15,9) 

0.0 0.0 .158 3127 85.68 

1.0 0.0 .151 3132 84.85 

3.0 0.0 .100 3139 84.45 

5.0 0.0 .482x10-1  3123 83.36 

7.5 0.0 .109x10-1  3156 82.13 

10.0 0.0 .157x10-2  3127 81.40 

12.5 0.0 .140x10-3  3214 80.50 

15.0 0.0 .667x10-5  3070 76.15 

NSTEPS = L(3.2,1.96) SPEED 	= 	N(15,9) 

0.0 0.0 .184 3111 85.55 

1.0 0.0 .176 3136 84.76 

3.0 0.0 .123 3128 84.10 

5.0 0.0 .515x10-1  3110 83.33 

7.5 0.0 .137x10-1  3112 81.57 

10.0 0.0 .152x10-2  3081 79.70 

12.5 0.0 .130x10-3  3546 83.54 

15.0 0.0 .795x10-5  3090 76.00 
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MINSTEP 

NSTEPS = 

BIAS 

L(3.4,1.96) 

proportion 

SPEED 	= 	N(15,9) 

distance(km) time(hr) 

0.0 0.0 .225 3142 85.95 

1.0 0.0 .223 3125 84.83 

3.0 0.0 .155 3104 83.83 

5.0 0.0 .696x10-1  3165 83.92 

7.5 0.0 .167x10-1  3102 81.45 

10.0 0.0 .219x10-2  3075 79.72 

12.5 0.0 .100x10-3  2959 75.50 

15.0 0.0 .984x10-5  2965 73.80 

NSTEPS = L(3.4,1.4) SPEED 	= 	U(0,0) 

0.0 0.0 .193 2791 85.00 

1.0 0.0 .193 2891 85.00 

3.0 0.0 .193 2791 85.00 

5.0 0.0 .193 2791 85.00 

7.5 0.0 .193 2791 85.00 

10.0 0.0 0 0 0 

12.5 0.0 0 0 0 

15.0 0.0 0 0 0 

NSTEPS = L(3.4,1.4) SPEED 	= 	U(0,5) 

0.0 0.0 .193 2823 85.40 

1.0 0.0 .193 2823 85.40 

3.0 0.0 .193 2823 85.40 

5.0 0.0 .193 2823 85.40 

7.5 0.0 .180 2822 85.35 

10.0 0.0 .543x10-1  2821 85.03 

12.5 0.0 .100x10-3  2816 83.80 

15.0 0.0 0 0 0 
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MINSTEP 

NSTEPS = 

BIAS 

L(3.4,1.4) 

proportion 

SPEED 	= 	U(0,10) 

distance(km) time(hr) 

0.0 0.0 .193 2844 85.41 

1.0 0.0 .193 2844 85.40 

3.0 0.0 .190 2844 85.37 

5.0 0.0 .150 2843 85.29 

7.5 0.0 .625x10-1  2841 84.80 

10.0 0.0 .970x10-2  2836 83.95 

12.5 0.0 .100x10-3  2816 82.14 

15.0 0.0 .200x10-5  2751 79.24 

NSTEPS = L(3.4,1.4) SPEED 	= 	U(0,20) 

0.0 0.0 .192 2939 85.45 

1.0 0.0 .182 2940 82.98 

3.0 0.0 .124 2943 85.28 

5.0 0.0 .623x10-1  2931 84.26 

7.5 0.0 .144x10-1  2920 83.21 

10.5 0.0 .210x10-2  2896 81.44 

12.5 0.0 .800x10-3  2957 82.00 

15.0 0.0 .600x10-5  2898 78.33 

NSTEPS = L(3.4,1.4) SPEED 	= 	U(0,30) 

0.0 0.0 .191 3111 85.69 

1.0 0.0 .180 3115 85.82 

3.0 0.0 .122 3124 85.53 

5.0 0.0 .635x10-1  3093 84.23 

7.5 0.0 .168x10-1  3075 82.63 

10.0 0.0 .200x10-2  3031 80.33 

12.5 0.0 .120x10-3  3034 79.17 

15.0 0.0 .100x10-4  2924 76.33 
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MINSTEP 

NSTEPS = 

BIAS 

L(3.4,1.4) 

proportion 

SPEED 	= 	N(15,9) 

distance(km) time(hr) 

