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Abstract

The importance of spatial variability in ecology has been recognised from the beginnings of
ecology as a science. It has also been virtually ignored in ecological analyses, especially in
classical population dynamics models. Recent advances in computational power and remote
sensing capabilities have enabled the study of spatial variation at larger scales. I review the
development of spatially explicit models over the last several years. The range of approaches
and applications is enorrnous, but one clear gap does appear. There are no models that
incorporate continuous variation in habitat quality for a species. Many models allow for
habitalnon-habitat patches on a range of scales. Some population viability analysis models
allow for patches to have different qualities. But no model allows for within patch, between
territory variation in habitat quality. It is at this scale that I concentrate my efforts in this
thesis.

In Chapter 2, I develop a spatially explicit, individual based simulation of two arboreal
marsupials, based on data provided by David Lindenmayer of ANU. I calculate a fractal
landscape, the height of which represents a "habitat variable". The habitat variable influences
either annual survival rates or fecundity. I develop a range ofpossible localised dispersal
strategies for juveniles, ranging from a random walk through to a complete habitat selector.
Average population size varies inversely with the strength of habitat selection behaviour,
contravening intuition about the value of habitat selection behaviour. This effect arises
through competition for territorial vacancies leading to increased mortality during juvenile
dispersal. Habitat selectors tend to spend more time dispersing because their initial directions
of movement take them into regions of the landscape that are more crowded. This is especially
true on "smooth" landscapes with low fractal dimensions and little interspersion of good and
bad habitat.

Wildlife managers often rely on correlations between density or presence/absence and features
of the landscape to identify good habitat. In Chapter 3, I sample the landscape model of
Chapter 2 with a "Virtual Ecologist" at the home range scale, and subject the resulting data to
logistic regression. The habitat quality variable is a good predictor of the presence of the
species by standard measures. However, it is not possible to explain all of the variation in
territory occupancy by reference to the quality of the habitat. Demographic stochasticity
interacts with localised dispersal mechanisms to produce territories that are vacated (by death)
and not recolonised immediately. Furthermore, competition for territories means that
individuals are often found in poorer quality habitat. The degree of "interspersion" on the
landscape is the biggest influence on the quality of the model, with landscapes with a high
fractal dimension yielding regression models that are poor predictors. The second conclusion
from this work is that a correlation between presence/absence and a habitat variable does not
provide information about survival or fecundity rates, but does provide information about the
probability that an empty territory of that quality will be reoccupied.

Sleepy lizards are the primary host of an ixodid tïck,Aponomma hydrosauri.In chapter 4 I
explore 15 years of data on tick abundances donated by Prof. C. M. Bull looking for evidence
of density dependent population regulation at multiple spatial scales. Tick populations have
increased over the period of the study. There is no evidence of density dependence in the time
series. Measurements of engorgement success by larval ticks in the lab does show a decrease
with density, but only at densities uncoÍrmon in the field. In Chapter 5 I develop an individual
based, spatially explicit simulation of tick populations on sleepy lizards, and consider the
impact on population dynamics of introducing spatial and temporal variability at different
levels from individual stochasticity up to extrinsic weather and habitat variation. The primary
goal is to see if variability at the individual level leads to "emergent", density independent
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population regulation. Introducing spatial and temporal variation reduces average growth
rates, There is no evidence of "emergent" density independent population regulation. The
virtual ecologist in this model demonstrates that counting ticks on lizards is a poor indicator
of total tick abundance on the landscape. In chapter 6 I generate predictions for a landscape

scale "pulse" experiment that will test some of the components of the model.

In Chapter 7 I analyse a spatially and temporally extensive data set of mark-recapture records

of Sleepy Lizards (Tiliqua rugosa), collected over 15 years by C.M. Bull of Flinders
University. I look for characteristic scales of variation in population numbers using a two
techniques suggested in the literature. Lizard population numbers are most variable at scales

of less than 3 km, but most of the suggested analysis techniques are shown to have severe

problems.

In conclusion, the virtual ecologist is a useful method for linking the output of spatially
explicit population models to reality. In the future, such an approach will be valuable for
improving the design of field research on spatially complex landscapes.
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Sasha's contributions

The following excerpts were contributed by my two year old son. The concise eloquence and

sparse language were an inspiration.

Within a single day, the model processes several steps in the following order: ticks board
lizards, lizards move between refuges, engorged ticks disembark from lizards, and ticks
develop. I will now consider each of these steps in more detail. xfxxxzz

cxzzza lN

Lubchenco et al. (1991) list dispersal as one ofthe "intellectual frontiers" of ecology,
hhhhhhhucasl; I 34 cxvh ppppppppppppppOlOihighlighting thjjjjjjjjjjjjj

runnunnnnnnnnnnnnnlgvgggggggggggggggeggggggggggggggggggegegs6í444yyyrrrrrrrrrrrn
ffixcfrxxcrxx lTr

e need for further
analytical and empirical work in this area.
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Chapter 1 General lntroduction

"For mathematical elegance the first generation of spatially explicit models has

asked what dynamics and patterns arise in uniþrm environments, now we need to

ask how habitat heterogeneity alters these patterns."

Peter Kareiva and Uno Wennergren (1995)

lntroduction
One of the most salient features of any landscape is variation in space. Moving across a

landscape leads to observations of changes. On a sufficiently long timescale, variation in time

also becomes apparent. Searching for explanations of this variation, for the underlying

mechanisms, is what basic ecological research is about. The domain of applied ecology is

understanding the cônsequences of spatial and temporal variation for achieving specific

objectives within landscapes modif,red by humans. These objectives range from maximising
productivity of a particular trophic level, as in agriculture or fisheries, to minimising the loss

of biodiversity in a region. V/ithout an understanding of the sources of variation in ecological

parameters, both basic and applied ecology will suffer. Moreover, because variation is a

function of the scale at which it is observed (Allen & Starr, 1982), it is critical to develop an

understanding of the influence of observation scale on ecological variability. The theme of an

interaction between an ecological process and the process of observing the ecological process

will recur throughout this thesis.

In this first chapter I intend to set the context for the remainder of the thesis, rather than

provide an introduction in the sense of an introduction for a paper. I will initially discuss my
view of the different sources of variability in population ecology. Then I will review a
representative sample of spatially explicit models published between 1990 and 1996. Finally, I
will outline the structure and motivation of the remainder of the thesis.

The first source of spatial and temporal variation in ecological processes is the obvious one,

and it has been primarily the concern of empirical ecologists. This is variation imposed by
variation in abiotic factors: soil type, salinity, moisture, slope, elevation, latitude, rainfall,
average temperature. This list of examples is not exhaustive, and there are clearly correlations

between them, as well as feedbacks from many biotic features. For example, the degree of
salinity in the root zone is influenced by both the degree of rainfall (or inigation), and the

proportion of cover provided by large trees.

Spatial variation of this kind is often dramatic; a good example are the samphire (Sarcocornia

quinqueflora) flats around salt lakes in Australia. Samphire is tolerant of high salinity, and so

exclusively occupies the region immediately around the lake. As the land rises away from the

lake samphire is abruptly replaced by other shrubs, and then mallee eucalypts as the salinity
near the surface decreases. In other cases, the variability is more subtle. The probability that

any particular hectare within the Ada forest block in the central highlands of Victoria,
Australia, is occupied by a greater glider is a non-linea¡ function of the number of hollow
bearing trees, and the density of acacia trees which provide its food (Figure3.1). It comes as

no surprise that most of the work on this sort of variability has been done on plants (eg. Austin
et al., 1990). The sessile nature of plants means that they respond strongly to the conditions in
the immediate vicinity of where they are observed. The greater mobility of animals means that

they can frequently be observed in areas away from the abiotic and biotic factors that sustain

them, making the detection of the appropriate correlations difficult. The second reason is that
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animals are at least one trophic level removed from abiotic factors such as soil nutrients,

salinity, and moisture that are crucial for plants.

The second source of variation has only recently come to light, and has been primarily the

domain of theoreticians and modellers. This variation can arise in the absence of variability
imposed by abiotic factors, and is endogenously generated by the local nature of movement

and interactions between organisms. In a landscape entirely devoid of variation, a simulated
population of greater gliders (Petauroides volans) forms patches and clumps simply as a result

of the restriction that juveniles disperse step-by-step, and dispersal is risky (Figure 7.2). This
spatial pattern is exceptionally dynamic in time, despite the absence of any fluctuation in the

population as a whole. Similar results have been found for simulated predator prey systems

(De Roos et al., 1991), host-parasite systems (Comins et al., 1992), disease dynamics (Hood,

1997), systems of competing corals (Johnson, 1997), and single populations suffering
disturbance (Levin & Buttel, 1986; Green, 1989). Recently, empirical evidence supporting the

formation of self-organised patterns in populations has come to light in host-parasitoid
systems (Maron & Harrison, L997), and predator-prey population cycles (Ranta et al., 1997).

These two different sources of variability can be referred to as exogenous (generated by
factors outside the organism), and endogenous (generated by factors internal to the

organism/population). Despite the fact that they have been studied in complete isolation from
one another, in real systems both operate simultaneously. Exogenous variability is a fact; it
cannot be avoided or ignored - all organisms must deal with it. However, what appears as

critical variation to one organism, may not matter at all to another. The spatial variability in
salinity that opens a niche for samphire in the mallee represents only temporary variation in
food availability for a group of emus (Dromaius novaehollandiae) walking across the lake.

The exogenous variation that matters to the emus occurs at much larger scales. The
significance of such exogenous variation has been little explored in spatial models of
population dynamics.

Likewise, ecologists studying the effects of exogenous variation have ignored the potential

influence that endogenous variation can play. Within regions that are relatively uniform, such

as the samphire flat, there may be many organisms that live out their entire lives confined to

that one region. An ecologist studying the population dynamics of an insect living here

considers the variability from one quadrat to another to be "noise". However, this "noise" may

be generated in part by spatial processes that can be understood. Even at scales where

exogenous variation is significant for a species, endogenously generated variability is

overlaid. The consequences of this interaction are almost completely unstudied. Empirical
ecologists have largely ignored the endogenous variation, and theoretical ecologists have

largely ignored the exogenous variation, or reduced it to a very simple view - patches of
good habitat in a sea of bad habitat.

There are exceptions to this final generalisation. Many recent population viability analysis

models have incorporated variability in population parameters among different patches (Day

& Possingham, 1995;McCarthy, 1996). However, by averaging the density of individuals
within patches, these models have removed much of the endogenously generated variability
considered above. Essentially, by rendering the system at the level of patches, these models

have reduced the number of connections between elements, and thereby reduced the

"complexity" sensu Green (1997). A new level of variability is possible here; the spatial

correlation of occupancy of patches.

The realisation that some models incorporate exogenous variability at different scales raises

the question of which scale is appropriate to model a system. This question is frequently
ignored, but it is crucial if the insights derived from general models of spatial processes

(Durrett & Levin, 1994) are to be applied in real ecosystems. Cellular automata (CA) models
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in particular assume that each fundamental spatial unit, or cell, can be in a limited number of
states. Often this is reduced to occupied or not, Clearly, the scale of these units is important

for understanding the processes. Does each cell represent a home range, or an entire patch? If
the former, than changes from occupied to unoccupied represent mortality of individuals, and

the reverse state change a combination of birth and dispersal. If the cells represent entire

patches, then a newly unoccupied cell arises from a population level process of extinction.

Colonisation of empty patches is still a process of birth and dispersal, but now aggregated

over a larger range.

The literature prior to 1990 on both theoretical and empirical efforts to understand spatial

ecology has been summarised by Kareiva (1990). Kareiva and Wennergren (1995) have also

attempted to extract some principles for conservation biology from more recent models. For

the remainder of this chapter, I will review a representative sample of spatially explicit models

in ecology published between 1990 and 1996, and try to identify gaps in the methods and

topics covered that could be usefully exploited in this thesis.

Spatially Explicit Population Models

Okubo (1980), in his classic text on reaction diffusion models in ecology, split models into

two sorts: educational and practical. Educational models make simplifying assumptions to lay

bare the underlying mechanisms. Practical models attempt to incorporate enough reality to
answer specific questions. In this review I will show that the field of spatially explicit
population modelling has reached a stage where educational models should be just that: for
education. Future progress in ecology will come from practical models, addressing questions

about real populations.

Spatially explicit population models (SEPM) are characterised by the specification of a spatial

location for the units of interest in the model, whether those are individual organisms, patches

of habitat, or entire populations. This clearly distinguishes them from earlier models based on

differential or difference equations, such as the Lotka-Voltelra competition model (May,

1974), or the discrete logistic (May, 1975). These earlier models assumed that the populations

they described were homogenously mixing, and therefore all individuals in the population

experienced the same conditions. Early meta-population models (Levin, 1974; Gotelli &
Kelley, 1993), while they assumed that populations were subdivided, also assumed that the

component sub-populations were homogenously mixing. This within-patch "infinite

dispersal" assumption still persists in more recent analytical metapopulation models (Hanski

et al., 1996). The only way to relax this assumption of homogenous mixing is to describe the

location of individuals, populations, or at least regions of a particular density. This extra

demand dramatically increases the computational complexity of the models, and this is why

the development of spatially explicit population models has paralleled the development of
powerful, readily available digital computers.

Given the added complexity of these models, it could (and should) be asked why they are

useful or even necessary. Empirical ecologists, particularly those working on plants, have long

intuitively felt that spatial heterogeneity was a key factor driving patterns of distribution and

abundance. Ka¡eiva (1990) considered the notion to be so common as to be scarcely worth

mentioning. Cowles (1899) classic study of dune succession in Michigan highlighted the

importance of spatial interactions between species. Gleason (1926) also emphasised that the

spatial distribution of neighbours could influence the species present at a particular site. The

growth of individual oat plants depends on the spatial distribution of their neighbours

(Lindquist et al., 1994). Recruitment of marine fish onto tropical reefs is spatially variable,

and a primary determinant of reef fîsh population dynamics (Doherty & Fowler,1994).
Johnson etal. (1992) considered an understanding ofhow landscape pattern influences
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ecological processes to be crucial to the further development of ecology. Husband and Barrett
(1996), in a review of metapopulation studies of plants, emphasised that individual, spatially
explicit models were necessary because they could be parameterised for real plants, avoiding
the diff,rcult to measure colonisation and extinction parameters of classical metapopulations.
Doyle (1991) and Hughes (1996) both called for models of weed management systems to

account for spatial heterogeneity and spread. The need for SEPM has been around for a long
time, and now the tools to create them, and more importantly to understand and compare their
output with empirical data, exist.

SEPM do not constitute a homogenous group of models describing the locations of organisms

and their resulting dynamics. The diversity of models in this category is exceeded only by the

diversity of researchers constructing them; and not by much at that. SEPM vary in the way
they represent space, in the basic unit they model, and in the temporal and spatial resolution.
There are analytical SEPM, but the vast majority are computer simulations. They range in
reality from analytical models of stochastic point processes (Durrett & Levin, 1994) to
detailed descriptions of the foraging movements of a particular species on a particular
landscape (Turner et al., 1994). This immense diversity raises a further issue: can the effect of
spatial structure on the dynamics of a population be generalised?

I witl first describe the diversity of methods that have been employed in constructing SEPM.

Then I will examine the conclusions reached by general, or educational, models. Finally, I will
discuss the uses to which practical SEPM have been put, and the kinds of problems they might
usefully illuminate in the future.

A Diversity of Modelling Methodologies

I begin this section by describing several axes along which spatially explicit models can be

separated, along with examples of each sort. The sorts of axes that I consider include:

o Analytical versus Simulation models

o "General" versus system specific models

o Scale of spatial representation

. Basic biological unit modelled - individual, habitat patch, population

o Number of interacting species

V/ith these descriptions in hand I classify a large number of models to determine if there are

patterns in the way models are constructed. The goal is to highlight possible directions for
future research.

Spatially explicit models can be fundamentally divided by considering whether they have

closed form analytical solutions, or if they are numerical simulation models. Analytical
models generally take the form of reaction-diffusion equations, representing space in a
continuous fashion (eg. Cantrell et al., 1996). Day and Possingham (1995) have constructed

the only example of an analytical spatially explicit metapopulation model. V/ith an analytical
solution, the global behaviour of the model can be completely known. However, increasing
complexity makes achieving an analytic solution more difficult, or even impossible. For
example, Day and Possingham (1995) could find analytical solutions for patch configurations
with up to 9 patches, but increasing the number of patches beyond that requires simulation.
Given the difficulty of solving systems of reaction-diffusion equations, even these are

frequently solved numerically on a computer. Analytical spatially explicit models are

correspondingly rare in the literature, and all other models are computer simulations. While
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computer simulations loosen the limitations on model structure, it is frequently as difficult to

understand the results of a simulation as it is to understand the natural system being modelled.

Spatially explicit models can also be separated by examining whether a specific species or
group of species motivated the model. "General" models are often constructed without
reference to a particular organism in an attempt to derive ecological principles that apply to
many species (eg. Bartha et al., 1995; Wood & Thomas,1996).In some cases models are even

constructed without reference to nature. The authors of such artificial life systems (eg, Sipper,

1994; Olson & Sequeira, 1995; Laval, 1996) frequently claim that by creating alternate

"natures" in the computer they can discover general ecological or evolutionary principles. At
the other extreme, models are constructed that closely match the biology of a selected species

(eg. Moloney & Levin , 1996). Some models also incorporate actual landscape features (eg.

Akcakaya & Baur, 1996; Mason & Brandt, 1996),limiting the conclusions not only to the

species, but also to the particular landscape.

Spatially explicit models also vary in the way they represent space. Conceptually, spatial

variation can be either continuous or discrete. In practice, only an analytical reaction-diffusion
model can represent continuous space; all simulation models must necessarily break space

into discrete chunks at some scale. Distinguishing models based on continuity of spatial

representation overlaps with the Analytical/Simulation axis. A more useful classification is to
examine the scale, or resolution, at which the system is modelled. The scale is determined by
the area below which heterogeneity is assumed to be unimportant for the processes being
modelled, and should be considered relative to the organism in question. For animals, fine
grained models discretise space at scales smaller than the average foraging movement
distances of the organism (eg. Turner et al., 1994). Models with intermediate grain still
represent individuals, but only at the scale of an average home range (eg. McCarthy, 1996).

Coarse grained models represent space at scales larger than the foraging movement distances
of individuals, generally at the scale of a patch of habitat or larger (eg. Possingham & Davies,
1995). For plants, fine grained scales correspond to the size of an individual, while coarse

grained models average over areas larger than single individuals.

Another axis of variation is defined by the basic biological unit being modelled. The smallest

biological unit of interest in population ecology is the individual; Individual Based Models
(IBM; DeAngelis & Gross, l99l) are a class of models that overlap with SEPM. However,
IBM do not necessarily represent space; sometimes the age structure of individuals in the
population is the only rationale for following individuals. Likewise, SEPM do not necessarily
follow the fate of individual organisms. Metapopulation models generally take a population to
be the basic unit. These models also vary in the degree of detail that is modelled within each

unit. Some models (eg. Possingham & Davies, 1995) track the number of individuals in each

population or sub-population. Others (eg. Day & Possingham, 1995) only record the presence

or absence of the species in a particular habitat patch. This extreme version, variously called a
patch occupancy model, or presence/absence model, assumes that very strong density
dependence is operating within each habitat patch (Diekmann et al., 1988). To a certain

extent, this "biological unit" axis is not independent of the "spatial representation" axis

described above, because one will never find fine grained models where the population is the

basic unit of study, by definition. However, a coarse grained model that tracks individuals is
possible (eg. Hilborn, 1990).

Finally, one can distinguish between models that represent single species (eg. Hochberg et al.,

1994b), and multiple species models (eg. Halley et al., 1994). Multispecies models are

necessary to address the role of ecological interactions such as competition and predation on

the distribution of populations across landscapes.
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Given the degree of overlap between some of the axes above, I will concentrate on classifying

models along only three: GeneraUspecies Specific, Scale, and Number of species. The raw

data for this comparison comes from a computer search of Biological Abstracts from 1990 to

1996. Papers from concept categories in the "ecology-environmental biology" tree containing

the words "population", "model", and "spatial*", where the "*" indicates all possible endings,

were selected, giving over 600 references. The abstracts of these were examined to find the

papers pertaining directly to spatially explicit population models, resulting in a final dataset of
174 references (Table 1.1; Appendix A) to be classified along the three axes described above.

This by no means is all spatially explicit models published since 1990, but it is probably a

representative sample.

Table 1.1 Summary of SEPM classification ignoring scale. Numbers in the table are

counts of references. For detailed citations see Appendix.

Tonie
Tvoe # S es Persistence Soread Stabilitv Other

General Multi
General Single

4
I
2

21

23 16
4817
8220

12226
Specific
Specific

Multi
Sinqle

During the classification process, 3 areas of ecological inquiry appeared to dominate the

literature on SEPM:

o Rate of spread of invading populations or disease (24 References)

. Stability of interacting populations, especially host-parasitoid (35 References)

o Effect of habitat fragmentation, disturbance, etc. on species persistence (35 References)

The most interesting pattern is the shift from general models of stability to specific models of
persistence. Okubo (1980) referred to general models as "educational"; that is, they were

useful as tools to learn about the methods, and to explore logical possibilities. The topic of
stability is the exploration of long term, asymptotic behaviours of dynamical models. The shift
away from this issue in specific models suggests that stability as a topic of immediate interest

to empirical ecologists is not particularly interesting, or possibly intractable. Persistence, or

the analysis of times to extinction, is a topic that is simpler to grasp theoretically and

empirically, and is also pertinent to problems facing decision makers all over the world.

The remainingTg references were classified as "other"; Table 1.2 lists a selection of the topics

addressed in this category.

f these, the most interesting is the use of spatially explicit models to test statistical methods or

sampling protocols. Empirical ecologists frequently need to decide how to sample a

population parameter, or how to test a hypothesis on a set of data. By examining the

performance of statistical tests on data from spatially explicit simulations, the ability of the

test to deal with biologically realistic data can be readily evaluated. I call this method the

"virtual ecologist", and will return to it throughout this thesis. Hartway et al. (1998) describe

this approach as the most promising contribution to conservation ecology that can be made by

SEPM, given the scarcity of data available.

Conclusions of general SEPM

As mentioned in the previous section, general or "educational" models have not always

directly overlapped with the interests of ecologists at large. But have they lead to interesting or
useful general conclusions, applicable to a broad range of species? I will consider each of the
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Table 1.2 Sample of "other" topics found while classifying SEPMs.

Topic Example Citation

Community Structure

Ecosystem Dynamics

Disturbance pattern

Evolution of Behaviour

Formation of spatial heterogeneity

Genetic Structure of Populations

Fisheries, Pest, or Forest Management

Testing Statistical Methodology

Fahrig et al. 1994

Baretta et al. 1995

Baker 1993

Bernstein et al. 1991

Cain et al. 1995

Goldstein and Holsinger 1992

Hoy et al. 1990

Thomas 1996

three main topics identified above in turn: Spread of species, Stability of population dynamics,
and Persistence of populations.

Spread of species
Measuring the rate of spread of an invading population is one of the earliest uses to which
spatially explicit models were put (Skellam, 1951). Introducing an Allee effect into the
population dynamics slows down the rate of spread (Lewis & Kareiva, 1993). V/hen the

landscape is fragmented into patches, the degree to which they are aggregated, relative to the

dispersal ability of the species, influences the likelihood of an empty patch being colonised
(Doak et al., 1992). Other efforts to connect readily available empirical data such as maps of
disease outbreaks (Gibson & Austin, 1996), and life history traits (Van Den Bosch et al.,

1990) with spread models are laudable, and necessary. From the frequency of general versus

specific spread models (Table 1.1) it would appear that this group of models has successfully
made the shift from "educational" to "practical".

Stability of Population Dynam¡cs

Theoretical ecologists have been fascinated by the question of the stability of population
numbers from the earliest attempts to describe population dynamics. This arises from the fact
that analytic predictions of long term average population sizes are generally derived via
asymptotic stability analysis of the solutions to a set of deterministic equations. If the only
stable solution to a set of equations is extinction, then a problem arises if the model is to
explain the long term persistence of populations of interacting species. For example,

Nicholson and Bailey (1935) derived a set of equations for interacting host and parasitoid
populations where rapid extinction was the only outcome. This single paper has sparked more

theoretical effort than any other, only to find ways of obtaining stable solutions to the

problem. General SEPM models have been at the recent forefront of these efforts. I will
review the results of some of these models, starting with single species on homogenous

landscapes, and progressing through multiple interacting species and heterogenous landscapes.

Skellam (1951) showed that a logistically growing population in a homogenous, bounded
space would tend to a spatially uniform stable abundance. Ruxton (1996) examined the
interaction between density dependence in local populations and dispersal rates on the
likelihood of persistence. 'When local density dependence is low, increased dispersal decreases
persistence by inducing synchrony amongst subpopulations; this effect disappears at high
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levels of density dependence because subpopulations fluctuate chaotically. Bascompte and

Solé (1994) analysed a system of coupled discrete time population models with dispersal

limited to neighbouring populations. They showed that increasing dispersal rates relative to a

particular size of spatial domain increased the likelihood of stable equilibria. Molofsky (1994)

showed a similar effect with simple cellular automata; low dispersal rates or large spatial

domains lead to chaos. Logistically growing populations on heterogenous habitats have also

been considered by Andersen (1991) and Cantrell and Cosner (1991); the general conclusion

is that chaos is more likely when populations are widely distributed relative to their dispersal

rates. However, Solé and Valls (1992) were unable to distinguish such spatially distributed

chaos from random fluctuations, suggesting that the practical significance of such results is

limited.

There is an extremely interesting simulation model of a predator-prey interaction in
homogenous space created by Wilson, de Roos, and McCauley (De Roos et al., 1991;

McCauley et al., 1993;'Wilson et al., 1993; Wilson et al., 1995). They created an individual
based model designed to correspond closely to the biological representation of a diffusive
Lotka-Volterra predator-prey model. The diffusive L-V model in a finite space has been

shown to be spatially homogenous in the long term (Okubo, 1980); ie. local perturbations die

out. Putting this into a fine grain, individual formulation showed that long term spatial

inhomogeneity did not die out, but was maintained. The greater the prey dispersal relative to

the predator dispersal, the "patchier" the spatial distribution of prey becomes. They suggest

that such a phenomenon could have been expected for individual dynamics in ecology; similar
scale-dependent changes in theoretical constructs occur in physics as one changes from
averaging behaviour of many objects to describing the behaviour of individuals
(Thermodynamics becomes statistical mechanics becomes quantum mechanics). This effect
appears in the simulation model used in Chapter 7 of this thesis.

Spontaneous spatial heterogeneity in interacting populations in the absence of environmental
heterogeneity has also occurred in other models. Hassell et al. (1991; 1994) and Comins et al.

(Comins et al., 1992) have demonstrated considerable structural complexity can arise in maps

of host-parasitoid populations when movement between neighbouring populations is density

independent. As for single species populations, when host dispersal rates are low, chaos is the

result. Malchow (1995) demonstrates diffusive instabilities for 3-dimensional uniform space

when the habitat is flowing (ie. for planktonic organisms) or when the consumers can move in
relation to prey density. Lewis (1994) shows a similar result for terrestrial herbivores that
respond to herbivory induced changes in plant quality. Making the landscape heterogenous

only enhances the effect of spatial interactions (Mclaughlin & Roughgarden, 1991;

Mclaughlin & Roughgarden, 1992).

Competitive interactions are also qualitatively affected by putting the populations on a

heterogenous environment. In general, the ability of species to co-exist is increased by
landscape heterogeneity (eg. Czaran,1989; Goldwasser et al., 1994). Bowers and Harris
(1994) examined the effect of fragmenting habitat, and showed that it could shift the

competitive balance from locally adapted specialist species to generalists. For plants at least,

the effect of spatial heterogeneity may disappear when competition is asymmetrical (Hara &
Wyszomirski, 1994).

Persistence
Persistence is really a subcategory of stability; the question is how long before the population
goes extinct, rather than the long term average dynamic behaviour. The question of extinction
really arises only when one considers that population dynamics is fundamentally a stochastic
process. Deterministic models are misleading in this regard, as the long term average
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behaviour predicted from such a model may never approach extinction. Under the

corresponding stochastic model however, the long term probability of extinction is always
greater than 0, regardless of the population growth rate (Mangel & Tier, 1994).

As can be seen in Table 1.1, persistence has primarily been an applied question. There are a

few general models that have provided some useful insights. For example, Adler and

Nuernberger (1994) find that if dispersal is costly, persistence is enhanced if otherwise
identical patches are clumped together. Scale is important here, as the distance at which
patches are "clumped together" depends on a speciesl mean dispersal distance (Fahrig &
Paloheimo, 1988). In the temporal dimension, Fahrig (1992) tested the effect of variation in
the duration and size of ephemeral patches on the global size of a simulated population.
Increased temporal duration of patches had a bigger effect on population size than patch size.

Durrett and Levin (1994) review some general mathematical results of "interacting particle
systems" with an eye towards understanding the persistence of populations distributed in
space. They show how some analytical results can be obtained for stochastic models with
strictly local interactions on a homogenous landscape and other restrictive assumptions. These

analytical results are a potential source of shortcuts for simulation models, and useful as

baseline comparisons for simulation models.

Applied Spatially Explicit Population Models

Having described the sorts of conclusions reached by general SEPM I will now turn to their
practical counterparts. The focus here will be on comparing their results with those of the
general models, to determine if the general models can provide insight.

Spread of species
Models of the spread of individuals have been parameterised to address questions of
biological control for specific species such as balsam wooly adelgid (Dale et al., I99l), bovine
Tb (Barlow, 1993; V/hite & Harris, 1995), crown of thorns starfish (Black & Moran, 1991),

grey squirrel (Okubo et al., 1989), mountain pine beetle (Polymenopoulos & Long, 1990), old
world screwworn (Atzeni et al., 1994), rabies in foxes (Smith & Harris, l99I; Munay &
Seward, 1992), and russian wheat aphid (Schotzk & Knudsen, L992). Fisheries modellers are

also interested in questions of spread, and in understanding how fish stocks move between
a¡eas with different control measures. Examples include demersal fishes in Europe (Arnold &
Holford, 1995), estuarine fishes in Mexico (Reyes et al., 1994), and yellowfin tuna (Mullen,
1989; Deriso et al., 1991). It can only be concluded that spread models have reached the point
at which they can and are applied in a wide range of practical settings. Many of these models
rely on diffusion approximations, often discretised to some particular grid scale. One fruitful
avenue for future "educational" models is the examination of conditions under which
diffusion approximations may break down for individual organisms.

Stability of Population Dynam¡cs

The few models classified in this category can at best be described as models of population
dynamics incorporating a large amount of detail on a specific species with no apparent
purpose (see Chapter 5 for a paradigmatic example).

Persistence
Persistence models of specific species are probably the only example of a growth industry in
theoretical ecology. There are even commercial software packages for the analysis of
persistence on spatially explicit landscapes (Lindenmayer et al., 1995a). These models do not
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lend themselves to generalisations, because of the specific assumptions contained therein.

However, these models are being used in decision making at the government level, a

distinction achieved by none of the general models'

Conclusions
Spatially explicit models are in their relative infancy in the fields of stability and persistence.

Nonetheless, at least in the study of persistence times they are widely used for practical

applications. In the field of population spread or invasion, spatially explicit models seem to

have matured and are being widely used in practical applications. Comparisons of general and

specific models in all of these fields indicates a need to understand the conditions under which
averaging over individuals, or averaging over space, or both will not lead to qualitatively
different conclusions.

In this thesis I will use spatially explicit models and computer intensive analysis for two main

pulposes. First, I seek to understand how processes acting at the individual level scale up to

population dynamics when processes are variable in space. Second,I am interested in how

ecologists sampling this variability will perceive it, and what that means for drawing

conclusions from the often limited data available to ecologists.

In chapter 2, I develop an individual based model of arboreal marsupials, and consider how

different natal dispersal strategies influence the long term population dynamics. In chapter 3 I
use this arboreal marsupial model to evaluate the common practice of correlating
presence/absence data for a species with habitat characteristics in order to identify "good"
habitat. In chapter 4, I explore a spatially and temporally extensive data set of infestations of
an ectoparasitic tick on large lizards for evidence of density dependent population regulation

at a variety of scales. In chapter 5, I develop an individual based simulation of the tick
population to see if "emergent" properties of the complex spatiotemporal interaction between

ticks and their host lizards can lead to population regulation in the absence of obvious

mechanisms. In chapter 6 I make a series of predictions for a proposed landscape scale

experiment designed to test the model of chapter 5 in the field. Finally, chapter 7 returns to the

data set of chapter 4, and looks at the change in population variability with observation scale

for the host lizards.

The quote from Peter Kareiva and Uno Vy'ennergren that begins this chapter is easily the best

one line summary of half my motivation for the papers in this thesis. The other half stems

from an interest in questions of scale, and how the scale of observation interacts with scales of
heterogeneity and dynamics to produce observed patterns. These are broad questions, on

which entire books have been written. I cannot hope to cover these topics adequately within
this thesis, but I hope that it represents a beginning.
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Chapter 2 Modelling dispersal behaviour on a fractal landscape

lntroduction
Many organisms do not move far as adults (Wolfenbarger,1946).In the extreme, entirely
sessile animals, like barnacles, are permanently fixed to their substrate. Many mobile animals

also limit their movements as adults, restricting long range dispersal to new habitats to the
juvenile phase of life. Natal dispersal is crucial to the lifetime reproductive success of an

individual, because the location juveniles choose determines, at least in part, how well they

can grow and reproduce for the rest of their lives. Despite the importance of this behaviour for
population persistence, very little is known about how juvenile organisms disperse and choose

new habitats (Stenseth & Lidicker Jr.,1992; Haas, 1995). Knowledge of dispersal

performance is crucial to understanding biological invasions (Shigesada et al., 1995), and

population responses to disturbances (Green, 1989), especially on structured landscapes.

I construct a spatially explicit population model to explore the population consequences of
different dispersal strategies on landscapes with continuous variability in habitat quality. The
central focus of this chapter is on variation in the total abundance of individuals on a
landscape. On a heterogenous landscape some regions provide above average survival or
fecundity, and others below average. Does this variation influence population size, and does it
matter how the different regions are ananged in space? Does the strategy used by individuals
during natal dispersal influence population size? And finally, what are the individual level
consequences in terms of mortality and fecundity that lead to variations in population size?

It is important to distinguish between movements at different temporal and spatial scales. At
the finest scales, mobile species move on a daily basis to forage, avoid predators, defend

territories, find mates, and care for offspring. This sort of movement has been modelled as a

diffusion process (Skellam, 1951), correlated random walks (Kareiva & Shigesada, 1983;

Marsh & Jones, 1988), and by detailed simulation (eg. Jones, 1977). At larger scales, many

species undertake large periodic migrations between seasonal habitats that can best meet their
needs at different times (Keast, 1968; Stenseth & Lidicker Jr.,1992). Migrations generally
occur along well-defined routes between large regions, and the modelling of the development
of such routes is primarily an evolutionary question over very long time scales. This paper is

concerned with natal dispersal, defined as dispersal from the natal home range to a new

location which forms the adult home range. Such movements are not incompatible with
migration or daily movements, but occur at intermediate temporal and spatial scales.

However, because natal dispersal occurs infrequently (ie. once in a lifetime), and is relatively
large in scale, empirical data are scarce. Lubchenco et al. (1991) list dispersal as one of the
"intellectual frontiers" of ecology, highlighting the need for further analytical and empirical
work in this area. Furthermore, Hartway et al. (1998) have demonstrated that errors in
estimating dispersal parameters propagate through the predictions of a spatially explicit model
to a greater extent that nearly any other parameter.

From the point of view of a juvenile terrestrial vertebrate about to disperse from a natal

territory, the location of good quality, unoccupied habitat is unknown. There are two key
decisions a dispersing individual must make: in which direction to disperse, and, upon finding
an unoccupied site, should the search stop, or is there better quality habitat available? This is a
particular instance of a more general problem in operations research, the 'Job search problem"
(Lippman & McCall, 1977).In ecology, the job sea¡ch problem has also been used as a model
of mate choice (Real, 1991). Most work on the job search problem has ignored the first
question, which direction to search in, by assuming that the quality of each job, mate, or home
range is independent of the quality of previously encountered possibilities. However, the
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quality of real landscapes is spatially correlated; if the current territory is good, the
neighbouring territories are more likely to be good than bad. When a disperser moves across

such a landscape step-by-step, as in the model described in this chapter, the quality of
subsequent encounters with home ranges is not independent. Furthermore, the direction of
movement may influence whether the next unoccupied territory encountered is better or worse
than the previous one. Therefore, in the model I construct here I assume a simple stopping
rule, and concentrate on the problem of choosing the direction to search in.

Determining the direction a dispersing individual searches depends on the scale at which it
can perceive information about the landscape. At one extreme, individuals may know nothing
about the landscape beyond their immediate location (eg. Baur & Baur, 1993). In this case,

any direction is as good a place to start as any other. At the other extreme, an animal may be
able to perceive large areas of the landscape (eg. large, wide ranging raptors). For the purposes

of this paper, the analysis is restricted to terrestrial vertebrates who move step-by-step across a

landscape. The ecological neighbourhood (Addicott et al., 1987) that determines the scale of
this model is a large fraction (say 95Vo) of the area within which daily resource needs are met;
I refer to this as the home range size. I assume that the model individuals can only obtain
information about the quality of home ranges immediately next to their current location.

Previous empirical work on dispersal in terrestrial vertebrates (V/olfenbargeÍ,1946;
McCarthy, !997) has generally assumed that dispersal occurs in a straight line. If dispersal
terminates at the first vacancy, and vacancies are randomly distributed, this leads to a negative
exponential distribution of dispersal distances. Straighrline dispersal is frequently
implemented in patch based metapopulation models (Possingham et al.,l994a; McCarthy,
t996). The opposite extreme is to assume that individuals have perfect knowledge of the
nearest vacancy. This is also unrealistic.

A dispersal strategy will have ecological consequences at two different levels. First, it will
influence the lifetime reproductive output of each individual, because home range quality
determines fecundity and survival as a reproductive adult. Second, it will influence the
distribution of the population across the landscape, and consequently the total size of the
population. The life history of a species may influence the consequences of different dispersal
strategies. Therefore, I parameterise the model for two species of Australian arboreal
marsupials, the greater glider (Petauroides volans), and the mountain brushtail possum
(Trichosurus caninus), which differ in their reproductive and survival rates.

The purpose of this chapter is to explore the interaction between individual level dispersal
strategies and continuously variable landscapes. First, I look at the long term population sizes
("quasi-equilibrium") that result from a range of possible dispersal strategies, on landscapes

with two different levels of heterogeneity. Then I explore the individual level causes of
variation in quasi-equilibrium population size under different dispersal strategies.

The Species and their ecosystem
To explore the central questions of this chapter I use two different mammal species as

"model" species. Here the life-history of the species is briefly described along with the
ecosystem in which they live. Tall eucalypt forests in south eastern Australia are inhabited by
several arboreal marsupial species. Many of these are of conservation concern, because their
habitats are threatened by timber harvesting. I chose to model two species, the greater glider
(GG, Petauroides volans), and the mountain brushtail possum (MBP, Trichosurus caninus),
because I have access to life history data, habitat requirements, and model parameters from
other studies (Table 2.1). MBP are omnivorous, may sometimes forage on the ground (How,
1983), and prefer wet forests, GG are entirely folivorous, consuming predominantly eucalypt
leaves (Hume et al., 1984), and prefer tall open forest. Both species have patchy distributions
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in otherwise contiguous forest (Lindenmayer et al., 1990), indicative of habitat quality
variation and/or demographic stochasticity. Females of both species are solitary occupants of
their territory, although female MBP may share their territory with a male (Lindenmayer,
1997). GG have higher I't year survival and greater fecundity, while MBP have higher
juvenile and adult survival. GG mature after one year as a juvenile, while MBP spend 3 years

as juveniles after dispersing.

Table 2.1 Baseline life history parameters for the greater glider (Possingham et al.,
1994a) and mountain brushtail possum (D.B.Lindenmayer, Personal Communication).
Parameters foi each species are presented as stage-structured projection matrices
(Caswell, 1989). Fecundity is in the top row, and is the probability that a given stage
produces a female offspring each year. Survival is in the subdiagonal entries, and is the
probabilities of surviving to the next year. The value in the bottom right corner is the
probability of surviving from year to year as an adult.D is the probability of surviving
dispersal, and is given in the text. For GG the exponential population growth rate,
calculated as the leading eigenvalue of the matrix, is 1.057, and for MBP it is 1.027 ,

assuming D = 1.0.

GG N Jl A MBP NJlJ2J3A
0

0.55D

0 0.49 0000.40

0.3D

0.8s 0.85 0.85

0.9

0.95 0.9s

The Model
The model was individual based, tracking the location and life history state of all females in
the population at one year intervals. I ignored males in this implementation for simplicity and

because they do not contribute individually to population growth in these species. The basic
spatial unit was a female home range. All runs of the model were performed on a33 x 33 grid
of home ranges, using a 6-cell hexagonal neighbourhood. There were 4 important components
to the model: the landscape of continuously variable habitat quality, the population of
individuals, the connection between habitat quality and vital rates (survival and fecundity) of
individuals, and the dispersal rules used by individuals to move around on the landscape. I
describe each of these compone¡ts in turn.

In cellular automata models, the cells that can be influenced by the state of a particular cell are

referred to as the neighbourhood. In this model, the neighbourhood was defined as the cells
which an individual could reach in a single dispersal step. In theory, the geometry of the
neighbourhood does not influence the outcome of cellular automata models (Dunett & Levin,
1994), as long as suitable weighting functions are chosen for the probabilities of movement
between cells. I chose a hexagonal neighbourhood to provide the widest range of directional
choices with equal intercell distances, obviating the need for weighting movement
probabilities. I tested 4-cell von Neumann (Tyre et al., 1997), and 8-cell Moore
neighbourhoods, and the results are not significantly different. The landscape was

implemented as a single dimensional anay, with offset kernels constructed in advance to
allow the landscape to be accessed as either an orthogonal or hexagonal grid. Each offset
kernel was an array containing information about how far to move up or down the array to
move in a given direction. Moving up one row of the landscape translated to moving up the
anay by the width of the landscape and so on. For hexagonal grids, whether the current row
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was odd or even affects the kind of shift required for between row movement. Retrieving
information about a neighbouring territory involved three steps: 1) determining whether the
current territory is on an edge and whether the row is odd or even, 2) choosing a direction, and

3) using the offset kemel to determine how far up or down the array the desired territory
occurs.

Each home range on the landscape has an associated habitat quality. I wanted random
landscapes with controllable amounts of spatial autocorrelation. Fractal surfaces can be
constructed with a mid-point displacement algorithm (Saupe, 1988). This creates a surface
with a specific fractal dimension, I/. I used either H = 2.9 or 2.5. The higher the fractal
dimension, the more "fragmented" the landscape, with high quality home ranges split into a

larger number of smaller patches, and increased interspersion of poor quality habitat 'with high
quality habitat (Figure 2.1). This corresponds to less spatial autocorrelation. An example of a
high dimension habitat variable is the number of hollow bearing trees (Lindenmayer et al.,

1990). Landscape processes lead to trees occurring in clusters. Slope or soil type are examples

of lower dimensional habitat va¡iables. The range of floating point values output by the

fractal algorithm were linearly scaled to the integer range 0-100. Distributions of habitat
quality generated with higher fractal dimensions are compressed more under this
transformation. This is because the range of floating point values is larger at larger fractal
dimensions. I ignored the slight error on odd rows of the landscape grid resulting from
converting the square grid output by the fractal algorithm to the hexagonal grid used in the
model. This shift is unlikely to substantially influence the results.

A

Figure 2.1 Example fractal landscapes. Each cell is a territory. White cells are the

lOTo poorest cells, Black the lÙVo best (ie. the portion of the landscape above p).
Other contour breaks are at 307o,50%o, and7ÙVo. A) H - 2.9.8) H =2.5.

The population was implemented as a singly linked list of individuals. There were three

different processes occurring within a year: birth, natal dispersal, and death (Figure2.2).

Within ayear, all individuals were checked sequentially to determine if they gave birth.
Newborn animals were placed in a dispersal queue. The order of newborns in the queue was

the same as the order of their mothers in the population list. The dispersal step followed birth,
with individuals being removed from the queue and allowed to move until they settled. After
settling, every individual in the population was aged by one year, and checked for normal
mortality.

B
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Figure 2.2 Flowchart of basic model processes. The main loop is on the right, with the
dispersal loop on the left.

During dispersal there was a per step probability of dying, which means that the probability of
surviving dispersal was:

D = (I- d)" ( 2'l)

where d was the per step probability of mortality (d = 0.01 for all runs), andn was the number
of steps taken before settling. Note that n will be different for every individual. It will also

depend on the local density of individuals, because in crowded conditions unoccupied
territories will be rarer (McCarthy, t997). This was the only point at which density
dependence entered the model. There is empirical evidence that dispersing or translocated
individuals suffer higher rates of mortality (Pietsch, 1995). The specific movement algorithms
I used are described below. Dispersing individuals settle only in unoccupied tenitories under
the assumption that older individuals (ie. dispersers from previous years) were able to repel
inexperienced territorial invaders without significant cost to themselves. If a cell was occupied
by a disperser from an earlier position in the queue, the resulting territorial dispute was settled
randomly, with neither individual having an advantage (50Vo win/loss). The loser goes back
into the dispersal queue to continue dispersing from the disputed location.

It was possible that resolving birth, dispersal, and mortality events sequentially, rather than
simultaneously, introduced a bias towards individuals at either end of the queue. The initial
order of individuals in the linked list was not important, because individuals were distributed
at random on the landscape. Individuals only interact with each other during the dispersal
phase. I tested the effect of initial position within the dispersal queue, and found no systematic
bias in the final quality of habitat located, or the number of times a territorial dispute occurred.
Bias would only occur if the first individual to settle in an unoccupied territory had an

advantage over later arriving individuals. This may occur in real animals, but I ignored this
possibility in the current model.

The variable landscape influenced individuals through either their probability of surviving
from one age class to the next, or their probability of giving birth to a daughter. Both of these
vital rates are probabilities, and are bounded between 0 and l. The logistic, or log-odds
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transformation scales a probability onto the real number line (bounded by+""¡. I assumed that

habitat quality has a linear effect on the log-odds of survival or reproduction. The annual

probability of giving birth to a daughter in each home range p*,i is modified by the local
habitat quality, Q" according to

'"(4)='(z-1).^(&) 
(22)

where b was the effect of habitat quality on fecundity,Q,rwas the habitat quality value in

,ürq

,f

home range *, Ø *u, the 90ú percentile habitat quality, andp¡was the annual fecundity of

age class i in a territory of quality Q .tnetwo in the denominator and numerator of the log-
odds transformation is a correction for ignoring males. I assumed the sex ratio was 50/50.

Therefore, when the probability of reproduction in a year was one, the maximum probability

of having a female offspring isO.5. The exact distribution of habitat quality values differed

between replicate landscapes. 0 , which rwas an average of 72 (H =2.g) or 7O (H - 2.5),

scales habitat quality to remove any bias between different random landscapes. It ensures that

regardless of the exact details of the landscape, only lÙVo of home ranges have fecundity (or

survival) rates greater thanp¡. When b > 0, individuals have increased fecundity when QrrQ ,

and decreased fecundity when Q,.Q. I use a similar transformation for the effect of habitat

quality on survival:

'"t*) ="(z-ì.,"(*) (2'3)

where sr¡ is the probability of surviving to the end of age class i in tenitory x, and a is the
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Figure 2.3 Plot of Eq. ( 2.2)using parameters for MBP (b = 5) and GG (b = I l).

Thin solid lines show the relationship between 0 and the fecundity parameter for
MBP. In the absence of spatial variation all tenitories would have p = 0.4. When

spatial variation in habitat quality influences fecundity, most territories (907o) will
have fecundities lower than 0.4.
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effect of habitat quality on survival. I chose a, b and O to 
"nror" 

that approximately half of
the landscape was occupied at equilibrium, based on preliminary runs. I refer to runs where

variation in quality is attributed to survival as "survival scenarios" (a = 0.6, b = 0 for both
species), and runs where fecundity is spatially variable as "fecundity scenarios" (d = O, b = ll
for GG, 5 for MBP). The fecundity effect parameterb for GG is approximately double that for
MBP, because po¿uu is so close to 0.5 for GG; smaller slopes did not introduce enough

variation in fecundity. A smaller amount of variation in survival leads to the same population

level response because the sensitivity (sensu Caswell, 1989) of the population growth rate to
the survival parameters, particularly adult survival, is much higher than to fecundity.

The effect of habitat quality on population level parameters can be quantified by calculating

the intrinsic rate of population growth from a projection matrix, with the values in the matrix
modified according to ( 2.2 ) and/or ( 2.3) (Figure 2.4).ln the results,I refer to habitat where

the intrinsic population growth rate is less than one as "marginal habitat" (Stenseth & Lidicker
Jr.,1992), and territories with intrinsic population growth rates of greater than one as "high
quality habitat". Essentially, individuals in marginal habitat do not produce enough offspring
to replace themselves, on average.

A) B)

rôq
a)
cËú

'qO¡E()
q
o
ñh

=oiFoA
()

.EO
Èô

-.;
o
(É

ú

'qko
F
'5(Ëh

=o\o
I

Ê.
o
Ê'tro
=o\

I

I
I

Survival Scenario
Fecundity Scenario

40 60
Habitat Quality

co
d

|r¡
oo
o

0 20 40 60
Habitat Quality

80 100 020 80 100

Figure Z,4F;ffect of Habitat Quality on intrinsic population growth rates for all four

scenarios, assuming a landscape with 0* = 75. A) Greater Glider parameters. B)
Mountain Brushtail Possum parameters. For both species, the annual probability of birth

at quality 0 is = 0 when fecundity is strongly influenced by habitat quality (Dashed

lines).

I assumed habitat quality can be represented as a single, continuous, bounded variable with a
linear effect on the log odds of either mortality or fecundity. This is obviously only one of an

infinite range of possible connections between habitat quality and individual life history
parameters. There is no empirical data to support a more complex effect, and the

consequences of simpler connections (ie. binary source/sink quality) have been worked out
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elsewhere (eg. Keitt & Johnson, 1995; With et a1.,1997). Furthermore, it is likely that any
more complex relationship could be reduced to a combination of variables with a linear effect
(Meents et al., 1983; Austin et al., 1990). I also assume animals can detect fine differences in
this habitat quality variable. The consequences of coarse quality detection will not be explored
here.

Very little is known about how individuals make choices about where to move on a
heterogenous landscape during dispersal (V/olfenbarger,1946; Gustafson & Gardner,1996).I
need a rule that tells the model animals which of the neighbouring territories to go to next. It
seems reasonable that individuals would be more likely to move towards territories with
higher habitat quality. I define the direction selection rule by "wrapping" a symmetrical beta

distribution with a parameter o onto a circle:

( 2.4)
r(z.a)
zr(a)P(x) = x"-t (r- *)"-t d*

0

where ¡ = 0.5 was the direction in which the greatest increase in territory quality occurred, and

x=0orr=l.0weretheoppositedirection.Therange0<x(listhendividedupamongthe
6 neighbouring cells to provide a table from which a direction can be picked with a uniform
random number. When o = l, this rule mimics a uniform random walk, with all directions

equally likely. As cr increases, the probability of moving "uphill" on the quality landscape

increases (Figure 2.5).I refer to strategies with a = I as "random walkers" (RW) and

strategies with a = oo as "hill climbers" (HC). Hill climbers do not use (2.4) to choose a

direction; they always move towards the home range with the greatest increase in quality.
Intermediate strategies are referred to using the value of cr, or in general as "biased random
walkers". Individuals stop moving when they encounter a vacant territory, or a territory
occupied by another dispersing individual. On average, this strategy will lead dispersers to
remain in high quality habitat during dispersal. Field studies indicate that some species stay
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Figure 2.5 Effect of the parameter s on the tuming distribution. Direction 0 is always in
the direction of greatest increase in habitat quality. The dotted line is cr = 1 (random

walkers, RV/), the dashed line s = 3, and the solid line a = 7. Values of c, >> 7 are

effectively hill climbers. For comparison, the probability of moving in direction 0 when
a.='7 is 0.46, and when G = 1 the probability of moving in any direction is l/6 or 0.167.
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within favourable habitat during dispersal (eg. Wolfenbarger, 1946; Holekamp, 1984;
Merriam & Lanoue, 1990; Kindvall & Ahlen, 1992a;Nelson, 1993;Haas, 1995).

In addition to picking a direction to move in, and defining when to stop, a complete dispersal
strategy specifies what to do in case of ties in quality improvement between two or more
directions, what to do on edges, and what to do if all directions Íìre worse than the current
location. If two or more directions yield equal increases in habitat quality, the best direction
was chosen randomly from among the tied directions. Once a direction has been chosen from
the beta distribution, if it would take the individual off the edge of the landscape, a new
direction was chosen randomly. A random direction was also chosen if all surrounding
territories were lower in quality than the current territory.

The final component of the general strategy was a rule that applies an increasing penalty to
moving into already occupied territories. Individuals keep track of the number of steps they
have taken since leaving their natal territory. They subtract the number of steps they have
taken from the quality of occupied territories when they sample the neighbouring territories
(ie. a tenitory quality of 72 is reduced to 67 aftq 5 steps). Therefore, the longer individuals
spent unsuccessfully looking for good, unoccupied habitat, the less likely they were to move
towards occupied territories. In the extreme, this means that hill climbers and biased random
walkers acted like random walkers when surrounded by occupied territories, because the
decremented quality of all surrounding territories was less than the quality of the current
territory. This assumption reflects a simplistic kind of updating of an individuals information
about the world in which it is dispersing. Dispersers begin optimistically looking for the best
habitat, but as time progresses without finding good and unoccupied habitat, they become less

optimistic and begin to broaden their search criteria. This updating mechanism is particularly
critical to dispersal strategies with strong habitat selection (high a and hill climbers). In
preliminary runs without updating, these strategies went extinct with very high frequency
because individuals would climb to local peaks of habitat quality and persist in attempting to
occupy those sites until they died.

The biased random walker is quite distinct from a "correlated random walk" (eg. Kareiva &
Shigesada, 1983), where the direction chosen is correlated with the previous direction, but has

nothing to do with variation in the underlying landscape. Gustafson and Gardner (1996) have
analysed the between-patch dispersal rates generated by a dispersal rule similar to ours on a
heterogenous landscape. Their model did not include population dynamics, and their "self-
avoiding random walkers" only terminated dispersal (ie. settled) in one of seven possible
habitat types. Furthermore, their model did not include competition for limited territory space

as a component leading to increased dispersal distances. Brooker et al. (1999) have performed
a similar simulation using landscapes classified from remotely sensed images of real
landscapes.

My biased random walker strategy relies on local correlations in habitat quality. To determine
what happens when there are no local correlations in habitat quality, I examine a strategy
referred to as "global jumpers" (GJ). Global jumpers take steps by randomly choosing a

territory from the landscape as a whole. This means that the quality of the territory they finally
select is a function only of the frequency distribution of habitat quality, and not influenced by
the spatial distribution of habitat quality on the landscape. This strategy also removes
correlations in occupancy from localised dispersal.

Results
As a first step, I confirmed that the different strategies lead to differing degrees of habitat
selection on all landscapes and under all life history scenarios. The median (501h percentile)
quality of occupied territories should increase when habitat selection is stronger. When there
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is no habitat selection or spatial autocorrelation in habitat quality, the median of occupied
habitat should be equal to the median quality on the entire landscape, and the slope of the

relationship should be one. This is the case for Global Jumpers (Figure 2.6).By comparison,

all other strategies generally led to increased median quality of occupied home ranges (HC >

BRV/ > RW > GJ).The maximum possible quality is 100, because of the scaling applied to

habitat quality values (ie. 0 - 100). When the median quality on the landscape was high, the

distribution above the median was compressed, and the slope is less than 1.0 (compare Hill

oooo o
o

oo o-oæo o

o I
oo

HC

ooo

o
o

80

75

.g 10
o?- --Lö)
o
tr
EóOÀ
Íss
o50
.Ë

Ë45o
.E 40õ
O
235

30

R'tú

80

75

.g 70

Ëut
€,)

F.r60
.9
E¡T

o
o50

E¿so
É
.É 40
't5o
23s

30

a
a o

25 35

oo

45 55

Median Quality on landscape

GG H= 2.5

65 75

GI

^HCo-æ.

o

GG, H= 2,9

25 35 45 5s

Median Quality on Landscape

65 '15

Figure 2.6Effect of different dispersal strategies on the median quality of occupied

territories. For clarity, symbols are only plotted for Global Jumpers (GJ) and Hill
Climbers (HC) in the survival effect scenario, for GG on both types of landscapes. Other

strategies shown are Random V/alkers (RW) and biased random walkers with c¿ = 5

(BRW). Lines are independent least-squares fitted to each scenario/dispersal strategy

combination. Dashed lines are fecundity effect scenarios, solid lines are survival effect

scenarios.

20

a)

a

o



Climbers with Global Jumpers). This effect was especially noticeable on landscapes withIl =
2.5, where the amount of variability in the median landscape quality was higher than on

landscapes with.Fl =2.9. Variation between life history scena¡ios within a particular strategy

had no consistent effect on the median quality of occupied habitat.
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For all parameter values, populations reach a quasi-equilibrium within 100 years. None of the
simulated populations went extinct, indicating that the probability of extinction is low. There
were substantial differences between dispersal strategies in the long term equilibrium
population sizes (Figurc2.7).In general, there were higher populations in the absence of
habitat selection behaviour (smaller o). Landscape structure and life history values also
influence population size, but the magnitude of these effects was much smaller. For both
species, and all life history scenarios, fragmented landscapes (H = 2.9) had larger populations.
The mechanism by which landscape quality influences individuals, either through fecundity or
survival, affected population size differently for the different species. MBP had higher
population sizes when survival varied across the landscape, and fecundity was constant. GG
had higher population sizes when fecundity varied across the landscape, and survival was
constant. Random walking GG had either no or reversed differences. These differences within
dispersal strategies between different kinds of landscapes, could have arisen either from the
interaction between the spatial structure of the landscape and the particular dispersal strategy,
or simply from small changes in the distribution of habitat quality under different scenarios
and landscapes. I can tease these effects apart by examining the life history performance of
individuals at the equilibrium population size.

Dispersal strategy influenced long term reproductive success at two points in the model.
Individuals that searched more intensively for better habitat should have tended to end up in
higher quality habitat with better survival or reproduction once settled. However, the process
of searching for that habitat may have led to increased mortality during dispersal. Figure2.8
shows avera9e fecundity and juvenile survival as a function of dispersal strategy and life
history scenario for greater gliders on fragmented landscapes (I1= 2.9). Mortality during the
first year includes both dispersal mortality and aging mortality. Overall, the stronger the
habitat selection behaviour was, the less likely individuals were to survive during dispersal
(Figure 2.84). This was true under both life history scenarios. Dispersal mortality introduced
density dependence into the model, V/hen individuals sought high quality territory, dispersers
competed for a smaller number of territories, and dispersal mortality increased at smaller
population sizes.

Habitat selection reduced post-dispersal mortality when survival varied across the landscape
(Figure 2.88). However, the magnitude of the increase did not offset the decrease in survival
during dispersal. HC cut the effect of spatial variability on first year survival in half, while
decreasing survival during dispersal by > lOVo (compare HC with GJ in Figure2.8A,B). For
both species, the average fecundity was reduced when there was spatial variation in the
probability of reproduction. The variation in population size as a function of dispersal strategy
was primarily a result of increased density dependence in dispersal mortality.

Conclusions
This chapter uses a spatially explicit ecological model to examine whether or not the type of
dispersal rule used by individuals influences population dynamics. This work is novel because
it examines continuous variation in habitat quality, as opposed to "patchy" variation where
habitat is either available or not (Keitt & Johnson, 1995; Gustafson & Gardner,1996).It also
explores strategies that make use of information about the environment to decide where to
look for habitat. I have formed a 'neutral landscape model' (With & King, 1997) to test the
effects of a typical span of dispersal strategies on population dynamics. There are many
variations on the strategies used here. The point is not that these strategies are the only ones,
but rather that the choice of strategy, any strategy, is one that should be made carefully. To the
best of my knowledge, the interaction between a continuously heterogenous landscape and
simple dispersal rules has not been explored before, and leads to counter-intuitive results.
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The primary conclusion is that strong habitat selection behaviour leads to reduced population
sizes. This occurs because of density-dependent mortality while searching for high quality
habitat. Individuals that are more selective about their habitat requirements tend to move
farther, and suffer greater mortality during dispersal. As a result, when all individuals seek the
best habitat, and good habitat is finite, density-dependence in dispersal mortality arises at
smaller population sizes. The stronger the bias in the random walk, the more individuals tend
to remain clustered around local centres of high habitat quality, and not venture into poorer
quality habitat. Some empirical work has demonstrated that dispersing individuals do tend to
remain within high quality habitat during dispersal (Holekamp,1984; Merriam & Lanoue,
1990; Haas, 1995). Other work has shown that dispersers do compete for limited high quality
habitat (Smith & Peacock, 1990).

A second important conclusion from this work is that it is not necessary to have any form of
active habitat selection in order to obtain a relationship between habitat quality and
occupancy. The random walking strategy does not use information about the landscape to
make decisions about where to move. Animals end up in better quality habitat than if they
were randomly distributed because they do better in the neighbourhood of areas that favour
individual survival or fecundity, and they do not disperse rapidly away from such areas.

Nonetheless, the relationship between habitat quality and occupancy is weaker for random
walkers than for hill climbers (Figure 2.6).

The reduction in life history parameters in the presence of spatial variation is a consequence of
averaging a non-linear function (Chesson, 1981; Chesson, 1990). There are t'wo ways in which
the average of a function of a random variable can be calculated. If Sl) is the function, and Z is
the random variable, then the first possibility is to average the random variable, and then apply
the function, or g(E(Z)). The alternative is to take the function of each instance of the random
variable, and average the results, or E(g(Z)). These two quantities will not be identical. The
magnitude of the change can be approximated by looking at the expectation of a Taylor
expansion of a function at the mean of a random variable (Hilborn & Mangel, 1997, p. 58):
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n(eØ))= s(p)*)s"fu)venrz> (2.s)

where Z is a random variable with mean p , E is the expectation operator, and g(Z) is the
function (or its derivative) evaluated atZ. Clearly,if g" is negative, then E(SØÐ < g(E(Z)) =
SßL).In this case, habitat quality is a random variable. When habitat quality does not influence
fecundity, I am using an "average" fecundity for all individuals. When fecundity varies
spatially, variation above the average quality increases fecundity less than variation below the
average quality (Figure 2.3). As a result, the average fecundity of the population in the
presence of spatial variation is reduced compared to the fecundity in the absence of spatial
variation.