1.0 0.2 .190 3121 81.53 

1.0 0.4 .201 3105 78.74 

1.0 0.6 .210 3132 76.69 

1.0 0.8 .223 3188 74.91 

1.0 1.0 .226 3333 74.44 

1.0 1.5 .232 3387 70.10 

1.0 2.0 .231 3723 69.59 

1.0 2.5 .223 4090 69.55 

1.0 3.0 .217 4495 70.32 

NSTEPS = L(3.4,1.4) SPEED 	= 	N(15,9) 

3.0 0.2 .128 3097 60.98 

3.0 0.4 .152 3092 78.41 

3.0 0.6 .196 3111 76.25 

3.0 0.8 .216 3168 74.69 

3.0 1.0 .220 3311 74.10 

3.0 1.5 .229 3432 70.60 

3.0 2.0 .228 3767 70.26 

3.0 2.5 .221 4083 69.49 

3.0 3.0 .213 4634 72.06 

NSTEPS = L(3.4,1.4) SPEED 	= 	N(15,9) 

5.0 0.2 .621x10'1  3089 80.08 

5.0 0.4 .809x10-1  3096 77.63 

5.0 0.6 .137 3132 76.06 

5.0 0.8 .208 3181 74.73 

5.0 1.0 .213 3288 73.78 

5.0 1.5 .222 3396 70.13 

5.0 2.0 .217 3752 69.67 

5.0 2.5 .207 4081 69.61 

5.0 3.0 .197 4450 70.10 
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MINSTEP 	BIAS 	proportion 	distance(km) time(hr) 

NSTEPS = L(3.4,1.4) 	SPEED = N(15,9) 

7.5 0.2 .156x10-1  3110 78.95 

7.5 0.4 .275x10-1  3099 76.61 

7.5 0.6 .533x10-1  3165 75.71 

7.5 0.8 .134 3222 74.80 

7.5 1.0 .211 3168 72.57 

7.5 1.5 .214 3387 69.97 

7.5 2.0 .207 3799 69.91 

7.5 2.5 .200 4074 69.28 

7.5 3.0 .186 4431 69.49 

NSTEPS = L(3.4,1.4) SPEED 	= 	N(15,9) 

10.0 0.2 .258x10-2  3024 75.86 

10.0 0.4 .462x10-2  3122 75.34 

10.0 0.6 .113x10-1  3262 75.74 

10.0 0.8 .347x10-1  3189 73.19 

10.0 1.0 .104 3352 73.95 

10.0 1.5 .176 3408 70.07 

10.0 2.0 .174 3755 69.59 

10.0 2.5 .170 3998 69.01 

10.0 3.0 .169 4489 70.05 

NSTEPS = L(3.4,1.4) SPEED 	= 	U(0,1) 

1.0 0.2 .192 2804 85.07 

1.0 0.4 .193 2809 85.01 

1.0 0.6 .191 2816 84.99 

1.0 0.8 .194 2823 84.95 

1.0 1.0 .195 2824 84.84 

1.0 1.5 .190 2810 84.32 

1.0 2.0 .195 2811 84.02 

1.0 2.5 .198 2818 83.80 

1.0 3.0 .192 2811 83.02 
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MINSTEP 

NSTEPS = 

BIAS 

L(3.4,1.4) 

proportion 

SPEED 	= 	U(0.5) 

distance(km) time(hr) 

1.0 0.2 .190 2821 84.73 

1.0 0.4 .195 2818 84.09 

1.0 0.6 .192 2821 83.48 

1.0 0.8 .196 2820 82.88 

1.0 1.0 .195 2821 82.26 

1.0 1.5 .204 2821 80.81 

1.0 2.0 .211 2822 79.40 

1.0 2.5 .214 2824 78.10 

1.0 3.0 .219 2827 76.77 

NSTEPS = L(3.4,1.4) SPEED 	= U(0.10) 

1.0 0.2 .195 2841 84.06 

1.0 0.4 .195 2840 82.92 

1.0 0.6 .209 2839. 81.71 

1.0 0.8 .205 2839 80.54 

1.0 1.0 .210 2839 75.44 

1.0 1.5 .211 2840 76.79 

1.0 2.0 .228 2844 74.46 

1.0 2.5 .235 2855 72.25 

1.0 3.0 .235 2861 70.17 

NSTEPS = L(3.4,1.4) SPEED 	= U(0,20) 