I can also explain the different responses of the two species' equilibrium population size to
variation in fecundity (Figure 2.7) using (2.5 ). The second derivative of ( 2.2 ), the response
of fecundity to habitat quality, is:

12d Px,i

dQ,

where

-1 ( 2.6)
,rol(BË)'*Ë'l

and b
b

a

and ( 2.6 ) is always negative when evaluated at Q . Furtherïnore, the larger b is, the smaller (

2.6 ) is in absolute magnitude, and the less effect variability in habitat quality will have on
average fecundity. As shown in Figure 2.3, the value of å used for GG is larger than for MBP.
Therefore, landscape variability will decrease the average fecundity of MBP more. The
magnitude of the effect of landscape variability under the survival scenario is equivalent,
because ø is the same for both species. Under the fecundity scenario, GG have higher
population sizes than under the survival scenario, and MBP lower than under the survival
scenario, because the impact of variability on average fecundity is greater for MBP.

A final point from this analysis is that behaviour can reduce or eliminate the effects of spatial
variation on individual performance. Individuals that use habitat selecting rules tend to obtain
higher quality territories, and therefore their populations do not suffer the penalties of non-
linear averaging to the same extent as populations of non-selective individuals. This improved
individual performance comes at a cost; the density dependent ceiling that arises through
increased dispersal mortality is lower. Determining the dispersal strategy that is optimal in an
evolutionarily stable sense (Maynard-Smith, 1982) is difficult in this model because of the
complexity in the landscape, and individual and population level responses to that complexity.
The interaction between individually optimal behaviour and spatially variable landscapes is
only beginning to be studied (Roitberg & Mangel, 1997), and promises to be interesting.

Although this model has included fìne scale spatial variability in habitat quality,I ignored
variation in individual phenotypic quality. V/hile this is not an uncommon assumption in
population modelling, it is potentially important in the context of the optimal behaviour
patterns discussed above. Verhulst et al. (1997) showed that phenotypic variation among great
tits (Parus major) interacts with the quality of their natal habitat to determine the distance
they disperse. High quality birds born in low quality habitat are more likely to disperse long
distances. In the context of the current model, this indicates that the assumption of equal
competitive ability among new dispersers is false for some species, and will have an influence
on the optimal strategy to follow during dispersal. High quality individuals may be better off
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with a biased or hill climbing strategy, because they will be able to displace other individuals
from high quality home ranges. In contrast, low quality individuals may be better off
searching for unoccupied territories without regard for their quality.

Recent years have witnessed an explosion of individual based, spatially explicit population

models (see review in With & King, 1997). Most have utilised homogenous landscapes

without variability (Kareiva & Wennergren, 1995). The variability that is introduced is
generally binary source/sink variation with patches of useable habitat in an unusable matrix
(eg. Keitt & Johnson, 1995). The effects of this kind of spatial structure are well understood in
the context of patch-based metapopulation models (Kareiva, 1990; Day & Possingham, 1995).

V/hat has not been addressed is the effect of variable habitat quality within otherwise
contiguous patches of habitat. Such variability is assumed to have little or no effect on

population dynamics, It does have an influence because of nonlinear averaging (Chesson &
'Warner, 1981; Chesson, 1990). Analytical approaches to understanding the effects of spatial

variability are limited because they have difficulty accounting for spatial autocorrelation in
habitat quality (but see Possingham et al., 1994b), and including the effect of individual
behaviour. This model has demonstrated that behaviour and spatial variability interact in
interesting and sometimes non-intuitive ways, and that ignoring the interaction may lead to

misinterpretations of observations of population dynamics.
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Ghapter 3 Matching observed pattern with model process: can
territory occupancy provide information about life history
parameters?

"Low sensitivity is to be expected when modelling habitat selection, as only a very
small proportion of important variables will be measured. Many variables wiII be

subtle, impossible to quantify, or be involved in complex interactions with other
variables that may not have been identified."

J.L. Pearce et al. (1994)

lntroduction
A fundamental question posed by wildlife managers is which habitats to conserve and put
management effort into (Morrison et aL., 1992; Block & Brennan, 1993). This question often
arises during reserve design, when choices must be made about which habitats to include in a
reserve system (Pressey et al., 1996). Clearly, the answer involves identifying the
characteristics of "good" habitat for a species. At the simplest level, good habitat is simply
habitat that allows birth rates to exceed death rates (source habitat), as opposed to habitat
where death rates exceed birth rates (sink habitat; Pulliam, 1988). Therefore, rational
decision-making about population management requires information about how birth and

death rates vary with changes in habitat characteristics such as vegetation structure and

topography (Possingham et al., 1993). Furthermore, populations occur on fragmented or
spatially complex landscapes. In such situations, information about the ability of a species to
disperse between different patches of habitat is crucial to understanding the responses of
populations to managed or stochastic changes (Fahrig & Merriam,1994; Sutcliffe et al.,
teeT).

It is costly in both time and money to get quantitative information about key population
processes: birth, death, and dispersal rates, often requiring years of sampling to acquire small
amounts of information (Stacey & Taper, 1992). Paradis and Croset (1995) estimated survival
rates for only 2 different kinds of habitat for Mediterranean Pine Voles (Microtus

duodecimcostatus), requiring substantial trapping effort over 3 years. Measuring dispersal by
juveniles away from natal habitat is particularly difficult (Kareiva, 1990). For example,

Nelson (1993) needed 14 years of weekly airborne radio-tracking to measure natal dispersal

distances in only 86 juvenile white-tailed deer (Odocoileus virginianøs) from a single
population. Relating these dispersal distances to characteristics of the source population or
home ranges would require a dramatic increase in the amount of sampling effort required.

Decisions about habitat reservation or management are generally made on much shorter time
scales. An extreme case in point is the negotiation of Regional Forest Agreements in Australia
over the last five years (Commonwealth of Australia, 1992).In the North East Forests region
of New South Wales alone it was necessary to obtain information about habitat requirements

for 2211 species of plant (NPWS, 1994b) and 405 species of vertebrates (NPV/S, 1994a).

Often the only information available is the intuition of what constitutes good habitat by an

ecologist who has spent years studying the species in the wild, or inferences from similar
species. However, failing to act because of a lack of accurate information is also a

management action with associated costs (Parma et al., 1998).

The combination of few resources and a pressing need for information leads to increased
reliance on observations of the presence or absence of a species in different kinds of habitat
(habitat occupancy). When sites with certain characteristics are more likely to be occupied, or
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have higher population abundances, it is commonly assumed that these sites are better quality
habitat (Van Horne, 1983; Davey, 1989). This approach uses the probability of occupancy as a

surrogate for habitat quality. Presence/absence observations can be collected in single surveys

without waiting for population processes to occur. There are two stochastic processes at work
when an ecologist collects a sequence of observations of habitat occupancy. The essential, but
hidden, process is population dynamics. The population may be increasing in an area,

decreasing, or extinct. The second process is that of observation; it is a stochastic process

because even if the species is present at a site it may not be detected. This is especially
important if the population is present in low numbers, or if each site is surveyed briefly in
order to increase the number of sites sampled. The key problem in interpreting the results of
survey data is extrapolating to population dynamics parameters from observations of habitat
occupancy.

Many statistical methods exist for estimating the probability of occurrence from a set of
observed characteristics. Logistic regression, a type of Generalised Linea¡ Model (GLM)
which estimates the log-odds of occupancy as a linear function of some habitat variables, is

widely used (Austin et al., 1990; Lindenmayer et a1., 1990; Lindenmayer et al., l99I;
Buckland & Elston, 1993; Allaine et al., 1994; Pearce et al., 1994; Lindenmayer et al., 1995b;

Buckland et al., 1996; Marquez et al., 1997; Mysterud & Ims, 1998). Recent advances such as

autologistic regressions have also incorporated spatial dependency (Augustin et al., 1996), a

key feature of population distributions. Other approaches for identifying good habitat include
linear optimisation (Biggins et al., 1993), other types of generalised linear models (Pedlar et

al.,1997), generalised additive models (NPWS, L994b), univariate descriptive statistics and

correlations (Collins & Lichvar, 1986; Hayward et al., 1993; Merendino & Ankney, 1994;
Donald et al., 1996), canonical correspondence analysis (Fiedler & Reilly, 1994; Anderson &
Gribble, 1998), indexes based on expert opinion (Houston et al., 1986), regression combined
with multivariate discriminant functions or principle components analysis (Braithwaite et al.,

1983; Prescott & Collister, 1993; Rotenberry & 'Wiens, 1998), and other methods (Hogle et

a1.,1993; Homer et al., 1993; Brandt et al., 19951, Neave et al., 1996). This list is not
exhaustive. The point is that many methods are being used to identify good habitat from either
static or repeated surveys of occupancy or abundance.

Combining static survey data with measurements of habitat occupancy can be done at a range

of spatial scales, from day to day microhabitat selection within a home range (eg. Mysterud &
Ims, 1998; Rotenberry &'Wiens, 1998), to measurements of home range occupancy (eg.

Lindenmayer et al., l99O; Lindenmayer et al., l99l; Lindenmayer et al., 1994; Lindenmayer et

al., 1995b), up to abundance at population scales (eg. Braithwaite et al., 1983; Buckland et al.,

1996). A few studies have also examined habitaçabundance correlations at a range of scales

(Wiens et al., 1987; Pedlar et al., 1997).If the goal of habitat modelling is to provide

information about spatial variation in population processes like survival or reproduction, then

the most logical scale is one that identifies individual patterns of habitat selection while
integrating over time scales appropriate to survival and reproduction. For this reason, in this

chapter I concentrate on sampling at the scale of a single home range with an annual time step,

matching the scale of the arboreal marsupial model outlined in Chapter 2. I also limit myself
to using logistic regressions, as these are increasingly employed in habitat modelling, and

have the simplest data requirements for the response variable (presence/absence; Austin et al.,

t994). Furthermore, single home ranges will be either occupied or not for solitary, territorial
species such as those considered in this chapter.

The assumption that an increased probability of occupancy or abundance indicates high
habitat quality or positive population growth is plausible (see Temple & Cary, 1988), but a

variety of processes could obscure the relationship, decreasing the power of these statistical
tests to detect habitat occupancy patterns, and consequently habitat quality. Simple
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metapopulation models (eg. Levin, 1974) show that even good habitat is sometimes

unoccupied when colonisation and extinction processes are at equilibrium. This general

conclusion is widely supported by population subdivision models (see review in Kareiva,

1990). More sophisticated metapopulation models (eg. Day & Possingham, 1995) and

empirical results (Fritz, 1979; Kindvall & Ahlen, 1992a) show that the proximity of good

habitat patches to each other also influences the likelihood that a patch is occupied. In other
words, bad habitat close to good habitat could be more often occupied than good habitat far
from any other good patch.'When demographic stochasticity is considered (McCarthy et a1.,

1994), the amount of variation interfering with the detection of a relationship between habitat

characteristics and occupancy is enormous. Finally, Van Horne (1983) highlighted several

examples in which correlations failed to adequately identify high quality habitat defìned on

the basis of population processes. The conclusion was that density or occupancy is particularly

likely to fail as a predictor of habitat quality when population densities are high. This is
because increased competition for high quality habitat leads to increased numbers in lower
quality habitat (ie. the losers).

There a¡e four quantitative measures of the quality of a habitat model: percentage of deviance

or variance explained, error rate, specificity, and sensitivity (Table 3.1). The last three are

unique to habitat models based on occupancy (presence/absence). The percentage of deviance

explained can measure quality for models based on abundance as well. The deviance of a
generalised linear model is roughly equivalent to the residual variance of a regression; the

higher the proportion of deviance "explained" by including a variable in the model, the better

the model. The error rate is simply the proportion of elrors made by the model; how many

sites were predicted to be occupied and were not, and vice versa. A low error rate is better.

Specificity and sensitivity are the two sides of the error rate coin. A model is more "specific"
if most sites that are actually unoccupied are predicted to be unoccupied. A high specificity
means that the model is doing a good job of predicting where the animal does not occur.

Conversely, a model is more "sensitive" if most sites that are actually occupied are predicted

to be occupied. A high sensitivity means that the model is doing a good job of predicting

where the animal does occur. It is not uncontmon for empirical habitat models to have low
explanatory power, and be more specific than sensitive (eg. Figure 3.1).

Table 3.1 Calculation of enor rate, sensitivity, and specificity (Lindenmayer et al.,

l99l; Pearce et al., 1994). a = occupied sites predicted to be occupied. b = false

negatives, or occupied sites predicted to be unoccupied. c = false positives, or
unoccupied sites predicted to be occupied. d = unoccupied sites predicted to be

unoccupied. N is the total number of sampled sites. A site is predicted to be occupied if
the probability of occupancy is greater than or equal to 0.5.

Predicted occulrence

yes no

Actual
occufÏence

a+b

Error Rate = (b+c) / N;
Sensitivity=a/(a+b);
Specificity=d/(c+d)

yes

no

a

c

b

d c+d

N
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Figure 3.1 Predicted probability of occurrence for Greater Gliders (Petauroides volans)
in Mountain Ash Stands (modified from Lindenmayer et al., 1995b). Rug plots indicate
the frequency of sites observed with (top) and without (bottom) greater gliders. Dotted
lines are 957o confidence intervals on the predicted probability. The model explains
3.9Vo of the deviance, with an error rate of 0.27, sensitivity of 0.13, and specificity of
0.97.

In one case where a statistical habitat model (linear regression of density on habitat variables)
was tested for its ability to predict density in an independent data set (Maurer, 1986), its
performance was notable for what it didn't predict, rather than what it did. Maurer sampled

two grassland areas in western North America, recording the abundance of a suite of grassland

birds and a group of structural characteristics of the vegetation. Maurer fitted a linear multiple
regression model to data from one area, and then used that model to predict the density of
each species in the other area. The model performed dismally, with positive predictions at

sites where a species was entirely absent. Maurer gave two main reasons for the failure of the

regression model. First, in many cases the model was "extrapolating" to regions of the habitat
variable space not included in the original dataset. This occurrence is likely, and in a
multivariate dataset may be very difficult to detect. The second reason given was that
"limiting factors" may have been present at the second site that were not present at the first.
The implication of this statement is that if more variables, for example the density of possible

competitors, had been included, the models would have performed better.

That sampling more variables is better is a common implicit assumption of habitat models (D.

B. Lindenmayer, Personal Communication). It is important to note that this assumption is
quite distinct from the more usual problem of deciding which variables to include in a
statistical model. This problem arises in habitat modelling once the set of variables to be

sampled has been decided upon, and can be dealt with in a wide range of methods a complete
discussion of which is beyond the scope of this thesis. The problem I am discussing here

comes one step sooner, in the design of a survey. Clearly, only a limited number of variables
can be measured. Once these have been selected, the data collected, and an analysis
conducted, it is common to attribute the unexplained variance to variables that were not

10 15 20

# of Hollow Trees

25 30
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measured in the first instance. The clearest statement of this assumption that I have seen is

quoted at the beginning of this chapter.

The extent to which occupancy data can be relied on to provide information about population
processes is unknown. However, there is an increasing need for rapid acquisition of
information for decision making in environmental management. As a result, "snapshot"
surveys will increase in frequency and importance because they can be performed quickly
with limited resources. There are three problems to be addressed in this chapter. First, to what
extent does demographic stochasticity interfere with the accurate detection of habitat quality-
occupancy relationships, when all other possible sources of error are eliminated? Second, how
does sample size and population density relate to the accuracy of a habitat model? Third, what
can a positive relationship between habitat quality and occupancy tell us about the

fundamental population processes of birth, death, and dispersal?

I address these problems by sampling a spatially explicit simulation model with a "virtual
ecologist". The virtual ecologist will sample the model landscape and then use classical

statistical modelling to define the driving forces behind habitat quality. I will make the
problem as easy as possible for the virtual ecologist and see how she goes.

The Model
I use the model and general parameter values from Chapter 2, with one exception. In Chapter

2 the "Global Jumper" dispersal strategy was used to identify what happened when spatial

autocorrelation due to landscape heterogeneity and dispersal was removed. In this chapter I
use a random landscape, and use only local dispersal rules. By "random" here I mean

uncorrelated in space, as all the simulated landscapes are generated with randomisation
algorithms. On random landscapes I assume that territory quality is normally distributed with
a mean of 50 and a standard deviation of 17 .6. This variance generates a 9d percentile of the

distribution atT2,which is the same as the average 90ü percentile on the fractal landscapes

with I/ =2.9. This is the value used to scale the habitat quality effect on survival or fecundity

lsee ( 2.2 ) and ( 2.3 )1.

The Virtual Ecologist
The "virtual ecologist" is a method for testing both the power of statistical analyses, and for
relating the output of the analysis to underlying population processes. The relationship
between habitat characteristics and population processes is completely known in the model.

Therefore, by sampling the model output in a manner similar to a real ecologist, and utilising
standard statistical methods, the output of the statistical tests can be related to the original
processes. The virtual ecologist uses one of three different methods for choosing the sites to

be sampled: random, extensive random, and regular (Figure 3.2). Random selection is just
that: n sites a¡e selected without replacement from all possible territories across the landscape.

Regular sites are selected along a rectangular grid, without choosing sites on the edge, and

ignoring the effect of the hexagonal bias on odd rows. Extensive random sites are chosen by
categorising all tenitories into 10 groups based on the variable that determines habitat quality,

0-9, 10-19, ...90-100, and then choosing n/10 territories randomly from each category. If there

are less thannll} sites in a category, then all sites are chosen, and the remainder are randomly
chosen from other categories, one per category starting with the lowest category. Superficially,
this might appear to be better described as a "stratified random" sample, but in fact this is
incorrect. A stratified random sample is taken from strata defined in such a way as to increase
the precision of a parameter estimate (Stuart, 1984). My extensive sampling method merely
ensures that the full range of habitat quality values are represented in the sample.
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Figure 3.2The three different sampling regimes used by the virtual ecologist, A)
Random sampling, B) Extensive random sampling, C) Regular sampling, and D) a
boxplot of the resulting distribution of habitat qualities in sampled sites for a landscape

with fI = 2.9. "Landscape" is the actual distribution of habitat quality, for comparison.

The median is given by the central line, with the notch indicating 95Vo conftdence limits
of the median. The black box is the interquartile range (IQR), and the whiskers show the

total range of the data, excluding outliers, which are shown with a line. Outliers are

defined as points more than 1.5 times the IQR from the central box'

The virtual ecologist virtuously sampled 100 sites in the last year of the baseline runs, which
is 9 .27o ( 100 / l0S9) of the total available habitat. This compares favourably with actual

empirical studies of this nature, and is well above sample sizes of 35-70 recorlmended in the

literature (Morrison et al., 1992). Lindenmayer et al. (1991) only sampledO.2TVo of the total
available habitat for Leadbeater's possum (Gymnobedelius leadbeateri) in 3600 person hours.

Sampling by the virtual ecologist takes place after juvenile dispersal, but before annual

mortality. The sites sampled by the virtual ecologist coincide exactly with the home range
grid, a happenstance unlikely to occur in reality. Furthermore, the virtual ecologist makes no
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effors in detection; if the species is present she records it. The only contributions to

unexplained deviance in the models are the limited number of observations, and demographic

stochasticity.

The virtual ecologist performs all statistical analyses in S-Plus 4.0 for Windows. The logistic
regression model predicts the probability that a site is occupied. She uses the percent of
deviance explained as a measure of the "fit" of a particular logistic regression model by

calculating the percentage decrease in deviance when habitat quality is included in the model:

voD=Do- 
Da ( 3.1)

Do

where Do is the null deviance with no covariates included in the model, and Dg is the residual

deviance when habitat quality is included in the model (NPWS, I994b; NPWS, L994a;

Venables & Ripley, 1994). Deviance is roughly comparable to the sum of squares in a linear

model with gaussian errors and an identity link. She also calculates the error rate, sensitivity,

and specificity of her habitat models (Table 3.l). Enor rate is a measure of the total number of
incorrect predictions made by the model, where the model is said to predict a "presence" if the

probability of occupancy is >0.5. This is not the only possible choice for a prediction

threshold. Values higher than 0.5 increase the likelihood of false negative predictions, while
lower prediction thresholds increase the likelihood of false positive predictions. Sensitivity is

the accuracy of the model in sites where the species is actually present. Sensitivity is 0 if all
sites where the species is found are predicted to be unoccupied, and 1 if all occupied sites are

predicted to be occupied. Specificity is the accuracy of the model to in sites where the species

is actually absent, and is otherwise similar to sensitivity. She reports these statistics for all
regressions, regardless of whether habitat quality makes a significant contribution to the

model or not.

I ran 100 replicate simulations of 200 years in length for each species/life history scenario

combination. The population size reaches a quasi-stationary state well within this time (Figure

3.34). The population dynamics of both species follow exponential growth to a ceiling. The

density dependent effect that sets the ceiling is dispersal mortality; dispersal mortality reaches

40-50Vo at the ceiling (Chapter 2;Tyre et al., 1998). Although the fecundity scenarios appear

to have a much stronger negative effect on population growth rates (Figure2.4), this does not

translate into a corresponding effect on the size of the population at quasi-equilibrium. Figure

3.38 shows the distribution of population sizes for one dispersal rule of greater gliders.

Landscape structure has a larger impact on population size than life history scenario.

Assume that the virtual ecologist has provided the four example habitat occupancy analyses

for Greater Gliders shown in Figure 3.4. The same parameters were used for all four analyses;

they are shown here to provide an indication of the range of data collected by the virtual

ecologist. There are three important observations to make. First, individual gliders were

observed in marginal habitat, or areas where the birth rate cannot compensate for mortality
losses. Individuals end up in these areas by chance when better habitat is occupied. Second,

territories in high quality areas are sometimes unoccupied, because individuals die and

replacement does not necessarily happen instantaneously. Third, habitat quality can influence

the probability of occupancy even when active habitat selection behaviour is weak. The cr = 3

dispersal rule is close to a random walk (Figure2.5), and yet there is still a significant effect

of habitat quality on occupancy. This arises because of the localised nature of the random

walk and spatial correlations in habitat quality; individuals search nearby territories first.

In the following sections I present the results pertinent to each of the three questions raised in
the introduction, followed by a brief discussion and interpretation. I define "better"
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predictions as a higher median percentage of deviance explained, with no overlap in95Vo

confidence limits of the median.
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Figure 3.3 A) Population dynamics for Greater Gliders, å = 10.0, Q =gO.The total
population size converges to a quasi-equilibrium within 50 years from most initial
population sizes. The maximum possible population size is 1089 (332). B) Boxplots of
population size at 200 years from 100 replicate runs for greater gliders with a = 3 under
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Figure 3.4 Four example logistic regressions for habitat occupancy by Greater Gliders,

Õ = gl,c[, = 3, when the virtual ecologist is using extensive sampling. The solid line is
the predicted probability of occuffence, and the dashed lines are 957o conftdence limits.
Rugs indicate the frequency distribution of observed occupied (top) and unoccupied

(bottom) home ranges. The vertical dotted line indicates the boundary between marginal

and high quality habitat (ie. where the intrinsic rate of population growth is 1.0), and the

horizontal dotted line is the proportion of sampled sites that were occupied. A) Survival

Scenario, H =2.9, B) Fecundity Scenario,H =2.9,C) Survival Scenario, H =2.5, and

D) Fecundity Scenario, H = 2.5.

I

B

:7o Deviance 18.7
;Enor Rate 0.27
:Sensitivity 0.73
iSpecificity 0.73

c

l"Deviance 2O.2
Error Rate 0.29
Sênsitiv¡ty 0.72
Specificity 0.7

D

:% Deviance 33.6
i Enor Rate 0.2
: Sensitivity 0.83
i Specificity 0.78
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Explanatory power

Results

Figure 3.5 and Figure 3.9 summarise the performance of logistic regression models for the

two species for extensive sampling with cr = 3. Table 3.2 and Table 3.3 provide median values

for all combinations of sampling plan and dispersal rule. Conclusions about the relative
performance of the models by comparing the percentage of explained deviance are generally
backed up by examining the overall error rates (Figure 3.5 and Figure 3.9, Table 3.2 and Table
3.3); lower error rates correspond to higher percentage deviance explained, but the relative
change in error rate tends to be smaller. There are no consistent patterns within landscape

types between life history scenarios. Variation between fecundity and survival scenarios in the

median error rate and percentage deviance explained is generally much smaller than

differences between landscape types or sampling plans. There are three broad and consistent

conclusions. Logistic regressions generate better predictions 1) when sampling is extensive

across the full range of habitat variables, 2) on smoother, more predictable landscapes

(smaller II), and 3) when individuals are strong habitat selectors. In addition, sensitivity varies

much less than specificity, and models seem to be more accurate when fecundity varies. I will
consider each of these in detail.

Extensive sampling roughly doubles the amount of deviance explained compared to random
or regular sampling. There is little or no difference between random or regular sampling plans.

Both of these plans are "random", in the sense that the distribution of habitat values sampled

is determined by the distribution actually present (Figure 3.2).In contrast, extensive sampling
ensures that extreme habitat values are represented in the model. This is accompanied by a
sharp increase in the specificity of the models (fewer false positives), especially on rough
landscapes (H = 2.9). Specificity of models with random or regular sampling on rough
landscapes is also much more variable than in other cases. The sensitivity of the models either
does not change, or actually decreases when sampling is extensive (ie. more false negatives).

Logistic regressions explain nearly twice as much deviance on smooth landscapes compared

with rough landscapes. This improvement comes about primarily through an improvement in
the specificity, with few consistent changes in sensitivity. When habitat selection behaviour is

strong (cx, = 10), the improvement in model accuracy on smooth landscapes is not as great. The

sensitivity and specificity are meaningless measures on the random landscapes. The slopes for
most of these models are very small, and consequently the predicted probability of occupancy

is above or below the prediction threshold for the entire range of habitat qualities. If the

predicted probabilities are all below 0.5, then sensitivity is 0 (all occupied territories predicted

to be unoccupied), and specificity is 1 (all unoccupied territories predicted to be unoccupied).
Whereas more than 95Vo of replicate habitat models are significant by an analysis of deviance

on both types of fractal landscapes, generally much less than half of the replicate habitat
models on random landscapes actually include a significant effect of habitat quality on

occupancy.

Strong habitat selection behaviour also increases the accuracy of the models. Increasing the

bias towards good habitat for the biased random walker increases both the percentage

deviance explained the specificity to the highest levels for both species under all
landscape/life history scenarios. Some of the other differences that are observed (ie. higher

specificity on smoother landscapes) disappear when habitat selection is strong.

For MBP, logistic regressions predict occupancy better when fecundity is variable, For GG,

the life history scenario only matters when the dispersal rule is c[, = 10, and then the models

are more accurate when survival is variable. This is also generally true on random landscapes

for both species, although obviously the trend is much weaker.

I
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Table 3.2 Medians and95Vo confidence limits for the percentage deviance explained,
error rate, sensitivity, and specificity for all combinations of sampling plan and dispersal

rule for greater gliders. Confidence limits cannot be calculated for the sensitivity and

specificity under the global jumper dispersal rule, because the values are nearly all one

or zero. SS is survival scenario, and FS is fecundity scenario. Values in brackets are

lower and upper 95Vo conftdence limits on the medians.

Vo Deviance Error Rate Sensitivity Specificity

Random Sampling,cr = 3

SS, Random 1.4 (1.1, 1.8)

FS, Random I (0.6, 1.4)

SS, H = 2.9 7.2 (6.2, 8.2)

FS, H = 2.9 8.3 (6.4, 10.2)

SS, H = 2.5 18.6 (16.6, 20.6)

FS, H = 2.5 20.5 (18.3, 22.6)

Extensive Sampling, u. = 3

0.36 (0.35,0.37)

0.2 (0.t8,0.22)

0.33 (0.32, 0.34)

0.31 (0.3, 0.32)

0.27 (0.26, 0.28)

0.25 (0.24, 0.26)

0.98 (0.97, l)
0 (0,0)

0.84 (0.81, 0.87)

0.78 (O.74, 0.81)

o.75 (O.72, 0.78)

0.77 (0.75, 0.8)

0.03 (0.01, 0.06)

I (1, l)
0.41 (0.37, 0.46)

0.5 (0.43, 0.57)

o.7 (0.66, 0.73)

0.7 (0.66, 0.74)

SS, Random 3.3 (2.7,3.9)

FS, Random 1.6 (1.1,2.1)

SS, H = 2.9 16.8 (15, 18.5)

FS, H = 2.9 16.l (14.2, l8.l)
SS, H = 2.5 32 (30, 34.1)

FS, H = 2.5 32 (30.1, 33.9)

Extensive Sampling, cr = 10

0.34 (0.33,0.35)

0.23 (O.21,0.26)

o.29 (0.28, 0.3)

0.28 (O.27, O.29)

o.zt (0.2, 0.22)

0.22 (O.2r, 0.23)

0.93 (0.91,0.96)

0 (0,0)

o.75 (0.74, O.77)

0.78 (0.76, 0.79)

0.77 (0.76, 0.78)

o.74 (O.73, 0.76)

0.14 (0.09,0.2)

I (1, 1)

0.66 (0.64, 0.68)

0.66 (0.63, 0.69)

0.8 (0.79, 0.82)

0.81 (0.8, 0.82)

SS, Random 8.1 (7.1,9.2)

FS, Random 3.5 (2.6,4.4)

SS, H = 2.9 35.1 (33.3, 36.8)

FS, H = 2.9 29.4 (27.6, 3I.2)

SS, H = 2.5 42.8 (41, 44.6)

FS, H = 2.5 39.2 (37.6, 40.8)

Regular Sampling,ct, = 3

0.34 (0.33,0.35)

0.15 (0.14,0.16)

0.2 (0.t9, 0.2r)

0.23 (0.22, 0.24)

0.17 (0.16, 0.18)

o.2 (0.19, 0.21)

0.56 (0.54,0.59)

0 (0,0)

0.74 (0.73, 0.76)

o.72 (0.71, 0.74)

0.74 (0.73, O.76)

o.74 (O.73, 0.76)

0.75 (0.72,O.77)

1 (1, 1)

0.84 (0.84, 0.85)

0.82 (0.81, 0.83)

0.88 (0.87, 0.88)

0.85 (0.84, 0.86)

l

I

I
I

T
I
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SS, Random

FS, Random

SS, H = 2.9

FS, H = 2.9

SS, H = 2.5

FS, H = 2.5

t.7 (1.3,2.2)

0.8 (0.5, 1.1)

7.7 (6.6, 8.9)

8.6 (7.3, 9.9)

16 (14, 18)

19.5 (16.7, 22.3)

0.34 (0.32,0.35)

o.23 (0.2r,0.25)

0.32 (0.31, 0.33)

0.31 (0.3, 0.32)

0.29 (O.28, 0.3)

0.26 (0.25, O.27)

1(0.99, 1.0)

0 (0,0)

0.86 (0.84, 0.89)

0.86 (0.83, 0.89)

o.75 (0.73, 0.78)

0.78 (0.75, 0.81)

0 (0.0,0.02)

I (1, l)
0.37 (0.33, O.42)

0.43 (0.38, 0.48)

0.67 (0.64, O.7l)

0.71 (0.67, o.74)

I

I
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Table 3.3 Same as for Table 3.2,bat for mountain brushtail possums.

Vo Deviance Error Rate Sensitivity Specificity

RandomSampling,0=3

SS, Random 1.9 (1.4,2.4)

FS, Random 0.9 (0.6, 1.3)

SS, H = 2.9 11.4 (10, 12.8)

FS, H = 2.9 14.3 (12.7, 15.9)

SS, H = 2.5 23.4 (2I.2, 25.6)

FS, H = 2.5 33.8 (31.5, 36.1)

Extensive Sampling, cr = 3

0.3 (0.29,0.31)

0.32 (0.31,0.33)

0.29 (0.28, 0.3)

0.31 (0.3, 0.32)

0.24 (0.23, 0.25)

0.19 (0.18, 0.2)

0.99 (0.98,0.99)

0 (0.0,0.01)

0.85 (0.83, 0.88)

0.71 (0.68, 0.73)

o.t9 (0.77, 0.82)

0.t4 (o.72, 0.77)

0.03 (0.01,0.04)

I (0.99, 1.0)

0.44 (0.38, O.49)

0.69 (0.66, 0.73)

0.71 (0.68, o.74)

0.84 (0.82, 0.86)

SS, Random 3.8 (3,4.5)

FS, Random 1.7 (1.2,2.2)

SS, H = 2.9 24.1 (22, 26.2)

FS, H = 2.9 30.2 (27.9, 32.5)

SS, H = 2.5 39.8 (37.8, 41.7)

FS, H = 2.5 40.6 (39, 42.3)

Extensive Sampling, o = l0

0.31 (0.3,0.32)

0.35 (0.34,0.36)

0.23 (O.22, O.24)

0.22 (0.2t, 0.24)

0.18 (0.17, 0.19)

0.17 (0.16, 0.18)

0.98 (0.97, 1)

o.o5 (0.0,0.1)

0.81 (0.8, 0.82)

0.76 (O.74, 0.77)

0.82 (0.81, 0.83)

0.8 (0.79, 0.81)

0.06 (0.03,0.1)

0.99 (0.95, 1.0)

0.71 (0.69, O.74)

0.79 (0.78, 0.81)

0.83 (0.82, 0.84)

0.86 (0.85, 0.87)

SS, Random 9.9 (9, 10.9)

FS, Random 3.9 (3.1,4.8)

SS, H = 2.9 36.7 (34.5, 38.9)

FS, H = 2.9 37.5 (35.5, 39.5)

SS, H = 2.5 45.4 (44, 46.7)

FS, H = 2.5 49.6 (47.5, 51.7)

RegularSampling,ü=3

0.33 (0.32,0.34)

0.3t (0.29,o,32)

o.2 (o.tg, 0.21)

0.19 (0.18, 0.2)

0.16 (0.15, 0.17)

o.t4 (0.13, o.15)

0.68 (0.67,0.69)

0.06 (0.02,0.11)

0.78 (0.77, 0.79)

o.74 (O.72, 0.75)

0.8 (0.79, 0.82)

0.81 (0.8, 0.83)

0.67 (0.66,0.69)

0.97 (0.95,0.99)

0.83 (0.82, 0.84)

0.85 (0.85, 0.86)

0.86 (0.85, 0.87)

0.89 (0.88, 0.9)

SS, Random

FS, Random

SS, H = 2.9

FS, H = 2.9

SS, H = 2.5

FS, H = 2.5

2.r (1.6,2.7)

I (0.6, 1.3)

12.1 (10.6, 13.6)

14.8 (13.3, 16.2)

22J (2O.3, 23.9)

30.4 (27.7, 33.1)

0.31 (0.3,0.32)

0.34 (0.32,0.36)

0.29 (0.28, 0.3)

0.3 (0.28, 0.31)

o.25 (O.24, 0.26)

0.2 (0.r9, 0.21)

0.99 (0.98, l)
0,03 (0.01,0.06)

0.88 (0.86, 0.91)

0.72 (0.69, 0.75)

0.79 (0.77, 0.82)

0.77 (0.75, 0.79)

0.03 (0.01,0.05)

I (0.99, 1.01)

0.43 (0.37, 0.48)

0.69 (0.66, 0.72)

0.1 (0.66, 0.74)

0.82 (0.79, 0.84)
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Figure 3.5 Boxplots of error rate, sensitivity, specificity, and the percent deviance

explained for greater gliders with cr = 3 and extensive sampling. S = survival scenario

and F = fecundity scenario. Boxplots as for Figure 3.2.
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Discussion

Unexplained deviance arises from two kinds of errors: unoccupied territories predicted to be

occupied (false positives), and occupied sites predicted to be unoccupied (false negatives).

The ability of the model to avoid false positives is measured by the specificity, while the
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avoidance of false negatives is measured by the sensitivity (Table 3.1). The changes in the

model output described above have to be understood in the context of processes leading to

these two kinds of errors. For pedantic purposes, consider an "ideal landscape" that varies

perfectly smoothly, from the best territory in the top left corner, to the worst territory in the

bottom right (Figurc3.7). All territories above the predicted threshold (0.5) are occupied, and

all territories below the predicted threshold are unoccupied. Such a situation would lead to a

model with both the sensitivity and specificity equal to one. The key to understanding the

diversity in the model output is to recognise that specificity is generally related to processes in

the unoccupied, lower right hand corner, while sensitivity is related to processes in the

occupied, upper left corner.

Figure 3.7 An idealised landscape, where the contours represent different predicted

probabilities of occurrence. The ¡=y diagonal has a predicted probability p = 0.5, while
in the bottom right corneÍ P = 0, and in the top left p = l.

'When an individual dies in a high quality territory, that territory is a potential false positive

prediction. V/hen adult mortality is relatively high, as with the Greater Gliders, the probability

that an otherwise good territory is observed to be vacant is higher than if mortality was

relatively lower. If survival is the only component that contributes to elrors of this kind, then

the specificity of the models should be highest when survival is high, and not variable. This is

generally true for MBP, and for random or regular sampling with GG. MBP also have higher

specificity than GG when survival is not variable.

The likelihood that an otherwise high quality territory is found to be empty is not just a

function of the average survival. It is also increased if the lag between the site becoming

unoccupied and being recolonised is greater. This lag is a function of imperfect information

on the part of individuals inhabiting the landscape; they do not know the location of
unoccupied, high quality habitat. In the extreme, if habitat patches had boundaries, the biased

random walkers would not cross them before exhausting the possibilities within the current

patch. This helps to explain why predictions made on smoother landscapes have higher

specificity. As the idealised landscape becomes rough, sites in the unoccupied lower right
hand corner will exceed the prediction threshold, and be predicted to be occupied. However,
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they remain unlikely to be occupied, because all the individuals are searching in the upper left
corner, and are unlikely to cross the poorer habitat separating the new high quality sites from
the occupied, and generally high quality, region. These isolated territories become false

positive predictions, and decrease a model's specificity.

The other source of unexplained deviance is territories predicted to be empty that are in fact
occupied, or false negatives (Figure 3.5). This type of error is measured by the sensitivity of
the model. The main population process responsible for these elrors is local competition for
space. If a dispersing individual cannot locate unoccupied habitat by looking "uphill" on the
quality gradient, they gradually switch over to looking anywhere. The likelihood of
encountering a marginal site near a good site is increased on landscapes withl/ = 2.9, because

of increased "interdigitation" (eg. Figure 2.1). Increased use of marginal habitats in the

vicinity of high quality habitat has been found in other theoretical work incorporating
continuous variation in habitat quality (Milne et al., 1989; Gustafson & Gardner,1996).
However, individuals that are selecting habitat will tend to avoid the occasional poor quality
territory interspersed among otherwise good territories. Thus, sensitivity actually increases

slightly on rougher landscapes, because there is more likely to be an altemative high quality
territory nearby. This effect is reduced with increasing habitat selectivity, which generally

improves the avoidance of poor quality territories across all landscape types.

The general magnitude of variation in sensitivity is quite low across all scenarios and

landscapes when compared with variation in specificity (Figure 3.5 and Figure 3.9,Table 3.2

and Table 3.3). The sensitivities measured in this model are also generally much higher than

those reported in empirical examples. The example for greater gliders in Figure 3.1 has a

sensitivity of l3%o, while Pearce et al. (1994) reported sensitivities of 38Vo and 4O.67o for
helmeted honeyeaters (Lichenostomus melanops cassidix). As suggested in the quote at the

beginning of the chapter, the discrepancy could be due to unmeasured variables in the real

empirical system that are important components of good quality habitat. However, it is clear
from the model that even when all important variables are measured accurately the sensitivity
will never be l00%o.

The relationship between specificity and overall quality of the statistical model might permit a
general statement of how different life history characteristics influence the amount of
variation that can be explained. As described above, high survival reduces false positives.

However, it increases false negatives, because once a home range is occupied it is more likely
to remain so. If regression models are more influenced by false positive errors than false

negatives, then species with higher survival should be predicted better by logistic regression

models. MBP have higher adult survival, longer time to maturation, lower newborn survival,
and lower fecundity when compared with GG. In many cases the models explain more

deviance for MBP than GG, as expected if false positive errors (specificity) have a bigger
impact on overall error rates.

Effect of sample size and population density
From a practical standpoint, an important question to be resolved is how many sites must be

sampled to achieve a certain goal. I evaluated this for the current model by examining how the

error rate changes with sample size for GG using extensive sampling.

Paradoxically, the error rate actually increases with sample size on high dimensional
landscapes (Figure 3.8). For the smallest sample size considered (20), nearly a quarter of
replicates suffered numerical instability during the model fit. I postulate that this odd result
arises because the model is too simple. Very few points are actually needed to determine that
habitat quality is influencing tenitory occupancy. The more points that are sampled, the higher
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triangles: H =2.5). Points are medians of 100 replicate runs. Error bars are 95Vo

confidence intervals.

the likelihood of getting a relatively rare false positive or false negative, and this leads to the

increased error rate.

This effect is even clearer if a regression is calculated on the data from the entire landscape,

rather than sampling. Even in the absence of sampling variation, a logistic regression model

does not predict perfectly or explain all the deviance (Figure 3.9).

Van Horne (1933) was one of the earliest critics of density or habitat occupancy as a surrogate

for habitat quality. She highlighted several examples in which correlations failed to adequately

identify high quality habitat defined on the basis of population processes. The conclusion was

that density or occupancy is particularly likely to fail as a predictor of habitat quality when
population densities are high. This is because increased competition for high quality habitat

leads to increased numbers in lower quality habitat (ie. the losers). The conceptual background

for this conclusion is the Ideal Free Distribution model of Fretwell and Lucas (1970). The IFD
carries many assumptions that are difficult to meet, and it would be interesting to see if
population density does in fact have an impact on the relationship between habitat variables

and territory occupancy.

I considered the relationship between density and several measures of model success for some

of the data presented in the previous section with a sample size of 50. The percentage

deviance explained is negatively correlated with total population size in the sample yeÍìr on

both landscape types (Figure 3.10). The overall error rate and sensitivity are not correlated

with density. The specificity is correlated with density on high dimension landscapes (H =2.9,
r = -0.34,p < 0.001), but only marginally on smoother landscapes (fI= 2.5, r = -0.18, p =
0.0S). The significance tests in all cases have to be treated with caution because the

distributions of error rate, sensitivity, and specificity are quite skewed. The coefficient of
habitat quality in the logistic regression models is also marginally negatively correlated with
population size.
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In conclusion, the size of the population at the time of sampling does influence the quality of
the model. High density leads to poorer models by increasing the number of false positive

errors, and this reduces the accuracy of the regression model. The difference between good

and marginal habitat will be detected as smaller than it actually is. The relationships are quite

variable (small r) and not consistent across landscape types. Part of this problem arises
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because the population size I have used here is the population size at the time of sampling,
whereas the population size prior to dispersal may have a larger influence on the number of
individuals forced into poorer quality habitat.

What can pattern tell us about process?
The ultimate test of a static habitat model is whether or not it recovers information about
population processes. In this case, the processes that are of interest are bith and death rates of
individuals in the population. The question to be resolved is whether or not there is a simple
relationship between birth and death rates and the effect a habitat quality variable has on the
probability of territory occupancy. If I examine the rate at which occupied territories remain
occupied, p t t, as a function of habitat quality for any particular territory, I should be able to
determine if this relationship looks like the one for probability of occupancy. This rate is
related to the average survival rate, but because the virtual ecologist is sampling after
dispersal, it also includes the possibility that an adult dies and the tenitory is immediately
recolonised by a dispersing juvenile. I will callpll the "survival probability". Likewise, I can

determine the rate at which empty territories become occupied,pol. This is a combination of
both the number and fecundity of other individuals in the local area, and the probability of
mortality during dispersal. I will refer to this as the "recolonisation probability".

For a single run of the model with GG (Figure 3.1 1), the survival probability does not have a
similar functional form to the probability of occupancy, regardless of which life history
scenario I consider. The recolonisation probability does increase similarly to the probability of
occupancy. Furthermore, the regression slopes over 100 replicate runs for each species, life
history scenario, and landscape type, the regression of habitat occupancy on habitat quality
provides much more information about the recolonisation probability than the survival
probability (ie. higher r, Figure 3.12, Figure 3.13, and Table 3.4). The random landscape runs
can be generally discounted here, because the occupancy models for many replicates are in
fact not significant. In this case the regression slope is randomly varying around zero. For GG,
and ignoring the random landscape runs, only three of sixteen correlations between retention
probability and occupancy slopes are significant at the 0.05 level, compared with all
correlations with colonisation probability. Four of sixteen occupancy vs. survival probability
correlations are significant for MBP.

Conclusions
The first main point of this chapter is that habitat occupancy analysis can never explain I00Vo

of the variability in habitat occupancy. Residual variance will persist, inespective of the
number of habitat variables that are measured, the accuracy of wildlife surveys, or the number
of samples taken. In the current model the single source of variability in population process

rates is perfectly measured, and there is no error in occupancy measurement. The virtual
ecologist still struggled to explain more the 5OVo of the deviance under these ideal conditions.
If real wildlife ecologists think they explain more deviance by doing survey work and

measuring more habitat variables then they are clearly wrong.

The second main point of this chapter is that habitat occupancy models do provide some

information about population process rates, but not about all process rates. The main
information provided is an upper bound on the probability that an unoccupied site becomes
occupied. This probability is a combination of natal dispersal ability and the proximity of
occupied good habitat. This recolonisation probability varies substantially across the
landscape regardless of what population process is influenced by habitat quality. It is probably
more accurate to interpret a significant effect of habitat on occupancy as indicating a high
probability that the species occurs in the vicinity of sites with those characteristics, and is able
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Table 3.4 Relationships between survival or recolonisation rates and predicted
occupancy probabilities. Pearson product-moment correlation coefficients are given for
the regression slopes of either Colonisation probability (pot) or survival probability (p¡¡)

vs. occupancy. SS is survival scenario, FS is fecundity scenario. Values in brackets arep
values from a parametric test of the hypothesis that r = O.

Mountain Brushtail Possum Greater Glider

Col. vs. Occ. Surv. vs. Occ Col. vs. Occ. Surv. vs. Occ.

Random Sampling,cr = 3

SS, Random 0.131 (0.195)

FS, Random 0.584 (< 0.001)

SS, H = 2.9 0.566 (< 0.001)

FS, H = 2.9 0.561 (< 0.001)

SS, H = 2.5 0.535 (< 0.001)

FS, H = 2.5 0.386 (< 0.001)

Extensive Sampling, cr = 3

SS, Random 0.236 (0.018)

FS, Random 0.506 (< 0.001)

SS, H = 2.9 0.565 (< 0.001)

FS, H = 2.9 0.678 (< 0.001)

SS, H = 2.5 0.564 (< 0.001)

FS, H = 2.5 0.35 (< 0.001)

Extensive Sampling, cr = l0

SS, Random 0.302 (0.002)

FS, Random 0.515 (< 0.001)

SS, H = 2.9 0.523 (< 0.001)

FS, H = 2.9 0.561 (< 0.001)

SS, H = 2.5 0.379 (< 0.001)

FS, H = 2.5 0.38 (< 0.001)

RegularSampling,ü=3

0.076 (0.4ss)

0.483 (< 0.001)

0.24s (0.014)

0.247 (0.013)

0.102 (0.314)

0.047 (0.64)

o.23e (0.017)

0.4r5 (< 0.001)

0.116 (0.2s)

0.122 (0.228)

0.2t6 (0.031)

0.138 (0.17)

0.164 (0.103)

0.595 (< 0.001)

0.473 (< 0.001)

0.645 (< 0.oor)

0.613 (< 0.00r)

0.697 (< o.oo1)

o.t2r (0.232)

0.346 (< 0.001)

0.546 (< 0.001)

0.655 (< 0.001)

0.516 (< 0.001)

0.536 (< 0.001)

0.2 (0.046)

0.24s (0.014)

0.303 (0.002)

0.0s1 (0.611)

0.008 (0.e36)

0.019 (0.85r)

-0.0s6 (0.s81)

0.267 (0.007)

-0.061 (0.s4s)

-0.t22 (0.226)

0.303 (0.002)

0.044 (0.662)

0.099 (0.32s)

0.139 (0.167)

0.027 (0.793)

0.194 (0.053)

0.033 (o.74r)

0.206 (0.04)

0.204 (0.042)

0.062 (0.537)

o.r22 (0.227)

0.ls (0.136)

0.049 (0.629)

0.187 (0.063)

0.01 (0.9le)

0.29 (0.003)

0.168 (0.0es)

0.116 (0.2s2)

-0.018 (0.8s8)

0.26t (0.009)

o.279 (0.005)

0.452 (< 0.001)

0.568 (< 0.001)

0.367 (< 0.001)

0.414 (< 0.001)

0.416 (< 0.001)

SS, Random

FS, Random

SS, H = 2.9

FS, H = 2.9

SS, H = 2.5

FS, H = 2.5

0.191 (0.0s7)

0.494 (< 0.001)

0.552 (< 0.001)

0.58 (< 0.001)

0.606 (< 0.001)

0.536 (< 0.001)

0.r34 (0.183)

0.331 (< 0.001)

0.335 (< 0.001)

0.046 (0.649)

0.012 (0.909)

0.ts7 (0.119)

o.164 (0.103)

0.s15 (< 0.001)

0.329 (< 0.001)

0.587 (< 0.001)

0.599 (< 0.001)

0.608 (< 0.001)
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to disperse there. There is no information about survival rates. This lack of information about

survival and fecundity rates is unfortunate, because spatial variation in these rates influences

the probability of extinction of populations. Population extinction or quasi-extinction risk is
especially sensitive to variation in survival (McCarthy et al., 1994; Letcher et al., 1998), and it
is this rate that habitat occupancy models provide the least information about.

The third point is that the model has not included everything that might have an impact on

whether or not spatial variability has a detectable effect on habitat occupancy, and most of
these omissions would make the relationship harder to quantify, not easier. For example, the

landscape is static. Real landscapes shift and change according to the natural processes of
succession and disturbance, and in response to human manipulations. If such processes mean

that the landscape changes slowly at spatial scales related to dispersal distance, then temporal

variation in habitat quality should not influence the relationship between occupancy and

quality, because populations will be able to track the changes. Problems will arise when

succession or disturbance, particularly human generated disturbances, occur faster on larger

scales. Essentially, this leads to fragmentation of the landscape, blocking dispersal to other

patches of suitable habitat.'Wiens and Rotenberry (1987) observed this failure to track habitat

changes in the course of their regional scale study of bird responses to habitat structure. At
their Fort Rock site the habitat structure shifted over a three year period in a direction that

their statistical models predicted decreased density or complete absence of Horned Larks
(Eremophila alpestris). Lark density did not decrease. significantly over the same period at this

site.

The second important feature of real populations that is missing from the model are dispersal

barriers that make movement between habitat "patches" difficult and rare. The model

landscape is essentially a single "patch", in the metapopulation sense of the word. 'Whether or

not a patch has good habitat is less important that the proximity of that patch to other occupied

patches (Gustafson & Gardner, L996). Predicting occupancy of patches from a set of snapshot

observations within a continuous region will tend to overpredict the presence of a species in
isolated patches.

The third thing that I have not attempted to do here is directly model the spatial distribution by

including information about location or occupancy in neighbouring territories in the habitat

models (eg. Augustin et al., 1996). Such information will generally not be available at the

home range scale because it requires sampling effort of a much greater magnitude than point

estimates of occupancY.

Direct estimation of extinction and colonisation rates from occupancy data (Hanski, 1994) is a

relatively new idea that has not yet been widely applied (for eg. see Quintana-Ascencio &
Menges, 1995). The basic idea of this "incidence function estimation" is to treat extinction

and recolonisation of subpopulations as a markov chain process at equilibrium. Under this

assumption it is possible to estimate the relationship between these metapopulation process

parameters and occupancy, as long as there is a mainland present (ie. a patch immune to

extinction). In the absence of a mainland, the only stationary state for a metapopulation is

complete extinction. If patches are occupied, the observed state may be quasistationary, but

applying the incidence function assumption of stationarity leads to underestimation of
extinction rates (Hanski, 1994; Day & Possingham,1995).Incidence functions have been

structured primarily at the metapopulation scale, where the processes of interest are extinction

and recolonisation. The distinguishing characteristics of habitats at this scale is generally the

size and isolation of patches. However, many management problems are focused at finer
scales, within single populations. At this scale, it is probability of death and dispersal of
individuals that is being estimated, and the number of relevant habitat characteristics is much

larger. The results of this study indicate that applying the incidence function concept at this
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finer scale is likely to be futile. Variation in survival (extinction) rates has a large impact on
population dynamics, but is undetectable by occupancy at the home range scale.

I have developed a new concept of experimenting with models that transcends traditional
power analysis: the "virtual ecologist". This concept is increasing in importance for
conservation biology and other ecological disciplines where empirical experiments are

impossible because of the temporal and spatial scales involved (Turner et al., 1995). In these

fields many studies rely on "snapshots" at single points in time to understand processes that
cannot be measured easily. This critical assessment of the conditions under which snapshot
data can be extrapolated to understand processes is timely. Snapshot data provides little or no
information about process rates at individual scales; the rates that are needed to make
management decisions.
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Chapter 4 Multi-scale analyses of Density Dependence in a parasitic
tick

lntroduction
The issue of what forces are responsible for regulating the abundance of organisms has been a

source of controversy among ecologists for decades (Peet, 1991), and the debate shows no

signs of abating (Bonsall et al., 1998). Density dependence must operate at some level of
abundance, if only in competition for living space (den Boer, 1991). For example, it is not
possible for an ectoparasitic tick to reach densities much higher than the surface area of the

host divided by the area of a tick! However, in many systems, density dependent effects on

process rates are absent or undetectable at typical densities (eg. Hassell et al., 1987; Roitberg

et al., 1990; den Boer, l99l; Stiling et al., 1991).

The controversy over the extent to which density dependence regulates populations extends to
parasitology. Two recent books on the ecology of parasites make opposing statements about

density dependence, with Smith (1994) asserting that abundant evidence exists for density

dependent population regulation, while Esch & Fernández (1993) assert that most parasite

populations are regulated in a density independent fashion. It is not an idle question.

Calculating the efficacy and cost of parasite control measures in human and agricultural
animal populations relies on a detailed knowledge of population regulation at the level of
"infrapopulations" (within single hosts, Esch & Fernández, 1993), and metapopulations
(among all hosts in a population). Most work on population regulation in parasites has been

done on endoparasites such as intestinal nematodes or cestodes (eg. Anderson & Gordon,
1982; Guyatt et al., 1990; Srividya et al., l99l; Goater, 1992), and under laboratory
conditions. Often the primary interest in looking for density dependent processes is to evaluate

the potential of the parasite to regulate the host population (eg. Lampo & Bayliss, 1996; Vail
& Smith, 1997), or of the potential for acquired immune responses over a host's lifetime (eg.

Dizij & Kurtenbach, L995). Density dependence of a process on within host parasite burden

has been found in parasite fecundity, survival, development, and host mortality (Smith, L994),

and all of these influence both population regulation, and the observed dispersion of parasites

among hosts (Anderson & Gordon, t982).

This chapter, and the following one, are motivated by an interest in the population regulation

of an ectoparasitic tick of reptiles in Australia,Aponomma hydrosauri.The processes

regulating this species are of interest for a purely ecological reason, as opposed to the practical

matters discussed above. The biogeographical distribution of A. hydrosauri forms a sharp

parapatric boundary with a second tick species, Amblyomma limbatum, across south-eastern

Australia (Petney & Bull, 1984; Bull et al., 1989; Chilton & Bull, 1996). This boundary is not

maintained by predation (Chilton & Bull, 1996), or interspecif,rc competition (Bull et al.,

1989). Mating interference may play a role (Andrews et aI.,1982), as may climate, but these

effects are either weak, or one-sided (ie. low moisture preventing A. hydrosauri ftom moving

north). Bull & Possingham (1995) developed a simple landscape model of parapatry and

showed that very weak competition (ie. nearly undetectable) could maintain a parapatric

boundary if habitat quality fluctuated in space in a wave-like fashion. Neighbouring species

could co-exist where habitat was good (on the crest of the wave), but weak competition would
prevent them from crossing the neighbouring trough.

Given the lack of obvious competitive mechanisms operating between the two species, it is
worth asking what evidence is available for population regulation within A. hydrosauri, ie. is

there any evidence for intraspecific competition. In this chapter, I examine a spatially and

temporally extensive data set of tick abundance (donated by Prof. C. M. Bull) for evidence of
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density dependent population regulation. In the next chapter, I develop an individual based
model of the tick population to explore the extent to which the mechanisms identified in this
chapter affect population dynamics.

A fundamental question, of a technical nature, is how one might detect density dependence.
This is especially difficult in a spatially complex environment. There are two different, broad
approaches to the detection of density dependence in the field. The first is based on key factor
analysis of mortality within life history stages of insects (Varley et al., 1973), and the second
is based on analysis of abundance time series (Bulmer, 1975). Key factor analysis involves the
calculation of mortality rates for individual life history stages, either over time series or within
single generations. Hassell (1987) noted that these values could be regressed on density, and
significant regressions would indicate the presence of density dependence for that mortality
factor. This analysis has been most broadly applied to insect data sets, as entomologists collect
substantial information on life stage specific mortalities in the context of pest management.
Medical parasitologists have also employed this method. Studies based on this method have
drawn conflicting conclusions about the importance of density dependence (Stiling, 1988;
Hassell et al., 1989; Strong, 1989). Some of this confusion may be related to the spatial scale
of the analysis relative to the spatial scale of population mixing (Ray & Hastings, 1996).I will
return to this problem later.

Bulmer's (1975) time series analysis assumes that populations can be adequately represented
as random walks. A random walk with density dependent growth tends to have a lower
correlation at a time lag of one unit (years, generations or whatever is appropriate), and he
designed a test based on detecting significant deviations from the random walk model. This
idea has not enjoyed the same wide applicability as key factor analysis, because it relies on the
availability of accurate, long time series of abundance data with no trend. Pollard et al. (1987)
extended Bulmer's (1975) analysis, relaxing some assumptions by using bootstrapping to
perform significance tests. However, these time series methods are heavily dependent on the
assumption of no sampling error. The presence of even moderate amounts of sampling error
strongly biases these methods towards the detection of density dependence (Bulmer, 1975).
Woiwod and Hanski (1992) used these and other time series methods to analyse insect
population data from the Rothamstead insect survey, and concluded that both direct and
delayed density dependence was widespread in moth and aphid populations in England.

There is a third method of detecting density dependence that appears to be peculiar to the
study of parasites. The often extreme overdispersion (s2 >> m) of parasites among hosts has
long intrigued ecologists since Crofton (197I) first used the negative binomial distribution to
quantify overdispersion. Note that in this chapter I will follow the customary practice of
parasitologists by using the term overdispersion to refer to the state in which the variance is
greater than the mean, while underdispersion refers to the variance being /¿ss than the mean.
This is the opposite to much of the ecological literature (and some other parts of this thesis)
concerned with spatial pattern, in which the term overdispersion refers to a pattern that is
more regular (ie. s2 < m in a distribution of quadrat counts; Krebs, 1989).

Anderson & Gordon (1982) elucidated the relationship between population dispersion and
population dynamic processes of birth, death, immigration, and emigration. They summarised
their arguments with a "dispersion spectrum" (Figure 4.1), using the variance/mean ratio as an

indication of dispersion. The basis for interpreting changes in dispersion is a simple stochastic
model where the number of parasites of a particular stage on a host is a balance between birth,
death, immigration, and emigration. Direct reproduction of the parasite within the host or
heterogeneity in the rate of emigration off hosts, or the death of parasites on hosts increase
dispersion. These processes increase dispersion because they result in some hosts developing
much higher parasite populations than others. Parasite induced mortality of hosts, or positive
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density dependence in immigration onto hosts or mortality rate of parasites on hosts will
reduce dispersion. These processes reduce dispersion by preferentially reducing large
populations within hosts. Therefore, if dispersion is reduced when density increases, it is at

least possible that density dependence in immigration or mortality rates are responsible. This
conclusion has been asserted for at least one species (Lampo & Bayliss, 1996).

Dispersion Spectrum

.2/* ->o s2lx =l s2/x ->-

d
l\ü

,t

All hosts harbour
the same number
of parasites

Parasites
randomly
distributed

Random

s2lx = I
Over-dispersion

s2lx > I

All hosts uninfected
except one which harbours
all the parasite population

Under-dispersion

s2lx < 1

Factors which generate under-dispersion

(1) Density-dependent parasite mortality
or immigration rates

(2) Parasite-induced host mortality

Factors which generate over-dispersion

(1) Direct reproduction of parasites
within the host

(2) ttreterogeneity between hosts in
mortality or immigration rates of
parasites

r

Figure 4.1 The dispersion spectrum for parasite distributions among hosts, indicating
the processes that either increase or decrease dispersion. Adapted from Anderson &
Gordon (1982).

Density dependent decreases in aggregation or overdispersion have been noted in other host-

parasite systems (eg. Scott, 1987). Kretschmar & Adler (1993) developed a general model of
host parasite dynamics that incorporates the effects of aggregation, and showed that a positive
relationship between the mean density and an aggregation parameter stabilises the population

dynamics. However, their model makes one critical assumption that host mortality rates

increase linearly with parasite burden. If the effect is truly zero, then the Kretschmar & Adler
model predicts that there will be no positive equilibrium, ie., the populations are completely
unregulated.

Traditionally, the study of density dependence tends to assume that populations are closed.

This assumption can be bypassed by conducting the analysis at multiple scales. For example,

analysing the data set in toto for the landscape scale, and then analysing subdivisions of the

data independently to "zoom in" on the population processes. The analysis of problems like
this one at multiple scales of observation is a major challenge in ecology (Schneider, 1994).I
will use a multiple scale approach, starting at the whole landscape scale and zooming down to
the individual scale, to try and identify the extent to which spatial and temporal variation in
process rates can contribute to population regulation inAponomma hydrosauri.