1.0 0.2 .192 2925 82.97 

1.0 0.4 .200 2909 80.60 

1.0 0.6 .206 2910 78.57 

1.0 0.8 .217 2897 76.43 

1.0 1.0 .231 2904 74.55 

1.0 1.5 .240 2927 70.59 

1.0 2.0 .242 3071 68.59 

1.0 2.5 .240 3274 67.61 

1.0 3.0 .236 3468 67.00 
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MINSTEP 

NSTEPS 

BIAS 

= 	L(3.4,1.4) 

proportion 

SPEED 	= 	U(0,30) 

distance(km) time(hr) 

1.0 0.2 .187 3060 81.93 

1.0 0.4 .199 3064 79.15 

1.0 0.6 .221 3048 76.32 

1.0 0.8 .226 3080 74.22 

1.0 1.0 .225 3149 72.62 

1.0 1.5 .232 3359 69.95 

1.0 2.0 .226 3753 70.04 

1.0 2.5 .213 4125 70.19 

1.0 3.0 .208 4453 70.35 



APPENDIX IV 

Listing of the program used to simulate populations of 

animals which have density-dependent movement obeying the A-model 

(equation (4.5)) and described in Chapter 4. 

The main program reads the input data, consisting of the 

A-model parameter, the reproductive multiplier R, the starting number 

of founders and the number of generations (H) to be run (the program 

halts automatically if extinction occurs). 	Calling subroutine 

PARENTS initiates setting up of the arena and is followed by iteration 

of the program through H cycles of reproduction and redistribution. 

Subroutine SETMAP assigns the environmental score to each 

unit of the environmental matrix and subroutine PARENTS places the founders 

in the arena, as described in Section 4.3.2. 	Subroutine DISPERS 

calculates the distance and direction of movement for every individual and 

returns the final positions of the population after dispersal. 

The values stored in the vector ISWITCH (default zero) 

determine the options to be used during a run. 	For example, if ISWITCH 

(1) = 1, output is generated by subroutine SYMAP and written to a scratch 

tape which may be used as the input for the Harvard program SYMAP to 

produce a population density surface every generation. 	ISWITCH (2) = 1; 

the positions of the founder generation are printed by subroutine PRINT 

but if ISWITCH (7) = 1 the position of every individual is printed every 

generation. ISWITCH (3) = 0; no temporal variation but if ISWITCH (4) = 1, 

the environmental templet has a probability of 1/6 of being changed at each 

generation by subroutine CHANGE. ISWITCH (5) = 0; the environmental templet 

and the distribution of the founders are defaulted, otherwise different 

random numbers are used to produce different starting conditions. ISWITCH 

(6) = 1; output is generated by subroutine TPLR to be used as input for 

a program to perform variance-mean analysis with each generation providing 

one point in the analysis, and if ISWITCH (8) = 1 the power-law analysis 

is performed every generation. 

The listing presented here is the final version of the program 

with direct density-dependent movement, hermaphrodite reproduction and 

the population organized into demes. 
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PROGRAM EPIDE1C(INPUT,OUTPUT,TAPE5=INPUT,TAPE6=OUTPUT,TAFE7,TAPF8, 
+ TAPE9) 
INTEGER DEAD, EOF, H 
COMMON ARENA(120, 130) , CENTRES(12,13) 
COMMON /SWICH/ ISWITCH(H) 
COMMON /MOVER/ IX, IY, IXX, IYY 
COMMON /PARAM/ A, B, P, 0, R 
DIMENSION CENTHED(12,13) 
DATA CENTREDI156*0.0/,ISW.1TCH/8$0/ 
fc.EAD(5,1000)A, 6, P, 0, R, L, H 

1000 FORMAT(5F10.0,2I10) 
N 1 = U 
CALL PARENTS(L) 
IF (ISNITCH(1) .E0. 1) CALL SYMAP(M1) 
BUGS = b 
DENSITY = BUGS/B/156,0 
viRITE (6, 11 00 ) 

1100 FORMAT(//// *OGENERATION 	NEw 	LIVE 	DEAD MIGRANTS 
+ 	DENSITY*) 
WRITE(6,1200).L, L, DENSITY 

1200 FORMAT(IHO, 9X, *0*, 2110, 2(9X, *0*), 5X, F10.5) 
GO TO 11 

10 IF (1Sv ITCH(1) .E0. 1) CALL O NE(M1) 
11 NE4 = 0 

DEAD = 0 
MIGRANT = 0 
REWIND 7 
KOUNT = 0 
DO 100 K=1,12 
K2 = K*10 
K1 = K2-9 
UO 100 L=1,13 
L2 = L*10 
LI = L2-9 
DO 100 I=K1,K2 
DO 100 J=L1,L2 
N = ARE:NA(I,J) 
ARENA(I,J) = ARENA(1,J)—FLOAT(N) 
IF (N .EC. 0) GO TO 100 
AN = 1000.0*ARENA(I,J)-1.0 
►, R I TE (7) 1 , J, N, AN 
KOUNT = KOUNT+1 