First, I consider temporal trends in tick abundance across a range of scales. The detection of
trends is important for the interpretation of the analysis of density dependence. Second, I look
for density dependent signals in the dispersion of ticks among hosts at the landscape scale.

Third, I employ two different time series analyses for the detection of density dependence.

Finally, I analyse the probability of successful engorgement by larvae to identify possible
density dependence at the individual scale. This work is exciting because it brings new
methods to bear on parasite population regulation at a range of scales, made possible by a data

set unique in its spatial and temporal scope.
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Study Species
A. hydrosauri is a parasite of large reptiles in southern Australia. At a site near Mt. Mary,
South Australia, the predominant host is the sleepy lizard, Tiliqua rugosa. Ticks in this region

also infest Bearded Dragons (Pogonaviticeps), sand goannas (Varanus gouldii), and brown
snakes (Pseudonaja textilis). These alternative hosts are both less common and less commonly
infected at the study site, and are hereafter ignored.

The life cycle ofA. hydrosauri has 4 stages: egg, larva, nymph, and adult (Sharrad, 1979;

Chilton, 1939). Only the last 3 stages attach to hosts. There is no requirement for each stage to
use a new host, but this may occur by chance. No development occurs in the colder months

between May and August, with all engorgement and host attachment activity occurring

between September and April. Each host stage begins with attachment to the host, followed by

a period of engorgement while the tick feeds on the host (Figure 4.2). V/hen engorgement is

complete, the tick detaches from the host when the host enters an overnight refuge site.

Detaching is followed by a pre-moulting period of variable duration. Following moulting, a

tick waits in the refuge for a new host to attach to, beginning the cycle again. The cycle ends

with engorged adult females detaching and laying eggs. Adult males remain on the lizard
waiting for several months for potential mates to board.

In any ecological analysis it is important to consider the relationship between the scale of
analysis and the scale of appropriate ecological processes in time and space. Individuals take

approximately one wann season (September to April) to complete development, so the

appropriate temporal scale is annual. Some ticks can complete development faster, and it is
important to note that development is not synchronised into cohorts, as it is in some northern
hemisphere temperate tick species (eg. Vail et al., 1994).In space, the number of ticks present

on a particular lizard will be related to previous numbers in an area from which ticks could
recruit to that lizard. Ticks require three hosts to complete development, therefore the greatest

distance over which a tick could move during development from egg to adult is three times

the host's home range diameter, if it boarded a new host each time, and the host home ranges

only just abutted. The probability of boarding a different host will increase with the degree of
overlap between host home ranges. Therefore movements of three home range diameters will
be rare, because the higher the overlap between home ranges the less extra distance can be

gained. Movements over longer distances will be possible, for example on juvenile hosts

during natal dispersal, but these will be rarer still. Field observations place the average home

range size at around 3 ha (Bull & Baghurst, 1998; Bull et al., 1998; Bull & Freake, in press),

or approximately 100 m in radius if home ranges are assumed to be circular. Therefore the
"ecological neighbourhood" (Addicott et al., 1987) of recruitment is about 600 m, and it
seems reasonable to suppose that tick populations in I km2 regions are likely to be fluctuating
largely independently of populations in neighbouring regions. I will present data at this fine
scale, but small sample sizes prevent me from performing most analyses. Analyses at the

larger scales are likely to be averaging over regions that are responding independently to
variation in abiotic and biotic factors affecting population dynamics. This large scale

averaging over heterogenous regions may reduce the power of density dependence analyses

(Ray & Hastings, 1996).

The second tick species in this region, Amblyomma limbatum, has a sharp parapatric boundary
with A. hydrosauri in the middle of the study site (Petney & Bull, 1984; Bull et al., 1989;

Chilton & Bull, 1996).I ignoreA. Iimbatum in this work, and exclude captures of lizards from
the A. Iimbatum side of the boundary for my analysis ofÁ. hydrosauri population dynamics
(see below for details).
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Figure 4.2 Flowchart of the various life history steps a larva goes through. Rounded

rectangles indicate each stage, while rectangles with shadows indicate the endpoint of
male and female tick life histories.
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Data collection, culling, and transformation
The dataset consists of 15 years (1982-1997) of captures of Sleepy Lizards Qiliqua rugosa)

along 6 transects in the Mt. Mary region of South Australia (Figure 4.3), at a spatial resolution

of 50 m (see Bull, 1995, for further details). Each data point is a count of a number of ticks on

alizard at a point in time and space. I use the year in which the season began to identify the

time (ie. all captures in that season are lumped), and lump captures into I km segments along

each transect. The spatial location is therefore specified by a transect number and a position

on that transect, measured in I km units. I excluded all captures of lizards that did not occur
directly on one of the six transects, to ensure that I am sampling a band of uniform width
along all portions of the transect. This resultedin22952 captures of T. rugosa over the 15

years of the study.

Captures of individual lizards occurred at random, and consequently at variable intervals. If a
liza¡d is captured twice in quick succession there is a high likelihood that ticks present at the

first capture are also present at the second. These observations oftick abundance are not
independent. Therefore, I exclude from the dataset all captures that occurred less than29
(larvae take 30 days on average to engorge, and most ticks are larvae) days after a previous

capture of the same lizard. This applies to 5932 records out of a total of 22952,leaving us

with a total record set of 17ll5.

As an aside, it may seem that it is possible to calculate the proportion of records that will not
be independent, given information about the distribution of engorgement times. This
calculation could then be used to efficiently choose a cutoff for making the records relatively
independent. In practice, this is very difficult, if not impossible. Consider two captures of the

same lizard, f days apart. The lizard has 10 larvae on board at each capture. Superficially, it
would seem that if time to engorgement is normally distributed, then the probability that any

one of the ten ticks on the initial capture is still present in the second capture is l-N(¡r,o2),

where N0 is the cumulative normal distribution with mean p and variance o2 of the

engorgement time for larvae (see Chapter 5). However, the time at which each larva initiated
feeding relative to the time of capture is unknown. The simplest assumption is that the initial
capture occurs halfway through the distribution, in which case using the mean time as a cutoff
will lead to >95Vo of larvae having dropped off before the next capture occurs (30 days is 2.6

SD of the larval engorgement distribution).

As mentioned above, the site is divided in two by a parapatric boundary betweenÁ.

hydrosauri on the south, and A. Iimbatum on the north side. There are few, if any,A.
hydrosauri north of the boundary. I eliminated this large scale heterogeneity and further
reduced the dataset by dividing each transect into 1 km blocks, and excluding captures from
blocks that had either, less than 100 lizard captures over the duration of the study, or less than

0.25 A. hydrosauri I lizard over the duration of the study. This ensures that I am concentrating

only on \izard captures south of the tick boundary, and that the calculations at all scales are

based on a reasonable number of captures. Transect 6 is entirely eliminated under these

criteria. This leaves a total of 7774 captures. The final number of captures in all years for each

transect is shown in Table 4.1.

Finally, I excluded adult male ticks from all counts of adult ticks on lizards. Male ticks remain

attached to hosts for extended periods of time, and therefore have the possibility to bias the

numeric results, although their numbers are generally quite low (average less than 1 male /
capture). It is possible that average male numbers influence population dynamics through an

Allee effect, as adult females do not engorge until mated. I ignore this possibility in the

current analysis. For most of the analyses that follow, I use the total number of ticks on a
lizard,lumping all life history stages together (except adult males).

I

I
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Figure 4.3 Map of the study transects near Mt. Mary, SA (13f40'8,34"02'S). The

number of each transect is indicated. Transects are dirt roads, and the small crosses

indicate the ends of the regions included in the analyses.

Temporal dynamics
I consider the dynamics of the system at three scales. First, by looking at the entire study area

over all transects. I refer to this as the "landscape" scale. The next scale down is to examine

each transect individually. I refer to this as the "transect scale". These two scales are both

large, relative to the ecological neighbourhood of recruitment. The smallest scale I consider is

to break individual transects into I km blocks. I will refer to this as the "population" scale,

assuming that neighbouring I km blocks have more or less independent populations of ticks.

At each scale, I calculate the average number of ticks per lizard in each year from the

empirical data.

The absence of a trend with time would be suggestive of population regulation, although a

trend does not exclude the possibility of density dependent regulation. A trend does render

some time series tests inconclusive, and therefore it is important to identify a trend if it exists.
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Table 4.1 Number of liza¡d captures by year and transect after non-independent

captures, and locations with too few captures or no ticks have been eliminated. Bottom
row indicates the total sample size, and the number of 1 km blocks retained for each

transect.

Transect

YearI2345
Landscape
Total

t982

1983

1984

1985

1986

t987

1988

1989

1990

r99t

1992

r993

1994

1995

1996

1997

65

165

151

192

195

283

339

389

240

225

126

174

110

170

125

t39

25

38

35

36

t7

30

T9

t7

t6

t6

5

13

31

48

T7

33

toz

142

194

162

221

142

97

98

r25

tzt
t7l
190

83

79

31

55

151

r39

100

189

146

124

88

111

59

135

105

103

47

43

39

60

80

105

r06

77

63

64

4t

40

32

30

65

254

346

563

603

622

859

801

584

504

441

423

470

536

391

312

# blocks
retained 1236997774

I tested for the existence of a temporal trend in tick abundance with a simple linear model

applied to the logarithmically transformed data. A logarithmic transformation is appropriate in
this instance because tick density cannot decrease below 0. The transformation corresponds to

the assumption that tick density is log-normally distributed. Preliminary tests indicated that

the 1982 value had an excessive influence on the regression (high leverage), and it was

eliminated from the final analysis. 1982 had the smallest number of captures of any year, and

was a year of severe drought.

Results & Discussion

The tick population fluctuates in space and time (Figure 4.4). At the landscape scale there

appears to be a general trend towards increasing tick density. 1987,1990, and 1993 stand out
as particularly high density years. 1997 may also be a peak density year. These peaks are

reflected in the transect scale data as well, although each peak tends to occur predominantly

on one transect. There is a suggestion that densities on other transects increase at the same
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time, although not to the same extent, and not consistently across all transects. For example,

from 1993 to 1994 transects 1, 3, and 5 decreased in density, while transect 2 increased.

The apparent temporal variation is even greater at the population scale (Figure4.5). The peaks

in 1987, 1990, and 1993 appear at some locations on some transects. Peaks in other years

appear at this scale. The temporal variability also appears to increase in locations nearest to
the boundary, particularly on Transect 1.

The unpredictable nature of the peaks in the data is possibly a result of variable sample size.

The largest average tick densities tend to be associated with low sample sizes (Figure4.6).
High numbers of ticks do occur occasionally. If a single observation of many ticks is made at

a time and place when relatively few other captures are made, then this large observation will
tend to skew the mean to a greater extent than if the sample size was larger. This does not
have much influence on the general increasing trend in tick density with time, especially at the

landscape scale. Most of the excessive peaks observed at the smaller scales occur earlier in the

time series, and if anything bias the sequence towards a smaller increase than would be

otherwise observed. One possible solution to this problem would be to recalculate the

observations with robust statistics such as the median and the median absolute deviation
(Venables & Ripley, 1994). This is not as straightforward as it seems at first appearance,

because the median number of ticks in most years is zero.

There is a linear increase in log-transformed tick abundance with time at the landscape scale

(Ft,ts=20.O4,p<0.001, xt=0.99+0.096t,R2=0.61, t={2,...,16}).Atthetransectscale,
there is a significant linear trend for transects 1, 3, and 5 (Table 4.2).The trend for transect 5

is the least significant, and also has two large positive residuals in 1993 and 1997.I have not
attempted to test for trends in the population scale analysis, because the sample sizes are small

and highly variable. There does appear to be a trend on Transect 1, particularly locations -9 to
-7.

Table 4.2 Results of linear models fitted to log-transformed tick density at the transect

scale. All tests had 1, 13 degrees of freedom, except for transect 5 with 1, I l.

Transect Intercept Slope F p

1

2

3

4

5

2.02

1.40

o.97

r.75

-5.6

0.82

0.43

0.73

0.21

r.34

10.5

1.40

15.49

1.99

6.052

0.006

o.26

0.002

0.18

0.03

Given that the overall abundance of ticks appears to be increasing with time, the question

arises as to what other parameters of the tick population might be changing with either density

or time. In the next section I analyse the distribution of ticks among lizards in more detail,

using maximum likelihood methods to fit parametric distributions to the capture data.
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Figure 4.6 Tick abundance as a function of sample size. Each point is a locationlyear
combination at the population scale. Transect 5 is not shown, but has a similar pattern.

Distribution of Ticks among Hosfs
It might be possible to summarise the ecological processes that determine the distribution of
ticks among lizards with a parametric distribution. If the parameters of the distribution have

physical interpretations, then some insight into the variability of ecological processes across

scales or through time can be gained. Counts of parasites among hosts are typically highly
aggregated, with the variance being much larger than the mean, and these data are often
summarised with the negative binomial distribution (Smith, 1994). The negative binomial can

be derived from a physical model of a poisson (ie. random) process where the rate parameter

has a gamma distribution (Hilborn & Mangel, 1997).
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In this case, if ticks board lizards independently of each other, the number of ticks on a lizard
would be a poisson distribution with a rate parameter m

rr{n1r¡-r}= ry ( 4'1)

However, n is not a constant, because it will vary with the local tick abundance, the number
of refuge sites, and the local host population abundance. If I assume that this variability in the
rate parameter can be modelled with a gamma distribution with parameters k and a

ao

f(k)Pr{m(t) - r} = ,-os ,k-l ( 4.2)

then the negative binomial distribution will be a good description of the distribution of ticks
among lizards (Hilborn & Mangel, 1997). The extra "clumping" parameterk describes the

shape of the variability in the rate parameter m; if k < 1 the mode of the rate parameter is zero

and the distribution tails off quickly, while if k > I mhas a non-zero mode (Figure 4.7). a is a
nuisance parameter when the poisson and gamma distributions are combined becausem= Aa.
If ¿ is assumed to be constant,k will increase linearly withm and the slope will be a.

5
Rate Parameter, m

10

Figure 4.7 Two gaÍrma distributions with the same mean. The mean rate parameter of
the resulting negative binomial distribution, m = k I a.Thick line has k = l, a = l, and

consequently m- 1. Thin line has k=2, a=2, and consequently m= l.

I determined the best fit parameters for the negative binomial by minimising the negative log
likelihood (Hilborn & Mangel, 1997) calculated as:

1

0.9

0.8

> 0.7
'-tD

6 0.6
tt
å 0.5

€ o.¿
.C¡

å 0..

0.2

0.1

0

0

r(utm,¿ ) = -i r"tw (h)r (#)' 
)

(4.3)

where Y is n observations of numbers of ticks on lizards, ln is the mean, and k is the
aggregation coefficient. I used the nlminb algorithm in S+ V4.0 to perform the calculations. I
checked that the negative binomial model is a reasonable description of the data using G-tests
(Sokal & Rohlf, 1981). High numbers of ticks were lumped together to ensure that all
categories in the G-test were non-zero, with the same lumping used in all years for a given life
history stage. I eliminated 1982 and 1983 from all these tests because the minimisation
algorithm to encountered numerical difficulties with the smaller numbers of captures.
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Results & Discussion

The frequency distribution of ticks among lizards at the landscape scale over all years is

highly skewed with a mode of 0 and a median of I (Figure4.8). The maximum number of
ticks observed on a single lizard was 1060, but95Vo of liza¡ds captured have 30 or fewer ticks.
Less than l7o of. captured lizards had more than 100 ticks. The negative binomial distribution
does not fit the data well, under-predicting the smallest and largest categories and over-
predicting all others.

The lack of a satisfactory fit for the distribution of total tick numbers could arise from
multiple causes. First, there could be variation in the parameters between years, over and

above what can be incorporated by assuming a gamma distributed rate parameter for a poisson

distribution. The second reason could be a failure of the assumption of independence between

ticks. This is particularly likely to be false for larvae, because they will tend to be found in
clumps wherever an adult female has laid eggs. I re-estimated the parameters of the total tick
distribution within each year at the landscape scale. All but one year still do not fit a negative

binomial distribution (Table 4.3). If the parameters are estimated for each of the three life
history stages within each year, the negative binomial distribution does fit for most years

(Table 4.3). The distribution of adults fits a negative binomial distribution most often, and the

distribution of larvae fits least often. This intuitively matches the observation that larvae board

lizards in the least independent fashion. The number of random processes that separate

individual nymphs (engorgement, moulting, waiting for a host) and adults means that they are

more likely to be boarding hosts independently of one another.

If the estimated parameters are in some way related to ecological processes underlying the

observed distribution, it is of interest to see if they vary systematically with density or time.
For all three life history stages k,the aggregation coefficient, increases with increasing density
(Figure 4.9). In addition, the average density of all three life history stages show strong

positive trends with time, matching the observation at the landscape scale for the total
population.

The observation that k,the clumping parameter of the negative binomial, increases with
density is interesting. This matches the intuitive expectation from the physical interpretation
of the negative binomial given above: an increasing k means that the average rate at which
ticks board lizards is increasing. This pattern has also been interpreted as evidence of a
decrease in "aggregation" as a result of density dependent processes (Lampo & Bayliss, 1996).

However, as highlighted above, the parameter/< does not independently determine the degree

of aggregation as measured by the variance to mean ratio (VMR). The variance also increases

with the mean, as can be seen in the larger error bars at higher densities inFigure 4.4 and

Figure 4.5. If the negative binomial distribution is a reasonable description of the

distributions, then the increase in variance must be arising from the direct relationship
between the mean and variance in this distribution (Hilborn & Mangel, 1997):

^ It2
o2 = tt*l (4'4)

If k is linearly related to ¡r, then the variance will still be linearly related to increases in the

mean, because the net effect of a density dependentk reduces the square term to a linear term.

Replacingkwith a.¡t(ie.kisalinearfunctionof pwithaslopeof aandaninterceptof 0),

and rearranging (4.4) to find the variance to mean ratio:

I
= 1+-

a%
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Table 4.3 Goodness of fit tests using the G statistic for each life history stage, and the
total population in each year at the landscape scale. The degrees of freedom were
calculated as n - D - 1, with n being the number of categories, m the number of
parameters estimated from the data(m=2 in all cases). Counts higher than n were
lumped into the nth category for the test. Tests significantly differing from a negative
binomial distribution are highlighted by shading.

Larvae Nymphs Adults Total

Year G (8 dÐ p G(5dÐ p G(1dÐ p G(6dÐ p

1984

1985

1986

t987

1988

1989

1

l99l
1992

t993

1994

t995

1996

1997

t0.27

12.83

14.84

TO.4T

9.96

9.99

r0.52

7.98

13.03

0.25

0.r2

0.03

0.00

0.00

4.87

6.45

4.63

5.1 l
2.32

9.81

7.41

5.23

3.52

2.88

9.94

0.43

0.27

0.46

0.40

0.80

0.01

0.08

0.19

0.39

0.62

0.72

0.00

0.01

0.08

r.36 o.24

0.00

0.67

o.20

0.32

0.08

0.50

o.67

0.33

0.12

0.25

o.22

0.63

0.20

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.20

0.00

0.00

0.00

0.00

0.00ffiffKff
0.01

0.06

0.24

0.27

o.27

0.23

0.44

0.11

0.18

1.68

0.97

3.07

0.46

0.18

0.93

2.45

r.34

1.51

0.23

r.63

8.51
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time (8, D, F) for larvae (4, B), nymphs (C, D), and adults (8, F) at the landscape scale,

Points marked with X do not fit a negative binomial distribution (Table 4.3). The
correlations between the aggregation coefficient and average density are A)r = 0.7, B) r
= 0.78, and C) r = O.72. p << 0.01 for all three correlations.

o

X
o o

o

o
o

o

o
oB

xX
xx

o

o

o o
o

X

o o
x

oc

X

o

o
o

o

o

o
o

o
o

o
X

o
XD

9O

Xo

o

o
o o

o
o

o
o

oE

o

f
x oo 9o

OO

o
o

o

o
o

o

oF

72



o

@

o
o

o

A
o

o

oooooo

o
o

o
(Ð

oro
FÀI(ú
(f,
-oõ ô,r
(¡)

=rtOF
(,)
c.(ú o
(ú

ro

oo(Ð
o
(ú
îÍ.
E8o(\¡
ë
0)8^.qõ
ÈF

o

0 5 10

Average Larvae / Lizard

0.2 0.3

Average Adults / Lizard

15 0.5 1.0 1.5

Average Nymphs lLizard

q
.g (Ð

(ú
É.
cu?(ú (\¡
o
ë8ccô¡
(u

(tt

0.1 0.4

Figure 4.10 Variance/mean ratio as a function of tick density for each of the three life
stages. Correlation coefficients, calculated with 1982 (lower left corner point in each
plot) excluded: A) O.28 (p - 0.31), B) 0.10 (p =O.74), C) 0.1I (p = 0.71).

it is clear that a linearly density dependent k implies that the variance to mean ratio is not
changing with density. Therefore the "dispersion" (sensu Anderson & Gordon, 1982) will not
change with density if a is a constant, and in fact it does not (Figure 4.10). There is a hint of a
positive trend for larvae, but it is not significant if the anomalous value for 1982 is excluded.

The power of these correlations to detect weak effects (r = 0.1) is less than30Vo. However,
density dependent processes should lead to negative relationships (a decrease in VMR is a
decrease in dispersion), and none ofthe calculated coefficients is negative. There does not
appear to be any evidence that dispersion is changing in a manner suggestive of density
dependent processes.

As noted in the introduction, a positive relationship between the mean and the aggregation
parameter k can stabilise models of host-parasite dynamics (Kretzschmar & Adler, 1993), if
increased parasite load increases host mortality. Unfortunately, there is no support in theÁ.
hydrosauri - T. rugosa system for this assumption: Bull & Burzacott (1993) examined field
data for evidence of impacts of tick load on host mortality and fecundity, and found no effect.
Regardless of the underlying mechanism leading to density dependence ink, it will not lead to
population regulation through host-parasite dynamics.

I conclude that the "density dependence" in the aggregation coefficient detected here has little
or nothing to do with the main question of this chapter, population regulation. It arises as a

simple consequence of a functional relationship between tick abundance and the probability of
a tick boarding a lizard. This relationship might contribute to population regulation if it was
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non-linear, for example, if the probability of a tick boarding alizard increased less at high
densities than at low densities. Such a relationship might occur if lizard hosts tended to avoid
areas with high tick abundance. Detecting such an effect in the current data seems unlikely,
given the amount of va¡iability. In the next section I will employ a range of methods for
detecting signals of density dependence that is important for population regulation by looking
for evidence of equilibrium population abundances in the time series.

Detecting density dependence in time series at multiple spatial scales
The detection of density dependence in time series data is a topic that has interested ecologists
for nearly three decades. In this chapter I use three tests. The first two were proposed by
Bulmer (I975), and correspond to testing the following random walk model:

xt*t=x.+et (4.6)

where x is the logarithm of the population size, and e is a normally distributed random

variable with a mean of 0 and a variance o2, against the alternative

xt+t = Bx, * e, (4.7 )

which is a density dependent model for p * 1. This model corresponds to the following
equation in untransformed population densities:

X,*t = E,X!. ( 4.g )

where F=l gives the density independent model, andE¡ is log-normally distributed with a
mean of 1. The equilibrium value X* that a population following this model will tend to is
given by:

x'=E/-p (4.g)

where E is the arithmetic expectation of the random growth rate. The unusual thing about this
model is that in the absence of a trend (E = l), the equilibrium population size is always l,
regardless of the strength of density dependence. Rewriting the equation in this way also
makes clear the definition of density dependence these models are based on: a density
dependent population is one with an equilibrium population size. A density independent

population has no equilibrium; setting Þ=1 in ( 4.9 ) shows that the equilibrium is undefined.

The test statistic, R, is based on the correlation coefficient between xt+r aÍtd xt.

t-J , \2
u =Z(*,*, - *,)' ( 4.10 )

Bulmer also developed a second test for use in the presence of measurement etror, which
tends to increase the likelihood of detecting density dependence. The statistic is R* = V/ / V
where:

N-2

w =2þ,*r-x,*,[x, -;). ( 4'11 )

The significance values for both tests are only available at the 57o and l7o levels, calculated
by simulation in Bulmer (I975).

t=l
N^

y =\(x, -t)'
t=1

R-vlu
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Bulmer's tests have been found to be ineffective in the presence of temporal trends (Pollard et
a1., 1987), and given the clear trends at larger scales in the data these tests will be suspect.
Pollard et al. (1987) developed a randomisation test based on comparing model ( 4.6 ) with

xt+t=r+pxt+e, (4.12)
where r is a trend or drift parameter and all other symbols are the same. The untransformed
version of this is the same as ( 4.8 ), except that now the log-normal random variable Er has a
mean different from 1. The test is carried out in several steps. First, I calculate the observed
sequence of between year differences, d¡ = xr+r - x¡, àrrd generate a large number (I used 1000)
of random permutations of this sequence. Next, I use each sampled sequence of d's to
calculate the ¿'s that would result from that sequence of density changes, starting with the
actual x¿. Finally, calculate the correlation coefficient r between the sampled sequence of d
and new sequence of ¿. This generates a distribution of correlation coefficients against which
the observed correlation coefficient can be compared. If fewer than lVo of the randomised
correlation coefficients are less than the observed correlation coefficient, then I say that the
test is significant at the lVo level. The power and Type I error rate of this randomisation test
have not been considered in the presence of sampling elror.

Results & Discussion

At the landscape scale, neither of Bulmer's tests detect density dependence (R = O.87 , p >>
0.05; R- = 0.062,p >> 0.05). Neither of these tests is particularly conclusive, because the
observed steady increase with time in tick abundance biases both tests against detecting
density dependence (Pollard et al., 1987). Pollard et al.'s randomisation test was specifically
designed with this scenario in mind. Nonetheless, the Pollard et al. test confirms that there is
no observed density dependence at the landscape scale (ro6r"*r¿ = -0.57 , p = O.I3l).

At the transect scale, I eliminated 1982 for all transects. 1982 has the lowest number of
captures, and also has a non-zero estimate only for transect l. Transect 5 is also shorter than
the other time series with N = 13. Bulmer's R ranged from 0.45 to 0.88, all of which are well
above the 5Vo significance value of 0.0366. Bulmer'sR* ranged from -0.09 up to 0.32, which
are well above the 5Vo significance value of -0.48 withN = 15. Pollard et al.'s test is
significant at the 5Vo level for transects I and 2, and just outside the 57o level for transect 4
(Table 4.4). Thus there is density dependence at this scale, but the strength of the effect va¡ies
in space.

I did not attempt to analyse any of the population scale sequences for density dependence,

because a single zero or missing value make the test impossible.

Concluding that density dependence is weak or absent at larger scales is a conservative
conclusion, because time series analyses used are biased towards detecting density
dependence in the presence of sampling error (ie. the probability of a Type I error increases

with sampling error; Bulmer, 1975). Given the highly aggregated distribution of ticks among
lizards, the sampling enor is quite high, especially in those years with smaller numbers of
captures. The finer the scale, the greater the sampling error (fewer captures per point), and this
trend is directly correlated with the increased detection of density dependence at the smaller
transect scale. The effect that sampling error has on the results of time series analyses has

been generally ignored in recent studies using these methods (eg. V/oiwod & Hanski, 1992).
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Table 4.4 Pollard et al.'s tests of density dependence for each transect scale time series.

N is the length of the time series used. The observed correlation is between the log
density x¡ and d,, the difference in log densities (see methods). Significance levels are

the lowest, lVo quantile, and 5Vo quantiles from 1000 random permutations.

Significance level

Transect N Observed 0Vo

correlation
l%o 5Vo

I

)

3

4

5

15

15

15

r5

t3

-0.69

-0.75

-o.49

-0.68

-0.63

-0.81

-0.86

-0.83

-0.85

-0.90

-0.76

-0.80

-0.77

-0.77

-0.84

-0.68

-0.7t

-0.68

-0.69

-o.72

,'I

u
!&

Before concluding that a non-significant result is an acceptance of the null hypothesis, it is
important to consider the power of a test. The power of the Pollard et al. test may decrease

with scale (Ray & Hastings, 1996), although this has not been explicitly calculated for the
Pollard et al. test. However, for time series of 15 years the power of the Pollard test is quite
low, less than30Vo.In short, it is not possible to confidently conclude that density dependence

does, or does not, exist at any spatial scale from the time series data presented.

The weaknesses of time series analysis for density dependence are not suffered to the same

extent by regressions of mortality or development rates on density within single generations.
These are the basic mechanisms that will lead to density dependence in time series, and I turn
to this individual level analysis next.

Detecting density dependence at the individual lizard scale
Over the three year period from March 1983 to August 1985, Chilton (1989) kept records of
the number of larval ticks of both species attached to lizards to obtain stocks of engorged
larvae and unengorged nymphs for laboratory experiments. FourteenT. rugosa were infested
in this way with between 200 and 982 la¡vae. Ticks were attached by placing a known number
of larvae in a calico bag together with the host, and then kept in the dark for 24-48 hours at

22oC. Lizards had their mouths taped so that ticks could not be consumed. The number of
larvae successfully attaching was estimated by counting the ticks that remained in the bag
after the host was removed. Hosts were then maintained on a l2:I2 photoperiod in individual
cages with wire floors. Ticks that engorged and detached from the host fell through the floor,
where they were collected.

Originally, Chilton (1989) analysed the data with a Mann-Whitney U test to compare the
proportion of successful engorgers with the proportion of successful engorgers in the second

species, Amblyomma limbatum. Here I use generalised linear modelling (GLM; McCullagh &
Nelder, 1983) to analyse how the probability of successful engorgement va¡ies with the
number of attached larvae within a single species. I use a binomial error distribution with a
logit link. This is analogous to a single generation key factor analysis (Varley et al., 1973),

and is similar to the regression methods commonly employed by both advocates (eg. Hassell
et al., 1987) and critics (eg. Strong, 1989) of density dependence. The results must be
interpreted with caution as the study is uncontrolled, and spread over many months.
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Results & Discussion

Observations of the proportion of tick larvae successfully engorging in the lab suggest a

density dependent response at high numbers (Figure4.l1). A binomial GLM for all the data is

significant, however it explains only l4%o of the deviance in the data, and the deviance

residuals are strongly skewed (Table 4.5). For 4 of the 14 hosts the proportion engorging was

less than 17o, substantially lower than that observed on other hosts. Presumably this indicates

the presence of between host variation in quality for larva. When these hosts are eliminated
from the analysis the linear model explains 6lVo of the deviance, and the skew in the residuals

is greatly reduced (Table 4.6). For A. hydrosaurilarvae the final model is

ep ( 4.13 )
n {s u c c e s s¡ul en g o r g e ment} = 1*¿

þ = -0.243-0.002(#of ticks)

This is circumstantial evidence of density dependence in the probability of engorgement

success in larvae at the scale of individual lizards. However, the tick densities at which this
would have a significant impact on the success rate are rare in the field; a larva on a lizard
with l00othertickshasa39Vo chanceof successcomparedwith44Vo foralarvaalone.
Densities of this magnitude or greater occur less than lVo of the time in the observation data

set, suggesting that this level of density dependence is not contributing strongly to population
regulation.

It is also unclear from these data what underlying mechanism is contributing to the observed

effect. For example, if it arises from the presence of a limited number of attachment sites on a
lizard, then the presence of ticks in any life stage at the time of attachment will influence the
probability of success. Alternatively, the effect could take place after attachment, and be

related to host physiology or immunological responses. The presence of obvious outliers (the

hosts with less than one percent of larvae successfully engorging), and the fact that the
proportion succeeding is based on the number actually attached suggests a post-attachment

mechanism might also be operating. The outliers are also a clear indication that there is
heterogeneity among hosts in the rate of successful engorgement, which as described in the

section on among host distributions will tend to increase over-dispersion in the population. In
contrast, the density dependence in engorgement success would lead to under-dispersion.

There are other possibilities for density dependence at scales smaller than the population
including: density dependent predation by ants in refuges, density dependent engorgement

success of nymphs or adults, and density dependent effects of mate availability on fertilisation
of adult females. The frequency and magnitude of all of thOese effects is unknown.

Overall Conclusions
This chapter has been concerned primarily with population regulation via intra-specific
competition. This would seem unlikely to contribute to the maintenance of the parapatric

boundary betweenAponomma hydrosauri and Amblyomma limbatum (Bull & King, 1981).

However, if the mechanisms involved in competition at the scale of individual lizards involve
limited numbers of attachment sites, then this mechanism could lead to inter-specific
competition as well. These two tick species do overlap in the distribution of attachment sites

on hosts, indicating that the opportunity for competition exists, although there are some

differences in the preferred sites of attachment (Bull et al., 1989; Chilton et al., 1992).

Laboratory experiments designed to look for competition found no inter- or intra-specific
competition in larvae or nymphs in the proportion attaching (Bull et al., 1989). However, the
range of densities and the statistical tests (ANOVA of arc-sine transformed data; N < l0) used
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Figure 4.11 Proportion of successful engorging larvae as a function of the number of
larvae attached to a single lizard. Each point is a different host. Points with less than LVo

success are indicated with crosses. The dotted line is the predicted probability of success

using all the data, and the solid line is the predicted probability using only the points
indicated with circles.

Table 4.5 Analysis of deviance table for the binomial regression on all observations of
larval engorgement success in Figure 4.1 1. The probability is for a Log-ratio test with I
degree of freedom. The five-number summary of the deviance residuals is given in the

bottom row.

df Deviance Residual df Residual
Deviance

Pr(Chi)

NULL

# attached 127.69

13 886. I 8

758.48I t2 0

I

Minimum

-12.t5

rQ

-7.80

Median

2.63

3Q

5.18

Maximum

7.9rResiduals
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Table 4.6 Analysis of deviance table for the binomial regression on the reduced number of
observations of larval engorgement success in Figure 4.I 1. The probability is for a Log-ratio
test with 1 degree of freedom. The five-number summary of the deviance residuals is given in
the bottom row.

df Deviance Residual df Residual
Deviance

Pr(Chi)

NULL

n.attach

9

I 201.389 8

330.6486

129.2595 0

Residuals

Minimum

-6.38

1Q

-0.95

Median

0.86

3Q

2.52

Maximum

4.43

in that study imply that the power to detect small differences in the proportion engorging was

low. The statistics I have used here are designed to analyse proportions, and the range of
densities is much greater. Very weak competition is able to generate and maintain a parapatric

boundary (Bull & Possingham, 1995).

The detection of density dependence in field data is fraught with problems (Reddingius, 1990;

Solow, 1990). Data sets as extensive in time and space as the one analysed in this chapter are

rare. Even here, the variability in the system is extreme, and I cannot draw firm conclusions

about the existence of density dependence at any scale. Solow and Steele (1990) demonstrated

that even moderate density dependence was unlikely to be detected by time series methods in
series of less than 30 years. The only other attempt on this temporal scale is by Woiwod and

Hanski (1992), using data on thousands of species of moth and aphid from the Rothamstead

Insect Survey. They concluded that density dependence was widespread, but did not examine

how or if the prevalence changed with the spatial scale of the analysis.

In conclusion, I believe that the population of Aponomma hydrosauri near Mt. Mary, SA
appears to be increasing with time over the duration of the study, at least in some areas. There

is weak evidence of density dependence, and it appears to decrease with increasing spatial

scale. At the level of individuals, there is correlative evidence of density dependence in at

least one important life history process, engorgement by larvae. However, the densities over

which this process would have a substantial effect are uncoÍrmon in the field. Whether or not

this process alone can lead to regulation of tick densities to observed levels must be evaluated

with a population model. The results of this chapter will be useful as benchmarks against

which to compare the output of a model that incorporates the basic processes thought to be

important to tick biology.
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Chapter 5 Measuring the contribution of spatial and temporal
variation in process rates to population regulation

lntroduction
The results of Chapter 4 have raised a problem. There is some evidence of density dependence
at the level of individual hosts. However, at the level of whole populations there is only
sketchy evidence for density dependent regulation, confounded by problems of low power and
biased tests. The question is how to reconcile the observations: a persistent, widespread
population on the one hand, and uneven evidence (a generous assessment) for density
dependence on the other. Can the individual level mechanisms of density dependent
engorgement success on lizard hosts prevent outbreaks at the landscape scale? V/hat
mechanisms might generate the kind of dynamics observed? The primary question in this
chapter is whether long term persistence in the tick population is possible when density
dependent mechanisms are weak or absent. I address this problem by constructing a spatially
explicit, individual based simulation model of the ticks and their lizard hosts.

Hanski et al. (1996) examined this question for spatially distributed populations with an
analytical model of a metapopulation of random walking sub-populations. They argued that
unlinked local dynamics could generate the appearance of a stable, persistent population with
density dependence occurring only rarely. The form of density dependence in their model was
a "ceiling" ( K ), above which sub-population abundance could not go. If a sub-population did
fluctuate to a level above the ceiling, it was reflected down by the amount it exceeded the
ceiling. They analysed the relationship between the variation in growth rates of sub-
populations and the size of sub-populations on the persistence time and the frequency of
density dependence. The latter was measured as the probability of reaching or exceeding the
ceiling. They found that metapopulations could persist (defined as average time to extinction
>22,OO0 generations) with very low frequencies of density dependence ( <0.001 "hits to the
ceiling"/generation), if the average growth rate was just slightly negative, the variance in
growth rate was "small", and sub-populations were large (K = 1000). Their "small" variance
leads to a coefficient of variation (CV) of growth rate greater than 790Vo for the persisting
populations. Increasing the average or the variance of growth rate rapidly increased the
frequency of density dependence, while decreasing either parameter quickly shortened the
average time to extinction. The parameter values where populations persist without density
dependence for a long time are therefore extremely limited. The mechanism for density
dependence is also awkward, and unlikely to apply to arthropod populations, although it may
be reasonable for territorial species. A similar metapopulation model based on host-parasitoid
dynamics has been analysed by Taylor (1998), with similar conclusions.

If density dependence is not detected or absent in a population, there may be other factors
leading to regulation. The notion that temporal variation in abiotic factors could regulate
population abundance was first argued by Andrewartha and Birch (1954). This seminal work
forced a rethink of the topic of population regulation by ecologists. However, it has been
suggested that one of the classic examples of density independent population dynamics
discussed by Andrewartha and Birch, rose thrip (Davidson & Andrewartha, 1948), does in fact
show evidence of density dependence (Varley et al., 1973). Previous work has clearly
demonstrated that nearly all developmental and mortality rates of the tickAponomma
hydrosauri vary significantly with temperature and/or relative humidity (RH; Chilton, 1989).
The South Australian environment has variable temperatures, both within and between
seasons. It is at least possible that variation in temperature through time leads to population
regulation, by occasionally resetting populations back to very low levels and/or slowing
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growth at crucial times of year. Ultimately, density dependence must operate at some level.
Recent contributions to the debate have begun to take the position that it is the relative
contribution of density dependent and density independent processes to population regulation
that matter (Leirs et al., 1997: Bonsall et al., 1998), and this relative contribution can vary in
both time and space.

Process rates can also vary along another set of dimensions, space. Kareiva (1990) elegantly
summarised the theoretical work on spatial variation, and posed the question, "when does
space matter?". Classical metapopulation models show that assemblages of patches will not
be completely full when there is some probability of local extinction (Levin, 1974). However,
these models often make implicit assumptions about strong density dependence operating
within patches (Diekmann et al., 1988). A plethora of spatially explicit models have arisen in
recent years, but few have addressed the issue of spatial variation in process rates. The
primary focus of these papers has been on the intrinsic generation of spatial variation as a

result of self-organisation. In all cases, space is limiting, providing a hard upper bound on
population size. This effect is obvious in the model used in Chapters 2 and 3, where increased
mortality during dispersal from local crowding regulated populations to less than the
maximum possible size.

A more interesting question is whether or not development or mortality rates that vary in
space can lead to regulation without hard limits. In the case of the tick,A. hydrosauri,
variation in space can arise intrinsically because of the interaction between it's main host, the
lizard Tiliqua rugosa, and the host's overnight refuges, primarily bluebushes Maireana
sediþlia at the Mt. Mary study site. If the refuges are randomly dispersed across the
landscape, there will be some host home ranges where the number of refuges is above
average, and some where it is below. V/hen there are fewer refuges, lizards will visit
individual refuges more frequently, and this will benefit ticks. Superimposed on this variation
is random variation in the lizañ population, both in space and time. The average refuge or
Lizard density may respond also to extrinsic spatial variation, such as soil type, rainfall, or
competition from other plants. The variation in lizard population density is also quite dynamic
in nature, and it seems reasonable to suggest that these density independent fluctuations could
regulate tick populations. The basic question of this chapter is whether or not population
regulation that is primarily density independent appears as an "emergent property" of the
system when spatial and temporal variation at the individual level is incorporated.

Before the question of the existence of population regulation can be addressed, it is important
to define, quantitatively, what conditions constitute a regulated population. This is particularly
difficult for populations that fluctuate dramatically, and has generated some heated debates in
the literature (eg. Wolda, 1989; Berryman, I99l; Krebs, 1995). Much of this debate centers
around whether or not there is some kind of attractor, or equilibrium, influencing the
dynamics of populations. For my purposes here I will use a simplified version of stochastic
boundedness defined by Chesson (1978). "If Z(t) is the population size at time f, then the
population is stochastically bounded if for every positive probability e there are numbers U. <

"" and L") 0, such that for any t, Z(t) is greater than Z. with probability at least l-e and less

than U" with probability at least 1-e" (Chesson, 1978). Note that this definition excludes the
possibility of extinction. Chesson (1978) noted that it is possible to admit extinction by
weakening the lower bound to the condition that there is some probability less than one that
the population is greater than zero. This definition is important, for it emphasises equally the
upper and lower bounda¡ies of population size. Models that include some kind of density
dependence (eg, Hanski et al., 1996; Taylor, 1998) have implicitly focused on persistence as

avoidance of the lower boundary. It should be possible to apply this definition directly to both
models and empirical data (Chesson, 1978); in this chapter I have taken the simpler course of

81



defining a fixed upper boundary, and associating the failure of population regulation with
exceeding this boundary.

In this chapter, I address the question of population persistence in the absence of density
dependence in several stages. I construct a spatially explicit, individual based model (IBM) of
tick population dynamics, and consider how spatial and temporal variability influences
regulation of the population within limits. At each stage I add different sorts of variation, and

consider their effect on the average and variance of population growth rates. Finally, I
generate output from a "virtual ecologist", allowing comparisons between the model and the

empirical time series described in Chapter 4.

I begin by describing the empirical data used to parameterise the model. Then I describe the

basic model without temporal or spatial variation in refuge quality, and examine the results.

For each stage of model development I describe the changes to the model structure and then

consider the impact on the results.

Empirical Data

Here I describe the empirical data that I use to parameterise the model. The population
observations of A. hydrosauri were described in Chapter 4. This data set will be used to make

qualitative comparisons with the model output. In Chapter 7 I calculate Jolly-Seber estimates
of lizard density near Mt. Mary, South Australia (SA) from the same random capture data.

Assuming that the random capture transect is sampling liza¡ds from a 400 m wide strip (based

on 200 m diameter home ranges on either side of the transect), lizard density ranges from 15

to 42O lizards t l<Ír2. This range of densities is comparable with that estimated from the same

data by other means (30 - 550 lizards lkm2 Bull, 1995). The median lizañ density was 100

lizards I l<rrr2. Below I describe the other datasets involved: 3l years of temperature data from
a site in the Riverland of SA, one season of temperature records from refuges in the field,
laboratory experiments on life history parameters, and field measurements of refuge density.

Temperature var¡atíon within and between years

Average daily temperature in the field is highly variable over the length of a season (Figure

5.1). In addition, the temperature is autocorrelated (Figure 5.2). To simplify the use of these

data in the model, I defined five temperature categories. The five categories 6<150C; 150C <

T <200c;200c < T <250C;250c< T< 300C; 300c < T) were chosen based on the

availability of information about the response of survival and development to temperature (see

below).

Thirty-one years (1967-1998) of daily minimum and maximum temperatures measured at

Eudunda, SA approximately 30 km SW of the study area are available. The maximum
temperatures in Eudundain 1997 is highly correlated with the average daily temperature

measured in bluebush refuges at the study site (Tuue = 3.4057 + 0.6641T.*, R2 = 0.87, Fl,rg¿ =
1345, p<<0.001). I used this regression equation to predict average daily temperatures at the

study site for 3l seasons. I use these temperatures to generate sequences of random seasons

drawn with replacement from this set. The sequence of days within each season is used

unmodified in order to include the effect of small scale correlations that are present in the
weather.

Laboratory measurements of life history parameters

Chilton (1989) conducted extensive measurements of the response of life history parameters

of. A. hydrosauri, such as development time and survival, to temperature and humidity. In
general, these experiments involved placing ticks on lizards or in vials, and then holding them

82



under the appropriate conditions until the appropriate developmental process was complete.

The times to engorge, develop, or die were recorded to the nea¡est day. Where possible, I
calculate the baselin" p-u-"i.rs from the observations for ticks held at2loC and 50-55V0

relative humidity (RH).The basic averages and standard deviations are given in Table5.1.
Chilton (1989) only reports standard enors in his results, so I estimate standard deviations for
development times etc. by multiplying the standard errors by the square root of the sample

size.

0

0 50 100

Time [tÞysl

200

Figure 5.1 Average daily temperature in a bluebush shrub at Mt. Mary's, SA, 1997 -

1998 recorded from data loggers in the litter layer of six bushes. Temperature was

recorded at 10 minute intervals, and the average over 24 hours is shown. Day 0 is

September 9.

q
o

0 10
Lag (in days)

15 20

Figure 5.2 Partial autocorrelation between temperature in a bluebush refuge Lag days

apart (data from Figure 5.1). Dotted lines indicate the magnitude of significant
correlations. Correlations at lag 1 and lag 8 are significant.
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Table 5.1 Developmental, feeding, and mortality parameters used in the baseline model.

All values are estimated from datã in (Chilton, 1989), assuming temperatures of 210C

and 5O-55Vo RH. All means have units of days. Feeding times for adult females includes
the time required to be mated. Values in italics were extrapolated from estimates for
larvae; see text for details.

Stase Location Process

Stage durations

Mean ldavsl SD

Egg

Unfed
Larvae

Unfed
Larvae

Engorged
Larvae

Unfed
Nymphs

Unfed
Nymphs

Engorged
Nymphs

Unfed
Adults

Unfed
Females

Engorged
Females

Mature
Females

Refuge

Refuge

Hatching

V/aiting

53

13.8

1.32

4.9

tt.7

4.07

16.7

7.34

7.3

17.6

8.44

Lizard Feeding 30.6

Refuge Moulting 21.9

Refuge V/aiting 37.3

Lizard Feeding 22.7

Refuge Moulting 28

Refuge V/aiting 100

Lizard Feeding 39

Pre-oviposition 55.2

Refuge egg-laying 40

5.5

Refuge

Chilton (1989) did not estimate the survival parameters for nymphs and adults at as wide a

range of temperatures and RH as for was done for larvae. In the absence of sufficient data for
rigorous statistical analysis Caswell (1989) recommends "no-holds barred" parameter

estimation, on the basis that estimates derived in some objective fashion from observation are

better than guesses. The average survival time of unfed adults is still a completely free
parameter (ie. a guess). There are two estimates of nymph average survival time at 3dC and

34oc,both measured at 07o RH. I converted these into estimates for all temperature classes

and 50-557o RH with the following process. First, average survival time for larvae as a

function of temperature roughly fits a power law (Figure 5.3 A). Moreover, the exponent does

not vary (much) with humidity, although the coefficient does. The change in the coefficient
with increasing humidity is well described with a straight line (Figure 5.3 B). Assuming that
the survival time/temperature relationship for nymphs has the same exponent as the average

exponent for larvae, I can reÍurange the power law equation to get two estimates of the

coefficient for nymphs at 07o RH:
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Tverage survival = 4' 
"lemPerarureb

average survival
a=

elemperalure.b

I set å=-0.091, and the observed average survival time was either 12.6 (300C) or 9.4 (340C)
days. The average estimate of ø is therefore 203.3 days/degree. This is the estimated
coefficient of the temperature/survival time relationship atÙVo RH for nymphs. I then used the
slope of the coefficient/RH line calculated from larvae to calculate how the nymph coefficient
would increase with increasing RH. For 50-55Vo RH the estimated coefficient is254 days /
degree. A higher coefficient means an increased survival time, commensurate with the
intuition that ticks desiccate slower when the environment is moister. Finally, I calculated the
average survival times for nymphs at RH=50-55Vo and all temperature classes using (5.1) with
a=254 andb = -0.091.
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Figure 5.3 A) Exponential relationship between survival time for larvae and
temperature for three different relative humidities. The equations are OVo R.Íí:
y=38.4e0'0er* 1R2=0.98),3o-35vo RH: y- 59.3e-0'0e0* (R2=0.99), y=91.9s0'0ea*. B¡ The
intercepts for the three exponential curves in A as a function of RH. C) Relationship
between the mean and standard deviation of survival time for nymphs at three different
relative humidities. The R2 values for all these curves must be treaied with scepticism
because of the small sample sizes.
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The variance in survival times of both nymphs and adults was estimated from the relationship
between the mean and standard deviation for larvae (Figure 5.3 C) across all
temperature/humidity combinations. I applied this equation to the estimated mean survival
times for nymphs and adults to calculate the standard deviations.

Temperature has a strong effect on average development and survival times of ticks. There are

nearly as many ways of incorporating such variability in models of arthropod dynamics as

there are models. For example, Logan et al. (1976) discussed an analytic model that allows
non-linear changes in rate with temperature and is therefore superior to the degree-day
concept which is inherently linear. Unfortunately the Logan et al. (1976) method relies on data

across a wider range of temperatures than have been measured for ticks. I choose to discretise
temperature into the five classes introduced above. This allows me to incorporate the observed
non-linear temperature response with limited data. I assumed that temperature acts by
increasing or decreasing the relative development or mortality rate. I calculated this relative
effect for each of the five temperature classes by dividing the average time needed at the
midpoint of the temperature class by that needed at the baseline temperature (Table 5.2).
There was no development data for nymphs in the two lowest temperature classes, so I
assumed that these relative rates were the same as for larvae. I discussed the estimation of
survival times at different temperatures for nymphs above. I applied the relative rates for
nymphs to adult survival, because there is no data of any kind for adult survival.

Table 5.2 Relative rates for development and survival for ticks in each temperature
class. Bigger values indicate that development or mortality indices are moving faster. A
value of zero means no development occurs. Values in italics were extrapolated from
available data as described in the text. Development rates for adults females are for
duration of the pre-oviposition stage.

Relative Developmental Rate

Class s

T < 150C

l5oc<T<2ooc

200c <T <250C

zsoc <T < 3ooc

3ooc < T

0

0

I

1.95

0

Class Larvae

0.24

0.54

1

1.64

3.54

Larvae

o.24

0.41

I

r.56

t.7L

0.21

0.48

I
2.28

3.28

0.24

0.41

I

t.52

2.O4

Adults

0.21

0.48

I
2.28

3.28

Adult Females

0.20

0.50

I

1.74

2.75

Relative Survival Rate

T < 150C

l50c<T<200C

200c<T<250C

zsoc <T < 3ooc

300c < T

Spatial distribution of refuges

Burzacott (unpublished data, 1998) tested the assumption that lizard refuges were distributed
randomly on the landscape, and obtained preliminary estimates of refuge density. Every
bluebush in a 30 m x 30 m plot at the Mt. Mary, SA study site was mapped to 0.5 m accuracy
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Each bush was also categorised as 1) not suitable as a refuge, 2) possible "day only" refuge,
and 3) possible overnight refuge, based on the observer's long experience with finding lizards
in bushes. This classification is clearly highly subjective. However, I will be using these

estimates primarily to provide a context for interpreting the results of the model, rather than as

accurate parameter estimates. In the model I am primarily concerned with refuges that are

used overnight by lizards (these may also be used by lizards during the day).

There ¿ue no obvious patterns in the spatial distribution of bushes, although unsuitable refuges
appear slightly clumped in the middle of the plot (Figure5.4).I tested the hypothesis that
bluebushes are randomly distributed in the landscape with a k-function analysis (Venables &
Ripley, 1994). A k-function tests both the first and second moments of the spatial distribution
(mean and variance), unlike a test of quadrat counts which only tests the first moment. The
standardised k-function, L(t), is a straight line if the underlying point process is random, and is
estimated with the equation:

K(t¡=#*"ì,r,,h (s.2)

L(t¡ = J*l;
where D is the region being sampled, a is the area of that region, n is the total number of
observed points in D, d(x,y) is the distance between two points x and y, and p(x,y) is the
proportion of a circle, centered on x and passing through y, that is inside D. Essentially the
summation in (5.2) counts all points that are a distance f or closer to each point x, weighted by
an edge correction factor. Points that are close to the edge of D will tend to have smaller
proportions of the circle around them inside D.In the extreme, a point right in a corner of D
would have p(x,y) = 0.25 for all t, and therefore an edge correction of I I 0.25 = 4. Tests of
significant departures from randoÍmess are performed by simulating a random spatial point
process in a 30 m x 30 m square 100 times, and calculating an envelope for the k-function, a

null model approach.

The estimated k-function for the 29 overnight refuges is well within a simulated envelope for
a poisson process with 29 points in a 30 x 30 m square out to scales of 20 m (Figure 5.5). I
conclude that using a random process to generate refuge locations in the model will be

adequate.

If I only consider bluebushes classified as overnight refuges (n = 29), then I can calculate 95Vo

"confidence limits" on the average number of refuges by finding the average that makes 29

the 97 .5Vo quantile or 2.5Vo quantile of a poisson distribution. This observation is consistent

wi ight quality re m plot. This translates to
an fuges / km2. T 7o limits are 18,900 -

50 se values will in the model, but provide a

context for interpreting the results obtained at the parameter values I do use.

lndividual Based, Spatially Explicit Model

In this section I use the data synthesised from the previous section to construct an individual
based, spatially explicit model of tick population dynamics. From a tick's point of view, the

landscape consists of the lizard hosts and their noctumal refuge sites. There are R randomly
distributed refuges in a I km x 1 km square, used by Z lizards whose home ranges are centred

on a randomly chosen refuge. All refuges within some distanceh of the center refuge are

included in the home range.
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Figure 5.4 Spatial distribution of 172 bluebush refuges in the study plot. Daytime
refuges (triangles, n = 59), overnight refuges (circles, n=29), unsuitable refuges
(pluses, n = 84). North is the top of the fìgure.
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Figure 5.5 K-function analysis of the spatial distribution of overnight refuges in the
study plot (n=29). The solid "staircase" is the observed K-function. The dotted lines are

an envelope for the k-function from simulating a poisson process 100 times.

There are two time scales in the model. On the short time scale, movement of lizards, birth,
development, and death of ticks is modelled each day. A series of days is then aggregated into
a season, which I assume to be 210 days (l't September to 31't March) long. Development is
frozen between seasons, under the assumption that autumn/winter temperatures are too low
for tick activity. Ticks experience overwintering mortality, and a simplified form of
population dynamics among lizard hosts also takes place between seasons. Later I introduce
temporal variation in temperature both within and between seasons.

The choice of a single day as the basic time step is logical given the assumption that all
significant movement of ticks on and off lizards occurs only in refuges entered at night. Ticks
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are adapted to detach in the nocturnal refuges of their hosts, where desiccation risks are lower,
and the chances of finding another host are higher (Bull & Smyth, 1973). Boarding alizard
requires that a tick in the right life history state detects and moves toward a liza¡d that has

entered a refuge. This movement ability is not great; in the engorgement success experiments
described in Chapter 4 some ticks were unsuccessful in boarding lizards even when confined
together with a host in a calico bag for 48 hours.

V/ithin a single day, the model goes through several steps in the following order: ticks board
lizards, lizards move between refuges, engorged ticks disembark from lizards, and ticks
develop (Figure 5.6). I will now consider each step in more detail.

B etween season processes

I,tz,ard mortality,
birth, and dispersal

Overwintering mortality of
ticks

/

Engorged ticks
disemba¡k

Lizards
redistributed over

refuges

Development,
Engorgement,

Survival of ticks on
all lizards and in all

refuges

Ticks board
lizards

DailyLoop
(21,0 days / season)

Withi n season processes

Figure 5.6 Flowchart of main model processes. Processes that are attributes of lizard
population dynamics and behaviour which indirectly affect the ticks are placed in ovals,
while processes directly affecting ticks are in rectangles.

Tick embarkation, Lizard movement, Tick disembarkation

At the beginning of a model day, all lizards are in the overnight refuges in which they spent

the previous night. The model checks all ticks in lizard occupied refuges, and any ticks that
are found to be in a suitable state (ie. unfed larvae, nymphs, or adults) are moved onto the
lizard. As noted above, assuming that all suitable ticks board lizards is almost certainly an

overestimate. If there is more than one lizard in a particular refuge, the number of ticks
boarding alizard will be binomially distributed with n trials (the number of ticks in the refuge
in the correct life history stage) and probability of boardingb. For all lizards except the last

89



lizard in the refuge, å is the reciprocal of the number of lizards using the refuge that night. All
remaining ticks in the refuge board the last lizard listed as being present in that refuge on that
night. The position within the refuge list is random with respect to landscape location, and age

class of lizard. As adult ticks board alizard, the sex of each is determined randomly assuming
a l: 1 sex ratio. The final process that occurs in this part of the model is to assign the number
of days each tick will require to engorge. This is a normally distributed variable with a stage
specific mean and standard deviation. This engorgement "index" is used during subsequent
model days to determine when a tick has successfully engorged in the tick development step.

In the next step of the daily cycle, lizards move to new refuges. Each day, lizards move from
one overnight refuge to another overnight refuge chosen randomly with equal probability from
among those in their home range. Note that this means they can spend consecutive nights in a
refuge, and more than one lizard can occupy a refuge overnight. This is the simplest scenario
that can be implemented in the absence of information about the distribution of different types
of refuges, the way in which neighbouring refuges are utilised by individual lizards, and the
way in which lizards may interact on contact with other lizards. I assume that individual
lizards are capable of moving over their entire home range during the day, and that there is no
systematic bias either toward or away from particular kinds of refuges, or from their
previously occupied refuge.

One fact of lizard behaviour that contradicts the random uncorrelated movement behaviour of
the lizards in the model involves mated pairs of lizards. A mated male and female have
broadly overlapping home ranges. From September to early November, mated lizards closely
track each other, often sharing the same refuge from night to night (Bull, 1988; Bull, 1990;
Bull et al., 1991). Following mating, the partners separate and move independently within
their home ranges. This tracking of mates would tend to slightly increase the average waiting
time for ticks in refuges, increasing mortality rates when compared with the assumption of
totally independent movement. For the purposes of this chapter, I ignore this complication,
and all lizards move independently and randomly throughout the entire season.

The next step within the daily cycle is to drop off successfully engorged ticks into their new
refuges. Essentially, ticks that are on lizards, which completed engorgement on the previous
development step (ie. the previous night), are dropped off in the new refuge chosen by their
host lizard.

The final step of the daily cycle handles development and mortality of all ticks, regardless of
their current location. During this step, each tick is checked to see whether it ages, survives, or
lays eggs, depending on its current stage and whether it is on alizard or not.

Growth and Feeding

Stages that are engaged in growth or feeding (eggs, engorged stages in refuges, and unfed
stages on lizards) follow a threshold process, where each stage lasts for a fixed number of
days for each individual. Each individual is assigned a normally distributed random number as

a development or engorgement time on entry to a new life history stage (Figure5.7). Both the
mean and the variance can be stage specific (Table 5.1). For example, newly oviposited eggs

are given a hatching threshold with a mean of 53 days (SD 1.32). During the daily
development step, each individual tick has its development or engorgement index decreased

by one day. On the day the index reaches 0, the individual moves to the next stage (eg. an egg
hatches to an unfed larvae, or a feeding nymph detaches). This means that the duration of all
growing and feeding stages are normally distributed. This method is similar to those used for
physiologically structured population models (Gurney et al., 1986), but includes variability
between individuals.
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Figure 5.7 Distribution of survival time thresholds for nymphs. The hatched area is the
probability of dying before 35 days. Development and engorgement thresholds are

calculated similarly.

Feeding has one additional complication. As noted in Chapter 4, not all individuals succeed in
attaching, engorging and detaching, and this is one of the few places where density
dependence appears in the system. I use (4.13 ) to calculate the probability of successfully
engorging, assuming that this probability depends on the total number of ticks of all stages at

the time engorgement is complete. The mechanism underlying the relationship between tick
density and engorgement success is presently unknown, and this ¿urangement is the simplest
to implement in the model. I currently have no evidence of density dependence in
engorgement success for nymphs or adults. I assume nymphs have a 50Vo chance of success,

and adults LÙOVo, regardless of the number of ticks present on the lizard.

Suruival

Predation on ticks within refuges by other invertebrates does occur (Bull et al., 1988), but is
both spatially and temporally unpredictable, and I do not include it in the current model. 'When

a host Lizañ dies from predation (primarily automobiles near Mt. Mary) or old age all ticks on
the lizard also die. I include this mortality in a single, between season event (see below). I
assume that the primary source of daily mortality is desiccation. The habitat has low rainfall
(150-250 mm annually), and most development occurs during the hot, dry summer. The only
moisture source available to ticks is a blood meal, and newly moulted, unfed ticks must wait
until another host arrives before they can replenish their moisture supply. Eggs, engorged ticks
in refuges, and ticks feeding on lizards are assumed to be unaffected by desiccation. I model
mortality similarly to development, by providing each individual with a normally distributed
time to death. This is the number of days that each individual is expected to survive without
feeding. The time is decreased by one day in each developmental step, and individuals that
reach zero are killed. Death is presumed to have occurred as a result of higher temperatures
during the day, and so mortality in a refuge precedes ticks boarding lizards that enter that
refuge on the next day.

Random variation in the number of lizards using a refuge, and the number of refuges in a
home range will influence average survival of ticks only if the relationship between the
number of lizards and refuges and the probability of mortality is non-linear. I develop an
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analytical approximation of the probability of survival to visualise the effect of the tick and
refuge density on the survival process in the model. This approximation is not used in the
model; its purpose is purely heuristic. The probability that one or more lizards arrives in a
refuge occupied by an unfed tick depends on the assumed structure of the landscape, and how
lizards move around on it. The average number of refuges, F , in a home range is the density
of refuges on the landscape multiplied by the area of a home range:

7 = Rtcltz ( 5.3 )

where R is the density of refuges on the landscape (units of km-2¡, and his the radius of a
lizards home range (units of km). The number of refuges in a home range has a poisson
distribution, and so the variance is equal to the mean, and the probability of there being x
refuges in one home range is:

P{r - x}
-t -Íer
x!