100 CONTINUE 
ENDFI,LE 7 
REWIND 7 
DO 120 M=1 , KOUNT 
READ(7)IC, JC, N, AN 
K = 1 +(1 C-1)/10 
L = 1+(JC-1)/10 
BUGS = CENTRES(K,L) 
IF (AN .LT. 1.0) GO TO 120 
N = R*AN*FLOAT(N) 
NEW _ NEW-PN 
IIY = K*10-5 
IIX = L*10-5 
DO 110 J=1,N 
IXX = I1X+UNIFORM(-2,5,2.5) 
IYY = 1i:Y+UN1FORM(-2.5,2.5) 
IX = JC 
IY = IC 
CALL UISPERS(HUGS) 
IF 	(IX) 	14,14,12 

12 IF 	(IY) 	14,14 	13 
13 1F 	(IX 	.GT. 	130 	.OR. 	IY 	.GT. 	120) 	GO TO 14 

IF 	(ARENA(IY,IX) 	.E0. 	0.0) 	GO 	TO 	15 
ARENA(IY,1X) 	= ARENA(IY,IX)+1.0 
CENTRFU (K, L) 	= CENTRED (K, [.)+1 .0 
GO TO 	110 

14 MIGRANT = MIGRANT+1 
GO TO 110 

15 DEAD = DEAD+1 
110 CONTINUE 
120 CONTINUE 

DO 	130 	1=1,12 
UO 	130 J=1,13 
CENTRES(I,J) 	= CENTRED(I,J) 

130 CENTRED(I,J) 	= 0.0 
Ml 	= M1 +1 
LIVE = NEW—DEAD-MIGRANT 
BUGS = LIVE 
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DENSITY = BUGS/B/156,0 
WR1TE(6, 1300)M1, NEN, LIVE, DEAD, MIGRANT, DENSITY 

1300 1OP.AT(1H0, 5110, 5X, F10.5) 
IF (ISWI. TCH(6) .E0. 1) nRITE(9)CEi'TRES 
IF (LIVE .EO. 0) GO TO 16 
IF (M1 .E0. H) GO TO 16 
CALL SECOND (TIME) 
IF (TIME .GT. 1000.0) GO TO 16 
IF (ISWITCH(8) .EQ. 1) CALL TPDR(M1) 
IF (1SWIT'CH(3) .EO. 0) GO TO 10 
S = 0.0 
IF (ISwITCH(4) .E0. 1) : = UNIFURM(0.0,6.0) 
I.F (S .GE. 1.0) GO TO 10 
CALL CHANGE(DEAD) 
LIVE = LIVE-DEAO 
bUGS = DIVE 
DENSITY = BUGS/B/15600.0 
WhI1E(6,1400)LIVE, DEAD, DENSITY 

1400 FORMAT(11i0, 4X, *CHANGE*, 9X, *0*, 2110, 9X, *0*, 5X, F10,5) 
GO TO 10 

16 IF (ISWITCH(1) .EQ. 1) CALL TWO(M1)  
IF (ISwITCH(6) .EO. 1) CALL TPLR(M1) 
ENDFILE 7 
REWIND 7 
STOP 
END 
SUBROUTINE SYMAP (N ) 
COMMON ARENA (1 20 , 130) , CEN TRES (12 , 1 3 ) 
COMMON /PARAM/ A, B, P, 0, R 
t'RI 'TE(8,1000) 

1000 FORMAT(*A-OUTLI.NE*,13X,*X*/19X,*0*,9X.,*0*/19X,*0*,7X,*13O*/ 
+ 17X,*120*,7X,*130*/11X,*120*,9X,*0*/19X,*0*,9X,+04) 
WRITE(8,1100) 