(s.4)

(s.6)

P{r=xJis the probability that a particular home range hasx refuges. This works because I
assume that refuges are distributed at random, and lizards choose their home range centres
independently from the list of possible refuges. Similarly, the number of lizards that use a
particular refuge is just the number of lizards whose home range centres are å or less
kilometers away from that refuge. Therefore, the number of lizards using a refuge has a
poisson distribution with average

î=Lñt2 ( 5.5 )

where Z is the density of lizards (units of km-2). If lizards have an equal chance of visiting
every refuge in their home range on a given day, then there is a lF chance of visiting any
particular refuge. Furthermore, the distribution of waiting times for ticks until one or more
lizards shows up is geometric, and the average waiting time is the same as the number of
refuges in an average home range, F days. The number of lizards visiting a refuge is

binomially distributed, with / trials and ll7 chance of success. The average probability that
one or more lizards visits a particular refuge on a particular night is then

P þne or more lizards\ = | -
I1-=r =f

I

and this is the probability that an unfed tick transits to the next stage, feeding on a host. This is
not strictly correct, because the number of trials in a binomial distribution can only be an

integer, and / is unlikely to be an integer. However, (5.6) appears to work as a reasonable
approximation in simulation tests.

I can use the probability of one or more lizards arriving in a refuge on a single day to calculate
the probability of an individual tick surviving until one or more lizards arrive. In order to
survive, one or more lizards must arrive before the tick dies, so the probability of surviving
from one stage to the next is:

p{survivat} = i n{dyrng t or taterþQ- A)'" ( 5.7 )
,=l

where 1, is the probability one or more lizards visits a refuge on a given night ( 5.6 ), and the
second term is the probability that the first visit by alizard occurs f days after the start of

92



waiting. The probability of dying at time / or later is simply one minus the cumulative normal
probability of having

0.9

0.8
.!.l 0.7
È
ì, 0'6

3ou
Ë o.4
G

Ë 0'3
o' o.z

0.1

1

1

0

0

\

\

5000

\
\

10000

# of refuges

\

15000 20000

- 

50 Lizards

100 Lizards

- 150 Lizards

- - -400 Lizards

\
0.9

0.8

E 0.7

ã 0.6

3 o.u
Ë'õ 0.4
(ú
¡¡
I 0.3
o.

0.2

0.1

\
\\\

I
\

\'.
\l
\'.

\'

\
\

\
\

È

\ \
\

I

-___\ I

0

5000 1 0000

# of Refuges

1 5000 20000

Figure 5.8 A) Probability of surviving a particular life stage given a certain number of
lizards and refuges until one or more lizards visit the refuge. The "lifetime" curve is the
product of the other three curves, and is therefore the probability of surviving from egg
to adult, ignoring host and overwintering mortality. B) Lifetime survival probability as a
function of refuge density at different lizard densities.

a development threshold at f or earlier (Figure 5.7). The probability of survival decays with
increasing numbers of refuges (Figure 5.8), reflecting the fact that when lizards have more
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refuges that they can visit, the probability of visiting any single refuge decreases. Note that
(5.4) - (5.7) are not used directly in the model, which calculates survival as individual
mechanistic processes. The marked non-linearity in survival with the number of refuges will
means that random spatial variation can influence population dynamics of ticks.

Mating and Oviposition

When an unfed adult tick boards alizatd, it is randomly assigned to be a male or female with a
sex ratio of 1: 1. Adult male ticks remain on lizards for the remainder of their life, assumed to

be a fixed 180 days. The only contribution they have beyond this point is to mate with unfed
female ticks. After boarding alizard there is a fixed five day period before an adult male is

mature and capable of mating. 'When an unfed female boards alizard, if there is one or more

mature males aboard she is mated immediately. Otherwise, she waits on that lizard until a
mature male appears, or 180 days passes. There is no negative impact of waiting to mate on a

females subsequent reproductive output, although a negative impact has been observed in
laboratory experiments (Chilton, 1989). Once a female is mated, then she begins to engorge as

described above for all other stages. This does introduce a slight Allee effect through delaying
reproduction by females that board lizards without males.

Adult female ticks that have mated, successfully engorged, and dropped off in a refuge enter a

pre-oviposition stage, the duration of which is normally distributed and handled identically to
aging, feeding, and moulting. Once the pre-oviposition period is complete, each day for 40

days they add a number of new eggs to that refuge. The number to be added is time dependent,

and taken from a two period moving average of laboratory observations (Figure5.9). I round
individual values down to the nearest integer. I have not introduced any stochasticity in
oviposition.
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Figure 5.9 Oviposition [eggs I day] as a function of time forA. hydrosauri. Solid line is
a two point moving average to smooth the bumps out.

Between season processes

There are two processes that occur between the end of one season and the beginning of the

next: overwintering tick mortality and lizard population dynamics. All ticks, regardless of
location, have a stage specific chance of mortality over winter. This reflects exposure,
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desiccation, disease, predation, and fungal infection. I have set this to l07o for all stages other
than eggs. It is set low relative to mortality during the active season because the risk of
desiccation is reduced in the cooler, wetter climate of winter, and invertebrate predators are

less active. However, laboratory observations indicate that no eggs hatch when held at

temperatures of less than l5oC. Therefore, egg mortality is 957o over the winter in the model,
which allows for a small margin of error in the laboratory estimate of IOOVo.

Lizañ population dynamics is also simplified. A flat IÙVo of all lizards are chosen at random
and killed at the end of each season. Empirical observations place annual adult survival at

around 90Vo (8u11,1995). Any ticks on the killed lizards are likewise killed. The killed lizards
are replaced from newborns whose mothers are chosen at random from the surviving liza¡ds.
These newbom lizards spend one season in their mother's home range, before randomly
choosing a home range of their own (natal dispersal). This results in no net change in the
number of lizards available, but tends to redistribute lÙVo of the population to new locations
each season after the first two.

Table 5.3 shows all survival and landscape p¿uameters not described in Table 5.1 or Table 5.2.

Table 5.3 All parameters of the model other than developmentaVmortality times and

temperature effects.

Parameter description Value

h, home range diameter

R, refuge density

L,ljzard density

sex ratio

Maximum time on host as

adult

lizard mortality

between season tick mortality

200 m

10,000 - 20,000 km-2

50 - 150 km-2

1:1

180 days

lOVo yearr

lOVo yeart ,95Vo yearr (eggs only)

,q

.i

r
I
I

I

Population growth rates and estimation of extinction or outbreak risk

I associate regulation with "boundedness". In the model, I will identify population regulation
failure with either extinction or exceeding an upper threshold. The upper threshold is chosen

based on field observations of average tick density on lizards (Chapter 4), and computational
constraints. Clearly the larger I allow populations to get in an individual based model, the

longer the model takes to run, and the more mgmory is required. Preliminary runs indicated
that if the model exceeded 200,000 ticks / km2, then the average number of ticks per lizard
often exceeded 50. Tick densities per lizard larger than 50 Ticks/Lizard were never observed

at the transect or landscape scale in the real tick population, and in only 6 out of more than

500 density estimates at the population scale (Figure 4.4 to Figure 4.6). Whenever a density
estimate did exceed 50 ticks llizard at the population scale, the density in the following year

is much lower.'When the number of ticks in the model exceed this threshold, the model
population rarely drops back below 200,000 I kni, and has not been observed to go extinct. I
refer to the event of exceeding this upper threshold of 200,000 I kú:f as an "outbreak".

The cumulative probability that the population hits either the upper or lower boundary can be

calculated as a function of time using the Kaplan-Meier estimator (K-M; Venables & Ripley,
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'1

1994). The presence of an upper boundary that terminates a model run means that some

observations are "right-censored". Right censoring arises in this case because runs that
outbreak may go extinct eventually. For example, if a run breaks out in year 11, I only know
the run didn't go extinct over the previous 11 years. The K-M estimator takes this right
censoring into account by calculating the probability based on the "risk set", r,, which is the
number of runs currently at risk of going extinct (ie. have not yet gone extinct or broken out),
The estimator is then calculated as

s(r) = fl ( s.8)

where d¡ is the number of extinctions occurring in interval i, and the product is taken over all
intervals icr. I calculate the cumulative probability of not having an outbreak by redefiningd
as the number of outbreaks occurring in interval i. I usually show the median time to
extinction or outbreak as the first season in which the cumulative survival curve drops below
0.5.

I calculate the growth rate between years based on the total number of ticks in all stages on
lizards or in refuges at the end of each season prior to overwintering mortality (nr). The
growth rate from yeal t to / + I is

L, =lnb ( 5.9 )
nt

I exclude values from the first year, and from years that precede the model hitting either the
upper or lower boundary.

Results

In the basic scenario I explore the response of the model to variation in some of the unknown
or uncertain parameters. In particular, the density of lizards and the number of refuges. I
consider both the effect on the average growth rate of the population, and the median time (in
years) to either go extinct or outbreak. Unless otherwise noted, all results are calculated from
100 replicate runs at each combination of parameter values, and the model is seeded with
1000 ticks (85Vo larvae, lOVo nymphs, and 5Vo adults), each attached to a randomly chosen

lizard. Note that this probably does not correspond to a population of l0 ticks / lizard in the
empirical data (eg. Figure 4.4), because in the empirical data the population of ticks on lizards
is supported by a (presumably) much larger and unobserved population in refuges.

The average population growth rate decreases with increasing refuge density, and with
decreasing lizard density (Figure 5.10). On a natural log scale, 1 represents an increase of a
factor of e, or more than a doubling of tick numbers in a single season. V/ith 100 or more
liza¡ds, most populations are exponentially increasing, on average. The points for l0 - 11, 000
refuges with l50lizards are missing because all runs went over the upper boundary within 2
seasons, and therefore I am unable to calculate growth rates. The standard elrors of runs with
l50lizards are also large because at low refuge numbers most runs broke out within two
seasons, leaving small sample sizes for estimating the average population growth. There does

not appear to be an interaction between the number of lizards and the number of refuges on
the average growth rate. A decrease of 50 lizards appears to have approximately the same

effect as adding 7-8,000 refuges.
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Figure 5.10 Average population growth rate as a function of refuge density for three
different lizañ densities. Error bars are standard errors, and where not shown are
smaller than the displayed points.

More than 93Vo of the runs for all parameter combinations either went extinct or broke out
before the simulations were terminated at 50 years. The median time to outbreak increases
with increasing refuge density, and decreases with increasing lizard number (Figure5.l 1).

There appears to be an interaction between lizard number and refuge density, because
increasing the number of lizards at low refuge densities has a much smaller impact on median
outbreak time than an increase in lizard numbers at high refuge densities. This arises because
the population is growing exponentially, and a given decrease in average growth rate has a
non-linear effect on the time to reach the upper boundary. The average growth rate (Figure
5.10) is on a logarithmic scale, so the exponential changes are not noticeable. The median
time to extinction decreases with increasing refuge density, and increases with lizard density.
Generally, extinction is only common when the average growth rate is around or less than 0
(ie. fewer lizards and./or many refuges).

Temporal Variation in Mortality/Development
The basic model assumes that temperature does not vary with time, and therefore mortality
and developmental rates are temporal averages. However, mortality in the smaller stages is
particularly sensitive to high temperatures. I used the observed average developmental or
survival time at different temperatures, relative to the average atZloC, to work out the relative
rate at different temperatures for different processes (Table 5.2).Each value is the ratio of
developmental time at2l0Cto developmental time at the midpoint of the temperature class.

This value is then used in the model to decrement the development or survival index.
Therefore, nymphs die 3.28 times quicker at temperatures above 3dC than at temperatures of
20-25oC. This mechanism of incorporating temperature variability has the desired property of
reducing variance in development time at higher temperatures, as observed in laboratory trials
(Chilton, 1989). Engorgement is relatively independent of temperature, because lizards
behaviourally thermoregulate their body temperature close to 3dC. However, this is difficult
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in the field when temperatures are low (C.M. Bull, personal communication). Therefore,I set

relative engorgement rates to 0 when f < l5oc, and to 0.5 when T <20oC.
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Figure 5.1,1 Median time to outbreak as a function of refuge density for three different
lizard densities. Points where the cumulative probability of outbreak was less than 50Vo

over 50 years are not shown.
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Figure 5.12 Median time to extinction as a function of refuge density for three lizard
densities. None of the runs with 150 lizards t kú] went extinct within 50 years.

I have ignored variation in mortality rates due to changes in relative humidity, because I have
no data with which to estimate the time course of changes in humidity in refuges in the field.
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Results

The average growth rate decreases with increasing refuge density and decreasing lizard
density, the same as when there is no fine grained variation in developmental rates (Figure
5.13). The rate of decrease is similar to that in the absence of temporal variation. However, it
is clear that introducing temporal variation in development and mortality has drastically
reduced the population growth rate. In addition, the variability in growth rates is higher at all
parameter combinations. These results are probably driven by the fact that the population
growth rate varies non-linearly with temperature - a form of Jensen's inequality. All
parameter combinations now produce negative average growth rates. At high lizard density
and 19,000 refuges the average growth rate falls outside the monotonic decrease.

10000 12000 14000 16000

# of Refuges

Figure 5.L3 Average population growth rate as a function of refuge number and lizard
density in the presence of temporal variation. Error bars are standard enors.

The median time to extinction (Figure 5.14) and the median time (Figure 5.15) to outbreak
follow similar patterns to the average growth rate, and also reflect the anomalous result at a
refuge density of 19,000. The lizard density appears to have less of an impact on persistence

than refuge density, especially when compared to the effect of lizard density on persistence
when there is no temporal variation. A median outbreak time of 50 years simply means that
less than 50Vo of the runs "at risk" failed to hit the upper boundary before the simulation
finished. The is because most runs went extinct, right-censoring the observation of median

outbreak time.
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Figure 5.14 Median time to extinction as a function of refuge density with temporal
variation.
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Figure 5.15 Median time to outbreak as a function of refuge density when there is
temporal variation in developmental rates.

The model used a total of 3l different seasons in random order. There is less than 2oC

variation in the average temperature over the entire season, making the seasonal average an

unsuitable estimate of the "quality" of a year for ticks. There is considerable va¡iation between
seasons in the number of days for which the average temperature exceeded 2fC (Figure
5.16). This is the number of days in the season where the model used the upper two
temperature classes, for which developmental and mortality rates are higher than those used in
the no variability scenario. I assume that more hot days in season r will increase mortality
rates, leading to lower average population growth from season f to t+l. However, there is no
discernible effect of "season quality" on population growth rate (Figure 5.17).
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Figure 5.16 Frequency histogram of season quality, measured by the number of days
(out of 210) on which the average temperature exceeded zfc.
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Figure 5.17 Population growth rate as a function of "season quality" for 100 replicate
runs with 15,000 refuges and l00lizards.

Variability in Space and Time
Introducing temporal variability in development and mortality rates drastically decreased the
average population growth rate and increased the variability. Consequently, the persistence of
populations was also decreased. In this next section, I consider the additional impact, if any, of
va¡iation between refuges on top of variation in time. Variability in space is added through
different classes of refuge. In the simplest scenario possible, each refuge class is given a
property that describes the temperature class relative to that in the environment. For example,
rabbit burrows are cooler than the outside world, and so are always one temperature class
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lower than the environment. Grass clumps are more exposed, so are one temperature class

higher. I introduce three basic classes, cool, normal, and warm, in equal proportions randomly
distributed on the landscape.

Results

Combining both types of variation (Figure 5.18) has little impact on the average growth rates

when compared with temporal variation alone (Figure 5.13). The average growth rates are

slightly lower, and increasing refuge densities may have a slightly lower effect on growth rates
(smaller slope). Compared with the absence of variation (Figure 5.10) the effect of increased
numbers of lizards is reduced. In addition, the amount of variability in growth rates has

increased, and the general trend is more difficult to discem. Most runs have zero outbreaks,

with a few having less than IOVo.The exception is runs with I1,000 refuges and 100 and 150

lizards had lLVo and34Vo outbreaks respectively. Median extinction time decreases with
increasing refuge numbers, while increasing with increasing lizard density (Figure5.l9). Time
to extinction is generally much less than with temporal variation alone, especially at 11,000

refuges.

Virtual Mike
In order to better understand the observation process that was used in collecting the data

analysed in Chapter 4, I sampled the model data with a "virtual ecologist" modelled after Prof.
Mike Bull of Flinders University. Virtual Mike sampled lizards along a linear transect placed

through the middle of the landscape. All lizards whose home ranges overlapped the transect

could be captured. The probability of capture varied between lizards according to the extent to

which their home range overlapped the transect, how many refuges there are in the home

range, and on which side of the transect the lizard spent the previous night. For each lizard, I
counted how many refuges were on either side of the transect. On a sample day, each lizard
had a probability of capture given by dividing the number of refuges on the other side of the

transect from the lizards previous position, divided by the total number of refuges in the home

range. This raw capture probability was then multiplied by an "efficiency modifier", which
varied between 0 and 1. This modifier reflects the fact that even if a lizard crosses the road on

a day when Mike is sampling, he may not be there to capture it. Captured lizards have their
ticks accurately enumerated.

Results

The effect of capture efficiency is clearly demonstrated with three runs of the model with
different levels of capture efficiency. In one run with capture effìciency equal 1 and 120

lizardslkm', Virtuul Mike caught an average of 167 (range I29 - 231) lizards each year along a
one kilometre transect. Consequently the sampling error, measured as the standard error of the

mean, varied between 0.03 and 2.1. This average is comparable to the annual number of
lizards captured along the entire length of Transectl (12 km; Table4.l). Reducing capture

efficiency to 0.5 the average number of captures per year drops to 1 16, and the sampling error
varies between 0.07 and 7.4. With a capture efficiency of 0.1, the average number of captures

per year is 27 , and sampling error varied between 1.0 and 23.4. This compares more closely
with the average number of captures per kilometre analysed in Chapter 4.
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Figure 5.18 Average population growth rate as a function of refuge density in the
presence of both spatial and temporal variation. Error bars are standard elrors.
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Figure 5.19 Median time to extinction with both temporal and spatial va¡iation.

The number of ticks counted on lizards is not a good estimator of the total number of ticks on

the landscape, even when there is no sampling error associated with the random capture
process (ie. all ticks on every lizard on the landscape are counted; Figure 5.20). An average of
l0 ticks I lizard can correspond to any population density between =4000 and 100 000 ticks /
km2. There is a rough positive relationship apparent when total tick density exceeds 10 000
ticks / km2. 'When data collected by Virtual Mike for the same series of runs is used to
calculate the average ticks / lizard, as was done in Chapter 4, there are two features worth
noting. First, when total density is less than 10,000 ticks / km2, there are many years in which
the sampled density is 0, even though there are ticks present on the landscape (Figure 5.2I).
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Second, the average densities tend to be higher, and any trend with total tick density is
virtually non-existent.
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Figure 5.20 Correlation between the average number of ticks on lizards, and the total
number of ticks on lizards and in refuges for 100 replicate runs with 15,000 refuges and

100 lizards. Note the logarithmic scale on both axes. Average tick density was
calculated from all lizards at the same time as total tick numbers were enumerated; this
is not Virtual Mike data.
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Figure 5.21 Correlation between the average number of ticks on lizards captured by
Virtual Mike, and the total number of ticks on lizards and in refuges for the same runs as

Figure 5.20. Note the logarithmic scale on both axes. Average tick density was

calculated from all lizards captured every 28 days throughout the season.
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Discussion
It is clear that the density dependent larval engorgement success observed in Chapter 4 is

insufficient to lead to population regulation. Once the total number of ticks exceeds 200,000 /
km2, the population is acting in a close to deterministic fashion, with greatly decreased

variability in average numbers of births and deaths. If the average growth rate is greater than

zero, these populations explode. The average number of ticks per lizard at this threshold
density is between 5 and 50 (Figure 5.20), which is quite comparable with the peak population

densities observed in the field at the population scale (1 km segments; Figure 4.5). However,
the engorgement success at a density of 50 is 0.415 compared to 0.439 for a single larva(4.12

). This small change is unlikely to have an effect on the average population growth rate.

Clearly some lizards will have enough ticks for the density dependent reduction in
engorgement success to occur, but this will be a rare event at densities typically observed in
the field.

The second point from this model is that the "tick sampling process" that is being employed in
the fîeld to understand tick population dynamics (Chapter 4) is unlikely to lead to firm
conclusions about the dynamics of the ticks. It is not well related to the actual dynamics of the

tick population. This effect arises from two main reasons. First, most ticks in the population

are unobservable because they a¡e in refuges where they are impossible to count. Second, the

random capture process often leads to low sample sizes. As a result, low density tick
populations are often missed, while high density tick populations are often overestimated.

This effect was clear for the empirical data in Figure 4.6, and the same effect occurs in the

model for the data sampled by Virtual Mike (Figure5.22). This effect is not unique to ticks;
any effort to sample an organism with a highly variable population distribution will face these

problems. Clearly, the random capture data of chapter 4 can provide little more than a broad

outline 'of the population dynamics, especially at smaller scales. Detailed time series of tick
numbers on individual liza¡ds would provide more information.

46810
Sample size [# of captures]

12

Figure 5.22 Average Ticks lLizañ in each year as a function of sample size (number of
lizards captured in that year) for the same data as Figure5.21.

Modellers often comment that models can be used to identify parameters or processes that are

inadequately quantified. There are at least two examples of this in the present model. First, I
found that the density dependent engorgement process identified in Chapter 4 is insufficiently
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understood. It has only been measured over a range of densities that are extremely uncommon
in the field. It is not known whether the same mechanism applies during other engorging
stages. Proper characterisation of this response could demonstrate that there is some scope for
population regulation through this mechanism. For example, if engorgement success is very
high (=l¡ with fewer than 10 ticks per lizard, but drops off sharply to the levels observed in
the experiment, then this mechanism could lead to population regulation. Improved
engorgement success at low densities would tend to raise the average population growth rates,
while forcing these to drop off to the levels observed in the current model when densities
increased (ie. to strongly negative values).

The second problematic assumption identified by the model is that all bluebushes are created
equal in the eyes of alizañ. The estimated density of bluebushes in the freld is much larger
than the refuge densities used in the simulation results shown here. In every scenario, the
maximum refuge density (usually 20,000 / km1 leads to rapid extinction of the tick
population. Therefore, either the model has left out some crucial process that improves tick
survival, or the assumption that all bluebushes are equally useable by lizards as refuges is
false. Many things have been left out of the model: predation in refuges, crushing mortality
during engorgement, high temperature mortality, less than lÙ07o boarding rates. All of these
would increase the mortality of ticks, and therefore increase the rate at which populations go
extinct. Thus, I am left with the conclusion that lizards must not use all refuges equally. The
estimates of Burzacott (unpublished data) already distinguished between possible overnight
and other types of refuge. The only process that could increase the survival of ticks waiting in
refuges for lizards is non-random use of the available refuges, ie. if there are some refuges
they are more likely to visit than others. If neighbouring lizards tend to use the same criteria to
pick refuges, this will then also increase the rate of transmission. Otherwise, non-random use
within a home range, but not between home ranges (ie. lizards don't know each other's choice
criteria), will increase survival but not transmission. Correlated movement of mates will not
increase transmission across the landscape by much, because the home ranges of mates
overlap to a large degree even outside the mating season.

That there is little or no conelation between the number of hot days in the season and tick
population growth rates can be interpreted in a number of ways. First, it could be that an
annual, between season increment is an inappropriate time scale over which to integrate the
effects of climate on ticks. For example, in Davidson and Andrewartha's (1948) classic paper
on density independent population regulation, the fluctuations of the thrips population were
considered on a daily basis. The tick model is unlikely to show strong effects at the level of
individual days, because mortality is a cumulative process, taking several days to occur even
at the highest temperatures. Considering the frequency of runs of high temperature days may
be a better method. The second possible interpretation is that my modelling of the effects of
temperature on development and mortality is incorrect. Particularly at very high temperatures,
it is possible that the maximum temperature reached during the day, rather than the average, is
what determines mortality. Such mortality may also be more "catastrophic" in nature, ie. act
immediately, rather than cumulatively. Finally, I have not included any effect of humidity on
tick mortality in the model, although it does have an effect in lab experiments. It could be that
soil moisture content is a better predictor of mortality than temperature.

Spatial variability enters this model in three ways. First, there is the obvious inclusion of
variation between refuge types in the full variability scenario. This appears to have little
effect, other than lowering the average, between season, population growth rate. Second, even
the "no variation" scenario incorporates some spatial variability through random variation in
the number of refuges in each lizards home range, and the number of liza¡ds using a particular
refuge. This will create regions on the landscape which have poor population growth, and
regions with better population growth. As we will see in Chapter 7, there is substantial spatial
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and temporal va¡iability in lizard population dynamics, which has been included here in only
the simplest of outlines. Some of the spatial variability in lizard dynamics could be a response
to variation in habitat, which would further enhance the extrinsic variation experienced by the
tick population. Third, there could be intrinsic variability arising as a result of self-
organisation in the tick population. This is unlikely to occur outside of patterns imposed on
the system by the pattern of refuges and lizards, because there is little or no interaction
between individual ticks. In the glider model of Chapters 2, 3 and 7, intrinsic patteming arises
because of competition for space. In the tick model, there is only weak intra-specific
competition at the larval engorgement phase. Given that this competition does not appear to
contribute to population regulation, it seems unlikely to lead to pattern formation. The
possibility that competition of this nature could maintain a parapatric boundary as described in
Chapter 4 remains to be tested.

This chapter has employed a spatially explicit, individual based model to look for population
regulation as an emergent property from spatial and temporal variation in survival and
developmental rates. It does not seem as though population regulation is likely in this system
without the addition of explicit density dependence.
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Chapter 6 Predicting the outcome of pulse additions of ticks to a
landscape

lntroduction
One of the values of ecological modelling is that it is possible to extrapolate to temporal and

spatial scales beyond the reach of experimental manipulation. Nonetheless, it is important to
subject models to experimental validation if at all possible. In this chapter I use the tick model
developed in Chapter 5 to make predictions that can be tested in an experiment proposed for
the 1998-99 season. I also develop a simple matrix model of the tick population to provide an

alternative prediction.

This chapter demonstrates the use of the "virtual ecologist" approach in a pro-active way, to
design empirical experiments that can answer questions of interest. It is useful to have
predictions from altemate models (Hilborn & Mangel, 1997), because if an experiment rejects
one model, it may not reject another, and this speeds the development of insights into the
ecological processes. This multiple model approach is particularly important in a management
context, where management decisions must be made, whether there is an extant (ie. not
rejected) model or not.

The experiment will consist of releasing a large number (500-1000) larval ticks onto alizard,
and making detailed observations of the tick population in the immediate vicinity on a daily or
sub-weekly basis. A pilot experiment with one lizard was conducted during September 1998 -
January t999, but the results of this experiment are not available.

Methods
I generated predictions for this scenario from the individual based model (ßM) of Chapter 5

by choosing alizard whose home range was centred between 367 and 666 m of both axes (ie.

the centre 1/9ú of the landscape). On day 0 this lizard is infested with 1000 larval ticks. No
other ticks are introduced. All liza¡ds that share one or more refuges with the release lizatd are

identified. These are generally the lizards whose home range centres are less than2h distant
from the home range centre of the release lizard, although lizards at the outer margin of this
criterion may not share a refuge by chance. The ticks on these lizards are checked daily. I run
the model for an entire season, 210 days.

I record two criteria, the total number of nymphs observed, and a K-S comparison of the

distribution of nymph arrivals with a cumulative curve. All records are for the first time a
nymph was observed; it is possible to distinguish previously recorded nymphs on lizards
without marking them, by keeping records of the locations of each nymph on its host (C.M.
Bull, personal communication). The number of new nymphs recorded on each sampling date

is independent of nymphs recorded on earlier dates. An easier measure, the total number of
nymphs observed on each sampling date, is not independent across time, because nymphs

observed on one day may, or may not, have been present the previous time. In the initial test, I
generate predicted distributions from 1000 replicate runs with 125 lizards and 7000 refuges.
All predicted runs used weather sequences from the 1997 season (Sept 1 - March 30).

Matix model

I constructed a simple stage-structured matrix model (Caswell, 1989) to generate predictions
without any stochastic influence. The disadvantage of this approach is that it does not predict
a variance, but only a mean value. I used a projection interval of one day, and based the
growth and survival probabilities on the parameters used in the IBM. I ignore development
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beyond the engorged nymph stage to eliminate oviposition flow from experimental ticks. I
projected 1000larvae on lizards forward 210 days, and recorded the cumulative number of
nymphs feeding on lizards.

The daily growth and survival probabilities were calculated from the average duration of each

stage (or average survival time) by assuming that the within stage age distribution is stable,

and that individuals have a constant probability of moving up to the next stage (or of dying).
This assumption means that the within stage age distributions are geometric, and therefore the
per day probability of completing development (or of dying) is simply the reciprocal of the

average duration. These probabilities are then assembled into a projection matrix by
recognising that the probability of staying in the same stage is the product of the probability of
not growing and surviving, while the probability of moving to the next stage is the product of
the probability of growing and surviving (Table 6.1). For larvae and nymphs, the probability
of "growth" represents the probability that one or more lizards visit their current refuge (see

equation ( 5.6 )). For feeding and moulting stages, the survival probability is assumed to be

1.

Table 6.1 Projection matrix for the stage structured model. pi is the probability of
surviving each day in stage r, t¡ is the probability of growing to stage i+1, and l, is the

probability one or more lizards visits a refuge. Blank cells are 0. The matrix is initialised
with 1000 individuals in stage 2 (feeding larvae).

NymphsLarvae Feeding
Larvae

Moulting
Larvae

Feeding
Nymphs

Larvae

Feeding
Larvae

Moulting
Larvae

Nymphs

Feeding
Nymphs

Moulting
Nymphs

Pr(1-I)

PrÀ PzQ-rz)

o,>a.t p:(1-t¡)

ptaz P+(1-À)

P¿L ps(l-ts)

PsTs

Predictions
The total number of nymphs recorded on the designated lizards tests the mortality and

engorgement success rates in the model. It provides little information about development
rates, because enors in the development process would slow down or speed up the arrival
rates of ticks, but have little or no impact on how many are ultimately observed. A two-tailed
test with a = 0.05 is performed by comparing the observed value with the predicted

distribution (Figure 6.1). The total number of nymphs is 957o likely to lie between 96 and294
The minimum observed was 59, and the maximum 351.
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Figure 6.1 Predicted distribution of total nymphs observed over 210 days in 1000

replicates of the experiment. An average of 15.5 (SD=3.7, range 5-27) lizards were
observed.

Testing the developmental processes in the model requires information about the arrival time
of nymphs on lizards. This information is mixed up together with the movement rules used by
lizards, and the assumption that refuges are used independently. I initially generated a
"predicted" cumulative distribution of nymph arrivals with a preliminary run of 40 replicates,
yielding 9218 observations (Figure 6.2). This predicted curve was then compared with the
actual curve from each of the 1000 replicates using a two-sample Kolmogorov-Smirnov D
statistic (Press et al., 1992). This is the absolute greatest distance between the two cumulative
curyes, which is a well known and sensitive test of the position of two distributions. It is most
sensitive to differences in the median position, although it will respond to differences in the
tails as well. Although the predicted curve appears to be normally distributed, it is
significantly different from a normal curve, primarily in the tails (KS D = 0.076, p < 0.001,
df=9216). This is an excellent reason for not using a parametric test of the center of the
distribution relative to a prediction (eg. t test). This non-normality probably arises from the
geometric distribution of waiting times for nymphs in refuges.