1100 FORMAT(*99999*) 
wRITE(8,1200) 

1200 F ORMAT (*B-DATA NOINTS*, 9X, *X* ) 
D0 100 1=1,12 
Y = 10*(1-1)+5 
DO 100 J=1,13 
X = 10*(J-1)+5 

100 WRITE(8,1300)Y, X 
1300 FURMAT(10X,2F10.0) 

WKuTE(8,1100) 
K - 1 
L = 1 
GO TO 10 
ENTRY ONE 
GO TO 10 
ENTRY TWO 
la = 2 

10 wRITE(8,1400) 
1400 FURMA`f (*E-VALUES*, 1 4X, *X*) 

DO 110 1=1,12 
DO 110 J=1,13 

1500 FURMAT(10X,F10.0) 
110 t'R1TE(8,1500)CENTRES(I,J) 

WHITE(8,11.00) 
WR1TE(8 1600)N, A, A, P, 0, R 

1600 FUFtMA'T(*F-MAP*,17X,*X*/*DELTA MODEL SIMULATION FOR B.E.S. * 
▪ *SYMPOSII1M*/*GHNERATION*,I5,10X,*PARAMETERS: 	A=*,F10.5,5X,*13=*, 
+ F 10.5/5X,*P=*,F10.5,5X,*D=*,F10.5,SX,*R=*,F10.5) 
GO TO (11,121, K 

11 WRITE(8,1700) 
1700 FURMA1(4X,*1*,13X,*12*,8X,*13*/4X,*3*,13X,*10*/4X,*4*,14X,*0*/3X * 

+ 5*,8X,*31622.1*/4X,*6*,1, 3X,*.1*,9X,*2*,9X,*7*,8X,*22*,8X,*68*,7X, 
+ *216*/17X,*684*,6X,*2162*,6X,*6838*,5X,*21623*/4X,*7*/* .-4X0000* 
+ *O0123456789*/5X,*.-+XX*/8X,*:#*/9X,*=*/4X,*b*/3X,*17*) 
WRITE(6,1100) 
K = 2 
GO TO 14 

12 WRITE(K 1800) 
1800 FORMAT(3X,*12*) 

wRITE (8 , 1 100 ) 
GO TO (14,13), L 

13 WRITE(8,1900) 
1900 FORMAT(*999999*) 

ENDFILE 6 
REWIND 8 

14 RETURN 
END 
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SUBROUTINE DISPERS(RIJGS) 
COMMON /PANAM/ A, B, P, 0, R 
COMMON /MOVER/ IX, 1Y, IXX, IYY 
1F (IX .EN. IXX ,AND. IY .E0. IYY) RETURN 
DENSITY = RUGS/Ei 
F = A*(DENSI.TY**P-DENSITY**0) 
THETA = ATAN(FLUAT(IYY-IY)/FLOAT(IXX-IX)) 
IX = l X+E'*COS(THE:I'A) 
IY = IY+V*S1N(THETA) 
RETURN 
END 
SUBROUTINE SETMAP 
COMMON A(120,130), C(12,13) 
COMMON /SWICH/ 1SriITCH(6) 
COMMUN /PRIME/ PRIMER 
DO 100 1=1,120 
DG 100 J=1,130 

100 A(I,J) = 0.0 
1W = 2 

CALL RANSET(PRIMER) 
DO 120 K=1,3 
LW 110 L=1,100 
lY = UNIFORM(1.0,120.0) 
IX = UNIFORM(1.0,130.0) 
11 = IY-IN 
12 = IY+I4J 
J1 = IX-IW 
J2 = IX4IW 
IF (I1 .LT. 1) 11 = 1 - - 
IF (I2 .GT. 120) 12 = 120 
IF (J1 .LT. 1) J1 = 1 
IF (J2 ,GT. 130) U. = 130 
DO 110 I=11,12 
DU 1)0 J=J1,J2 
A(1,J) = A(I,J)+1.0 

110 CONTINUE 
120 IW = Iw+M 

IF (l.S IITCH(7) .E(.+. 1) CALL PRINT 
DO 130 1=1,120 
D0 130 J=1,130 

130 A(I,J) = A(I,J)/1000.0 
RETURN 
END 
SUBROUTINE PARENTS(INSECTS) 
COMMON A(120,130), C(12,13) 
COMMON /PARAt4/ E, F, p, 0, R 
COMMON /SWICH/ ISWITCH(8) 
COMMON /PRIME/ PRIMER 
DIMENSION COORUS(2, 100) 
UO 100 1=1,13 
DO 100 J=1,13 

100 C(I,J) = 0.0 
PRIMER = 1.0 
TEMP = 1.0 
CALL SETMAP 
IF (ISWITCH(5) .E0. 1) CALL SECOND(TEMP) 
CALL RANSET (TEMP ) 
J = 1 

10 1F (J .GT. INSECTS) GO TO 11 
IX = UtJIFORM(1.0,130.0) 
IY = UNIFORM(1.0,120.0) 
IF (A(IY,1X) .E0, 0.0) GO TO 10 
IXX = IX/10+1 
IYY = IY/10+1 
IF (C(IYY,IXX) .NE. 0.0) GO TO 10 
A(IY,IX) = A(IY,.IX)+1.0 
C(IYY,IXX) = 1.0 
COORDS (1 , J) = IX 
COORDS(2,J) = IY 
J = J+1 
GO TO 10 

11 WRITE(6,1000)E, F, P, 0, R 
1000 FURMA'T(*IPARAMETERS : ETA =*, F10.5/ 14X, *RHO =*, F10.5/ 

+ 16X, *P =*, F6.1/ 16X, *0 =*, F6.1/ 16X, *M =*, F6.1/1/ 
+ * COORDINATES OF THE PARENTS*/) 
wRITE(6,1100)((COURDS(I,J) I=1 2),J=1,INSECTS) 

1100 
IFFk(ISWITCH(2)F.EQ.1.)XCALLOPRINT 
RETURN 
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END 
SUBROUTINE PRINT 
COMMON A(120,130), C(12,13) 
DIMENSION NUMBER(11 ), LINE(130) 
DATA NUMBER/1H ,1H1,1112,1H3,11i4,]H5,1H6,1117,iHR,1H9,1M*/ 
v,R1TE(6,1000) 

1000 FURMAT(*1+*, 130(*-*), *+*) 
00 110 1=1,120 
UO 100 J=1,130 

. 	N =.A(1,J)+1.0 
IF (N .GT. 11) N = 11 

100 LINE(J) = NUMBER(N) 
110 IRITE(6,1100)(LINE(J),U=1,130) 
1100 FORMAT(* I*, 130A1, *I) 

*Oki-  :(6, 1200) 
1200 FORMAT(* +*, 130(*-*). T+*) 

RETURN 
END 
FUNCTION UN1FURM(A,k3) 
UNIFORM = A+(B..A)*HANF (0.0) 
RETURN 
END 
SUBROUTINE CHANGE(ORAD) 
COMMON /PRIME/ PRIMER 
COMMON A(120,130), C(12,13) 
INTEGER DEAD 	• 
REWIND  7 
DO 100 1=1,120 
DO 100 J=1,130 
K = A(1,J) 

100 RITE:(7)K 
ENt)FLLE 7 
CALL RANGET(TEMP) 
PRIMER = PRIMER+1 .0 
CALL SETMAP 
CALL RANSET(TEMP) 
REWIND 7 
DEAD = 0 
DO 110 1=1,120 
DU 110 J=1,130 
READ(7)t 
IF (A(I,J) .E©. 0.0) GO TO 10 
A(I,J) = A(1,J)+RLUAT(K) 
GO TO 110 

10 DEAD = DEAD+K 
110 CONTINUE 

RETURN 
END 
SUBROUTINE TPLR(N) 
COMMON ARENA (120, 130) , CENTRES (12, 13 ) 
COMMON /PARAM/ A, B, P. 0, R 
WRITE(7,1000)A, B. P, 0 

1000 FORMAT(* 2*/* 	13 EPIDEIC SIMULATION. A=* F5.2,* B=*,F5,2, 
+ * P=*,F5.2,* 0=*,F5.2/* 12 	(6(2X, F11.0))*) 
wRI.TE(7,1100)((CENTRES(I,J),I=1,12),J=1,13) 

1100 FURMA'r(6(2X, F11.U)) 
ENDFILE 9 
REWIND 9 
h1HITE(7,1200)F7 

1200 FORMAT(I6,* TIME SERIES VARIANCE:/MEAN PLOT*/*156 	(6(2X,F11.0))*) 
DU 100 K=1,N 
REAL (9 )CENTRES 

100 WRITE(7,1100)((CENTRES(I,J),I=1,12),J=1,13) 
RETURN 
END 
SUBROUTINE SETUP(I,J) 
CUAMON /SWICtl/ ISWITCH(8) 
ISWITCH(1) = J 
RETURN 
END 