The observed D statistics ranged from 0.077 to 0.5028, with957o of values less than 0.295
(Figure 6.3) The sampling distribution of D is well known, and there are algorithms for
calculatingp values. However, these distributions rely on the assumption that the underlying
distribution is continuous. Both the predicted and observed distributions in this case are

discrete, with many tied values especially in the vicinity of the median. Therefore, 95Vo of the
p-values for the runs in Figure 6.3 arc less than 0.02. Clea¡ly, given that these runs are

generated from an identical model, too many values are being rejected. Therefore,I will
predict only that the D between the experimental and the predicted distributions of anival
times is 95Vo likely to be less than 0.295. Values larger than this will constitute a rejection of
the model.
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Figure 6.2 Predicted cumulative distribution of nymph arrivals in experiment. Solid line

= matrix model, dotted line = IBM.
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Figure 6.3 Frequency distribution of Kolmogorov Smimov comparisons for 1000

replicate runs against the predicted distribution from the IBM in Figure 6.2.

The matrix model suggests that207 nymphs will be observed over the 210 days of the

experiment. This is only slightly larger than the median prediction of the IBM (194 nymphs
over 210 days). The arival time distribution from the matrix model has a sharper rise and a

longer tail (Figure 6.2). This is because of the geometric distributions of developmental times,

which have considerably more weight in the tails than the normal distributions used in the

IBM.

Discussion
The two biggest sources of variation in the predictions are the random variation in both the

number of refuges, and the number of lizards using those refuges within ?h of the release
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lizard. Both of these quantities will vary between replicates as a result of the random locations
of refuges and lizards. It is conceivable that these things could be measured in the field, and

the exact values and locations used to generate the predicted results. However, given the large

number of refuges in the region, and the uncertainty associated with identifying those refuges

that are actually used by lizards, it seems unlikely to be a useful exercise.

The large amount of variability in the number of lizards that share refuges with the release

lizard is also responsible for my inability to make predictions at the level of individual lizards.

I chose to ignore the presence of background ticks when generating predictions for the

landscape experiment. One source of error in the experimental test therefore is that more

nymphs will be observed than came from the original release. Initially,I attempted to include
variation in the number of background ticks in the predictions. However, given the propensity

of model tick populations to either grow exponentially or go extinct (Chapter 5), it was very
difficult to reliably generate average background tick densities on the order of one to five ticks
per lizard.

The extent to which this omission biases the prediction can be determined post-hoc by looking
at the number of nymphs that appear on lizards whose home range centres are more than one

home range diameter from the release lizard's home range centre. These lizards could not
receive nymphs from the release, and the number of nymphs appearing on them is an

indication of the background tick density. As long as these densities are reasonably low (<
lÙVo of the total number observed on experimental lizards), the bias in the experiment is
minimal. The site for the pilot release was chosen for its low background tick density. The
second consequence of omitting background ticks is that the lower predicted boundary is
conservative. If the number of observed ticks is less than that, then the model is quite

seriously over-predicting the survival of ticks through 2 stages of development.

A second source of error in the experiment is that not all lizards in the release zone are

necessarily captured and radio collared. In particular, there may be transient lizards passing

through the region that are not captured at any point. These lizards, if they pick up ticks in the

release zone, will reduce the observed total number of nymphs. It is difficult or impossible to

estimate the impact such lizards will have. Itinerant lizards will be captured, marked, and

counted when observed, so some estimate of their impact in the field will be available post-
hoc.

It seems unlikely at first glance that this experiment is a strong test of the model. However, it
will identify gross inconsistencies in the model (eg. no nymphs observed, or 500 nymphs
observed). If the model is consistent with the data collected in this experiment, it would
suggest that more effort invested in greater replication and better background assessment

would pay dividends.
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Ghapter 7 Gharacteristic Scales in Ecology: Fact, Fiction or Futility

lntroduction
Complex dynamics in both space and time are a striking feature of ecological systems.
Ecosystems that appear simple from an anthropocentric scale are often composed of dozens of
species performing many different functions. Heterogeneity is created by variation in soil type,
moisture, light availability and other landscape features. The result is a mosaic of habitat types
in space that varies with time. Overlaid on this mosaic is a further layer of complexity that
arises when individual organisms consume resources, interact, reproduce and die in this
heterogenous landscape. Moreover, this heterogeneity is scale dependent; different organisms
exploit the landscape at different scales (Allen & Starr, 1982). The net result is spatial
heterogeneity in population dynamics.

It is possible that many processes contribute to variation in population size in space. V/hether
or not the neighbourhoods, or scales, of multiple processes can be detected individually, or if
they combine to show a single dominant scale for a population, is an open question. For the
remainder of this chapter I will take "characteristic scale" to mean the distance an ecologist
would have to travel to find a signihcant change in the quantity or process being measured. A
quantity could be population density; the process could be mortality. The characteristic scale
could also be an area measure; the area within which similar processes are responsible for the
dynamics of a quantity. If a process is contributing to variation in space, then I assume that it
generates a signature detectable by the methods that I are exploring.

If calculations are not done at many different possible scales the correct one cannot be
identified. Therefore, I can ignore traditional ecological pattern analyses such as fitting
frequency distributions or calculating nearest neighbour distributions (Krebs, 1989). These
analyses are performed at a single scale of observation, and so presume that the correct scale
is already known. V/hat I need is a way to identify the scale at which an ecosystem should be
sampled to understand the processes that drive it. A quantitative analysis of scale is only
possible using the operations of zooming or lagging (Schneider,1994). Zooming is the
process of lumping together sampling units to form larger units. The analyses I will examine
in this paper use this technique. Lagging, common in geostatistical applications such as
semivariograms or autocorrelation functions (Cressie, 1993), is the process of looking at
points at successively greater separations. I did not consider these methods here because of
time limitations. In addition, they generally require much longer time and space series to be
useful.

There has been a growing recognition of the need for explicit analyses of the scale of
ecological systems (eg. Schneider,1994; Mac Nally &'Watson, 1997), but as yet few attempts
to perform such analyses with empirical data. Even those analyses that have been performed
are virtually incomparable because of variability in method, data, and a lack of mechanistic
interpretations to the observed patterns. I will outline the historical background of
characteristic scales in ecology, compare the performance of two scale analyses with a
computer population model in the spirit of the virtual ecologist, and examine some empirical
data.

Historical and Conceptual Background
Multiscale analyses have a longer history in plant ecology than animal ecology. Grieg-Smith
(1979) reviewed nearly 30 years of pattem analysis work in plant ecology using block
variance methods. They have spawned a plethora of methods including fractals, spectral
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analysis, and variance decay spectra. Fractals were first used in ecology by Bradbury et al.
(1984) to look at variation in coral reef structure as a function of scale. Their use has since
expanded to measures of home range structure (Loehle, 1990), habitat distribution (Milne et
a1.,1992), and animal movement (Wiens et al., 1995; Nams, 1996). Spectral analysis (Platt &
Denman, 1975) has found more limited application in ecology, primarily in the analysis of
oceanic plankton distributions (eg. Steele & Henderson, 1979). The biggest drawback to
spectral analyses is the amount of data required. Variance decay spectra are the focus of this
paper. For a comprehensive review of spatial analysis methods, at least for vegetation
patterns, Turner et al. (1991) is excellent.

The null premise of variance decay spectra is that neighbouring samples are independent; that
is, the value of the ecological quantity being measured is unaffected by the value of that
quantity at a neighbouring location. This premise is obviously false at small scales; what is
needed is a method of quantifying the degree to which it is false, and the distance one must
move before it is true. A further premise is that the value of the quantity at all spatial locations
is drawn from the same distribution; in other words the mean and variance of that quantity are
identical everywhere in the area of interest. A sample at a particular location can be thought of
as an estimate of this mean. Combining two neighbouring samples will be a more precise
estimate of this mean; in fact, the standard error of the estimated mean will decrease as

o
ùr- f.,tn

where o is the standard deviation of the population of samples, n is the number of
neighbouring samples being combined, and sn is the standard error of n combined samples.
Taking the logarithms of both sides shows us that the standard error of combined samples
should decrease with the number of samples with a slope of -ll2.If these samples are
neighbours, then the number n is the spatial scale, and the above formula describes how the
standard deviation of the ecological quantity should decrease with increasing sampling scale.
Smith (1938) was the first to point this statistical fact out, and used it to develop a method for
determining the optimal plot size in crop yield experiments.

A decrease in variance can also be interpreted as an increase in predictability with scale. This
process of increasing predictability has been explored with a self-organising model for coral
reef communities (Green et al., 1987). Models formed from samples at a scale of 20 - 25 m
were better able to predict the abundance of single species of coral, both within and between
reefs, than models formed from data sampled at scales of 5 - l0 m. den Boer (1981) showed a
similar result for two species of ground dwelling carabid beetles. The decrease in variance
with scale for one of the species was later attributed to the importance of a small scale abiotic
factor influencing mortality (van Dijk & den Boer, 1992).

Levin and Buttel (1986) suggested that a shallower slope than -ll2 on a variance decay plot is
evidence of spatial correlation between the sample points. Levin and Buttel (1986) generated
this sort of plot for the output of a single species, spatially explicit population model, and
observed that at small scales the slope was significantly less than -ll2,up to a threshold,
beyond which the slope was not distinguishable from -ll2.They suggested that this threshold
point marked the characteristic scale of the system. In their model the characteristic scale
depended on the size of disturbances applied to their model population. O'Neill et aI. (1991)
have utilised this method, which they dubbed the "Variance Staircase", to look for multiple
scales of variation in remotely sensed land use data. They found that there could be several
plateaus in a variance plot, interspersed with regions where the variance decreased linearly
with a slope of -1l2.

( 7.r)
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In what appears to be an entirely separate line of inquiry, Crowley (1977) proposed a similar
relationship between the temporal coefficient of variation (CV) and scale for animal
populations. The temporal CV is the coefficient of variation of samples taken at one point
many times. This is different from the variance in the variance staircase method, which is the
variance of samples taken at many points at one time. The notion in the temporal CV analysis
is that within small regions, populations will fluctuate synchronously. Small regions far apart
relative to the characteristic scale will be subject to different random influences, and so will
fluctuate asynchronously. When the variance of small regions over time is measured, it will be
found to be large compared with the variance of regions large enough to enclose subregions
that a¡e out of synchrony with each other. This is because the population fluctuations within
large regions tend to cancel out, leading to decreased variance. As with the Variance Staircase,
the expected result of plotting the temporal CV against scale is a linear decrease with low
slope at small scales, followed by a steeper, but still linear decrease at scales larger than the
characteristic scale. Over scales where fluctuations in population density are asynchronous the
slope is -ll2 (Crowley,1977). De Roos et al. (1991) used this method to analyse a spatially
explicit predator prey model, and found that the drop off to a slope of -ll2 was determined by
the distance predators could move in search of prey.

Both the Variance Staircase and Temporal CV analyses have been used to find characteristic
scales in spatially explicit population models. Given the underlying differences, one
measuring variance in space, another in time, it can be legitimately asked if the characteristic
scales detected by these two methods are in fact the same thing. The only way to do this is to
perform both analyses on the same data set and compare the results. To my knowledge, this is
the first time these two methods have been compared.

Spatially explÍcit population models and dispersal
I use the greater glider (Petauroides volans) model described in Chapter 2 to compare the
performance of the above scale analysis methods on a single set of data. The model is
individual based, and the position and life history state of all females in the population are

tracked at one year intervals. The basic spatial unit is a female home range (assumed to be I
ha in size), and all runs are performed on a 100 x 100 grid of home ranges. I use a uniform
landscape in this chapter, with no introduced heterogeneity. I altered the adult age-related
mortality, and fecundity slightly to ensure that populations reached an approximate
equilibrium after 150 years to facilitate the spatial data analysis (Iable 7.1). All runs in this
chapter were 200 years in length, and data for the analyses were collected from either the last
25 yearc, or only the final year.

I use only two of the dispersal strategies outlined in Chapter 2: random walkers and global
jumpers. The global jumping dispersal rule permits dispersing juveniles to access any territory
on the landscape, while the random walkers can only move to their neighbouring territories.

Some typical examples of population sizes over time are shown in Figure 7.1 for the two
different dispersal scenarios. By 150 years, regardless of the starting population, the total
number of occupied territories in the system has reached a rough equilibrium, determined by
the balance between births and deaths, especially deaths during dispersal (see Chapter 2).
Obviously, the greater the proportion of territories that are occupied, the greater the mortality
during dispersal, because newborns will have to move more often, on average, to find
unoccupied home ranges. This introduces a form of density dependence in the model,
stabilising the long term dynamics. The only apparent difference between the two dispersal
scenarios at this level is the stronger density dependence shown when dispersal is localised.

I

I
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Table T.lLife history parameters for the Greater Glider (Petauroides volans). All
values are per capita rates.'Where two values are given for a parameter, the first is for
global dispersal, and the second is for localised dispersal. V/here values have been
altered from Chapter 2 the original values are in brackets.

.l Parameter Newborn Juvenile Adult

Aging related 0.5
mortality (per year)

Dispersal mortality 0.05
(per movement)

Fecundity (per year) 0

0.15 0.137,0.13 (0.15)

0.3s (0.s)0
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Figure 7.1 Typical population dynamics generated by the Greater Glider model. The
three different starting population sizes are 6000, 3000, and 100. All runs used the same
seed value for the random number generator. Solid lines are for localised dispersal.
Dashed lines are for global dispersal.

If the population dynamics of this model appear uncomplicated, the same cannot be said of the
spatial pattern of occupancy (Figure 7.2). Now a strong qualitative difference between the two
dispersal scenarios is apparent; localised dispersal leads to "clumpier" patterns of occupation.
This difference between global and local dispersal is not new; Green (1989) found similar
effects of changes in dispersal ability for a model of vegetation subject to fire. The difficulty is
to quantify this difference in a way that will allow us to determine the process that is
responsible for the clumping. In the analyses that follow I use the methodology of the original
authors as far as possible.

I applied the Variance Staircase method to these maps by running 20 transects horizontally
across the landscape on every 5th row of territories. For a given scale, I calculated the
proportion of territories occupied by all age classes along a segment of the transect of that
length, and then computed the standard deviation among the 20 transects. For example, at the
I km scale (10 territories) for each ofthe 20 transects, the proportion ofthe l0 territories
occupied on the leftmost side of the landscape was calculated. The standard deviation at 2 km
was calculated using the 20 leftmost territories of each transect, and so on. I expect that this
quantity, the spatial standard deviation in proportion of territories occupied, will decrease with
a slope of -ll2 at scales above the characteristic scale. In fact, this is exactly what occurs for
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both dispersal scenarios (Figure 7.3). The difference is that localised dispersal introduces a
plateau at small scales where the spatial variance does not decrease as quickly as scale

increases. This plateau is presumably related to the average size of the clumps that can be seen

in Figure 7.21^.

Figure 7.2 Maps of the landscape after 200 years, from starting populations of 3000

individuals. Closed squares represent adult gliders, open squares juvenile gliders. A)
localised dispersal. B) global dispersal.
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Figure 7.3 The standard deviation of the proportion of territories occupied among

transects as a function of scale. Scale is the number of territories included in the

transect, which is between I and 100. Open triangles are for global dispersal. Open

diamonds are for localised dispersal. Fine vertical line is the characteristic scale

identified by the split-line analysis. The split line for the local dispersal data has

pafameters Br= -0.25, Fz = -0.54, c = 1.16, d = -0.65,SSQ. = 0.000898, n = 100. SSQ''

for the corresponding straight line was 0.00187. The line for the global dispersal data

has parameters B = -0.59, a= -0.2'7, SSQ*= 0.00151. SSQ. for the corresponding split

line was 0.00154
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At this point I introduce an objective method of defining the point at which the variance
begins to decrease, or the characteristic scale. It is a modification of the "split lines" method
discussed by Perry (1982), and operates by minimising the sum of the squared differences
(SSQ; Hilborn & Mangel, 1997) between the predicted and the observed log transformed
variances. I use SSQ rather than a likelihood function because I have not worked out the
proper sampling distribution of log-transformed variances and coefficients of variance, and

the SSQ method does not require knowledge of the sampling distribution. Assuming that there
is only a single point at which the variance begins to decrease more sharply, a "split line" can
be defined as follows:

( 7.2)

where p¡ is the slope of either the first or second line, c is the point on the x axis where the

break occurs, and d is the value of y at x = c. Note that this model requires four parameters,
versus two for a normal straight line. The SSQ is defined as:

SSø= \'(,"o***,,-!0,"a,,,"0.,)' ( 7'3)

The parameters are chosen by minimising (7.3) with a N"*,on-Raphson minimisation
algorithm from arbitrary starting points using the solver in Microsoft Excel (Version 7.0a) that
obtains gradient information from a numerical approximation.

This method is not perfect, and different starting points for the parameters often leading to
different local minima. The main difficulty was that the solver tended to push c out beyond
the range of the data, at which point it would then quickly fit a straight line using d (ie. an

intercept) and one of the slope parameters. This problem was readily detectable by a visual
comparison of the model with the data and an ordinary least-squares fitted line, and could be
corrected by choosing a different set of starting values for the parameters.

I compared the SSQ from the split line model with that from an ordinary straight line (the

solver generated parameters identical to an ordinary least squares method) by using a modified
SSQ that penalises a model for extra parameters (Hilborn & Mangel, 1997):

ssQ, = Yn- zm

where n is the number of data points and m is the number of parameters. For each data set I
picked the model with the lowest SSQ,.

For the global dispersal data, the two parameter straight line was a better fit by SSQ". The
local dispersal data was better fit with a split line, the parameter c indicating that characteristic
scale occurred at about 14 tenitories (Figure 7.3). The slopes of the terminal segments for
both dispersal methods are in the neighbourhood of -ll2.It is not possible to test if the
difference is significant for the split line, but standard t-tests of the slope parameter for the
global data indicate that it is significantly different fuom -I12.

To perform the Temporal CV analysis, I calculated the coefficient of variation in the
proportion of cells occupied in a square sample area centred on the landscape. The smallest
scale examined was 4 territories; the largest was the entire landscape. I used only the last 25
years of data, during which there is little directional change in the total population size for
both dispersal scenarios. Note that "scale" in this analysis refers to an area, whereas for the
Variance Staircase (Figure 7.3) "scale" was referring to a linear distance. The expected slope
on a log-log scale for this plot is -I12. At scales less than the characteristic scale, the slope
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should be closer to zero. For both dispersal scenarios the split line model is a better fit than a
straight line, and the temporal coefficient of va¡iation is decreasing with approximately the

same slope and less than -ll2 (p1; Figure 7.4).For both split lines pr is also less than pz,

indicating a stabilisation of temporal variance at scales above 1180 - 1380 tenitories. This
analysis detects no differences between the dispersal scenarios, unlike the previous analysis.

10

1

o

-è

10 100 1000

Scale [number of territories]

1 0000

Figure 7.4 Temporal coefficient of variation in proportion of territories occupied as a

function of the number of tenitories under observation (scale). Measurements were
taken from a square centred on the landscape over the last 25 years of the runs started
with population sizes of 3000. Open triangles are for global dispersal. Open diamonds

are for localised dispersal. The parameters for the split lines are: local dispersal p1=

-O.71,Þz=0.19, c=7.23,d=-4.|,SSQ.=0.026 (versus0.19forastraightline);global
dispersal Þr= -0.58, pz = -0.09, c =7 .O8, d = -3.6, SSQ. = 0.031 (versus 0.08 for a
straight line). n = 50 for both series.

Discussion

In this section I tested both the variance staircase and the temporal CV analysis against a

simulated data set, and introduced an objective method for identifying characteristic scale

breaks. Like the other models these methods have been applied to in the literature, I used a

simulated landscape with no heterogeneity. Therefore the variance of the ecological processes

on the landscape is homogenous. Even though both methods were proposed to measure

characteristic scale, they yield different results when applied to the same data set. While the
notion of a characteristic scale has intuitive appeal, it is clear that it is poorly defined
quantitatively.

The Temporal CV method measures how temporal va¡iability is reduced at larger scales of
observation. Thus, the characteristic scale in this sense is truly related to a population
dynamics process. The scale measured in this way should be related to the strength of
processes like dispersal and disturbance that could couple the dynamics of neighbouring
regions. Nonetheless, the Temporal CV method did not detect any differences between the
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global and local dispersal scena¡ios in the simulation model. This could be because the
temporal variation in the model is homogenous. Even though it appears from a snapshot that
there are clumps of high density (Figure 7 .2) when dispersal is localised, these clumps are not
static. A sequence of snapshots (not shown) indicates that these clumps tend to drift randomly
about the landscape through time. Observing any small portion of the landscape will yield the

same temporal variation, regardless of where that point is located. The actual abundance at

any one point in time may well be asynchronous between different regions in space, but this
pattern is not what the temporal CV method is analysing.

It is interesting to note that the Temporal CV method detects a break to non-decreasing or
even increasing variance at large scales. In his original paper, Crowley (L977) suggested that
the variance - scale relationship would be initially flat, then decreasing with slope -112, and
then tend to flatten out again. It appears as though the first break is undetected in my analysis,

although the second break is. The method of fitting split lines appears to be a useful and

objective method of finding the breakpoints.

The Variance Staircase did detect differences between dispersal scenarios, which is reassuring
given the qualitative differences in the locations of individuals in the population. This
suggests that the Variance Staircase might be good at distinguishing random from localised
processes. This analysis clearly is picking up differences present in snapshot data. Further
testing would be required to determine if the Variance Staircase can provide additional
information. For example, it may be that it would detect changes in the occupancy pattern
when gliders in the localised dispersal scenario can take bigger steps.

At least one prominent ecological theorist has asserted that variation in space and time are

'ergodic' or replaceable (Levin & Buttel, 1986). Clearly in the model analysed here that is not
true, or else the two analyses would have identified similar patterns. Assumptions that might
be valid for analytical models do not necessarily hold in individual based simulations, even
when the background variation is homogenous.

Characteristic scares using real data
Applying a series of statistical analyses to the output of a simulation model can be
enlightening, and highlights the differences between concepts to which the same name has

been applied. However, none of these analyses can be truly shown to have any utility before
they have been applied to empirical ecological data. Unfortunately, population dynamics data

on temporal and spatial extents large enough, and spatial resolutions fine enough, to test these

methods are rare. In Chapter 4 15 years of mark-recapture data of Sleepy Lizards (tiliqua
rugosa) along over 70 km of transects in South Australia, at a spatial resolution of 50 m (see

Bull 1995 for details) are described. I calculated Jolly-Seber estimates of population size for
contiguous regions 500 m in length along three of the transects (1, 3, and 4, details in Chapter
4). After discarding estimates for years with too few recaptures, and for sparsely sampled
regions of the transects, I have estimates over 5 consecutive years (1988 - 1992) along 11 km
of all three transects. The estimates for Transect 1 are shown in Figure 7.5.
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Figure 7.5 Spatial and temporal variation in liza¡d abundance along Transect 1 between

1985 and 1992. Confidence intervals not shown for clarity. Temporal trends vary with
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Figure 7.6 Variance staircase analysis of Sleepy Lizard mark-recapture data. Each point

is the variance among the three transects for that year and scale. The solid line is a cubic

spline fitted through the average SD among all five years.

The Temporal CV analysis was conducted by calculating the coefficient of variation for a

lumped series of segments among all 5 years. As before, neighbouring segments were lumped

by averaging, and the zooming process started with the most northerly or westerly segments of
the transect. Each of the transects yields a separate plot, so there are 3 replicates.
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Figure 7.7 Temporal coefficient of variation analysis of the sleepy lizard data. The CV
has been calculated over 5 years for each of the three transects. A) Parameters for best
fit single lines to transects I and 4: Transect I þ = -0.29, a = -1.31, SSQ. = 0.03 I
(versus 0.035 for split line), n = 29; Transect 4 þ = -0.21, a = -2.O5, SSQ,' = 0.034
(versus 0.037 for split line),n = 28. B) Parameters of best fit split line to Transect 3' Fr-
-0.029, þz= -0.94, c = 1.5, d = -2.04, SSQ, = 0.015 (versus 0.052 for a straight line), n
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The temporal coefficient of variation analysis matches the expected pattern better, especially
the pattern for Transect 3. All three transects show a roughly linear decline, with "flat" regions
at smaller scales. However, split lines fit only transect 3 significantly better than straight lines,
with the break occurring at a scale of 4.5 km. The slope after the break is much less than the
expected value of -112. The extra variability introduced by the small sample sizes obscures the
expected result, but in this case it appears qualitatively similar to what I expected to see.

Discussion

Applying these analyses to empirical data has highlighted an important underlying assumption
of both methods. The process generating the patterns, or the variances, must be stationary in
space. That is, even ifthe processes are independent, the processes at different points in space
must have the same parameters. This is clearly true for the simulated data; there is no
variation in space for the life history parameters. There is no reason to expect that this would
be true in reality. The completely unexpected pattern for the Variance Staircase when applied
to the lizard population data could be explained by a lack of stationarity in the population
processes of the lizards. This assumption may be less critical for the Temporal CV analysis,
because the coefficient of variation is a relative measure. The average population density
could vary tremendously in space, and the CV could still be the same. However, there are
substantial differences between the three transects, and this could be a result of non-
stationarity.

Both the computation and the interpretation of these purportedly quantitative methods are very
arbitrary. Determining just where along the plot a change of slope occurs is a matter of
judgement. O'Neill¿r aI. (1991) used an iterative procedure of calculating a regression slope,
predicting the next point, and then either adding it in if correctly predicted, or using it as the
starting point for a new slope. The statistical validity of this procedure is dubious at best, and I
have opted here for being transparent about the arbitrary nature of the interpretation.
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Conclusion
The need for explicit, quantitative measures of the characteristic scale, or the scale of
variability, in ecosystems has lead to the proposal of a number of methods and concepts.
These methods have never been subjected to rigorous testing to determine their sensitivity to
patterns, or to violations of their assumptions. In this chapter I have tested two methods for
measuring characteristic scales against both a simulated data set, and an empirical data set.

These tests highlighted problems with the proposed methods, the Variance Staircase, and the
Temporal CV, and with the underlying concept of a characteristic scale.

The results of the empirical tests are interesting for a more general reason than just the
differences in analysis. The magnitude of temporal variation in population dynamics across
different taxa has been a question of interest to ecologists since Schoener (1985) first noted
that lizard populations appear to be less variable through time than mammals. My work here
has introduced a hitherto ignored co-variate in the debate: the scale of the analysis relative to
dispersal ability or characteristic scales. If lizards have consistently been sampled at larger
scales relative to their dispersal ability than other taxa, then they would appear to be less

variable with time even though there is no mechanistic reason for it.

Quantifying characteristic scales of ecological processes is an important step towards being
able to compare analytical results between different ecosystems (Addicott et al., 1987).I have
shown here that two proposed methods of measuring the characteristic scale of an ecosystem
are fraught with problems, and pose more problems than they resolve. To answer the question
posed in the title of this chapter, characteristic scales in ecology are certainly fiction, possibly
fact, and looking for them seems to be futile!
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Chapter I General Discussion

In this thesis I employed spatially explicit models and computer intensive analysis for two
main purposes. First, I explored how processes acting at the individual level scale up to
population dynamics when processes are variable in space. Second, I explored the
consequences of sampling spatially complex variability for drawing conclusions from the
often limited data available to ecologists.

The individual level processes I concentrated on were dispersal and variation in mortality and

development. The marsupial model of chapter 2 and 3 was concerned with the consequences

of natal dispersal on heterogenous landscapes. Birth and death were also considered at the
individual scale, but the primary motivation for this model was the consequences of variation
in dispersal. To my knowledge, the population consequences of different dispersal strategies
across landscapes have never been compared in a single place. Spatially explicit models
incorporating local dispersal normally proceed by chosing a single strategy, and then
exploring the consequences of that strategy (eg. Doak et al., 1992; Gustafson & Gardner,
1996). The lesson from this thesis is that using a random walk dispersal behaviour versus a
habitat selector or straight line dispersal has significant consequences at the population level.
Random walking dispersers achieving higher population sizes than individuals that seek out
good habitat for themselves (chapter 2). This population response to the mechanism of
dispersal adds another dimension to the observation that errors in the estimation of dispersal
parameters propagate through the results of spatially explicit models (Hartway et al., 1998).

My model has demonstrated that in addition to mortality rates, incorrectly estimating the kind
of directional response individuals make to the landscape during dispersal (ie. random, biased
random, or hill climbing) can have significant repercussions.

The marsupial model also demonstrated that correlations between a structural habitat variable
(eg. the basal area ofacacia trees, or the number ofhollow trees) and abundance or occupancy
can arise in the absence of active habitat selection. Correlations arise if individuals a¡e

restricted to moving locally, and habitat quality is spatially auto-correlated. Thus estimating
correlations between abundance and habitat is unlikely to identify the kind of directional
response used by a species, in addition to the other failings of such habitat models as

discussed in chapter 3.

The tick model has little obvious individual level behaviour, with variable mortality and
development being the individual level processes of interest. The model identified fruitful
avenues for future research. In particular, understanding the behaviour of hosts towards
nocturnal refuge sites is clearly critical to understanding tick population dynamics. The
incorporation of spatial and temporal variation into survival and development of ticks clearly
demonstrated that using spatiotemporal average rates in the model (ie. ignoring
spatialtemporal variability) leads the model to overestimate tick population growth rates.

The second main purpose to my thesis was to use spatially explicit models to understand the

observation processes employed by ecologists on spatially complex landscapes. This
approach, which I call the "virtual ecologist", is the key to effective use of spatially explicit
models in the future (Hartway et al,, 1998). I employed this technique in two chapters of this
thesis. With the marsupial model I examined the utility of estimating correlations between
habitat variables and occupancy. The most interesting conclusion from this approach in this
thesis is the observation that probability of occupancy, however estimated, is a surrogate for
colonisation rate. This is exciting, because the colonisation rate, a function of dispersal ability,
is clearly an important part of understanding and predicting the dynamics of populations for
management purposes. Unfortunately, occupancy does not provide information about the
other crucial parameter, survival or extinction.
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I used the virn¡al ecologist approach in the tick model to consider the effect of sampling only
the proportion of the tick population that is present on lizards on the ability to estimate

variation in the tick population as a whole. Because the proportion of the population that is

not observable in refuges is highly variable, the number of ticks counted on lizards is a poor

indicator of changes in tick abundance.

This thesis has demonstrated that it is possible to go beyond the assumptions of homogeneity,
and use spatially explicit models to understand how spatial variability and its interaction with
individual level processes influences population dynamics. Finally, this thesis has shown that

the "virtual ecologist" is a viable means of improving ecological sampling on spatially

complex landscapes. If carefully developed and interpreted, the future of spatially explicit
models in applied population management is bright.
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Appendix A

The following table presents the citations and classifications for all 173 papers discussed in
the introduction and Table 1.1.

Citation Type # Species Scale Topic
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(Lhotka, 1994)
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