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Summary

1. The spatial distribution of populations is affected by the dispersal abilities of the species, interac-

tions among individuals, or habitat selection. Linking these ecological processes to spatial patterns

is of primary importance for understanding and prediction purposes.

2. We review both statistical andmechanistic methods for studying the spatial distribution of popu-

lations. Statistical methods, such as spatial indexes and nearest-neighbour analyses help character-

izing the spatial pattern. They allow testing the effect of environmental variables on spatial patterns

using regression analyses.

3. Mechanistic modelling can be used to analyse the effect of mechanisms underlying the spatial

pattern.We reviewmechanisticmodels (e.g. metapopulation, individual-based and cellular automa-

ton models) devoted to represent dispersal abilities, interactions among individuals and habitat

selection.

4. We illustrate each method by works on insects, which cover a broad range of spatial patterns.

Strengths and limitations of methods are discussed according to the process and type of data set.

5. Scientists can use statistical or mechanistic methods in an iterative manner to infer process from

spatial pattern. New approaches such as ‘pattern-oriented modelling’ or ‘space as a surrogate

framework’ determine whether alternative models reproduce an observed pattern. It allows selec-

tion of the process that best explain the observed pattern.
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Introduction

Spatial heterogeneity is of great importance in the study of

populations, communities, ecosystems, and landscapes (Sha-

ver 2005). Spatial heterogeneity is defined either as the varia-

tion in space in distribution of a point pattern, or variation of a

qualitative or quantitative value of a surface pattern (Dutilleul

& Legendre 1993). It can be caused by habitat factors

(Tscharntke et al. 2002) and their temporal variations

(Leyequien et al. 2007), individual traits (Tilman & Kareiva

1997), and neutral processes (Rosindell, Wong, & Etienne

2008). Habitat factors include resource density and hetero-

geneity that may result in a series of suitable patches of differ-

ent size and of different isolation level in an unsuitable matrix

(Tscharntke et al. 2002). When habitat is fragmented, the

dispersal behaviour of individuals explains much of the varia-

tion of population densities in corresponding patches (Coombs

& Rodriguez 2007). Individual traits such as dispersal abilities

(Tscharntke & Brandl 2004), sexual attraction by pheromone,

or aggregative behaviour have consequences for population

dynamics and species distributions.

Linking ecological processes, such as dispersal, interactions

among individuals, or habitat selection, to spatial patterns is of

primary importance in both basic and applied ecology. It may

help the conservation of endangered species (Matern et al.

2007) based on the comprehension of the effects of habitat

fragmentation on population dynamics (McIntire, Schultz, &

Crone 2007), and to control pest species by relating their

spatial distribution to their damages (Rodeghiero & Battisti

2000; Eber 2004).

Methods used to analyse the spatial heterogeneity of popu-

lations are statistical or mechanistic. Statistical methods based

on spatial correlations or multiple regressions on landscape

variables help reveal the link between landscape elements and

populations. They allow the researcher to characterize spatial

patterns and to test the explanatory power of candidate vari-

ables using a correlative approach. Mechanistic methods deal
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with underlying mechanisms of spatial distribution of popula-

tions that are studied at the population or individual scale. The

combination of statistical andmechanistic models in ecological

research can provide new insights into the comprehension of

spatial heterogeneity.

In this review, we argue that the comprehension of spatial

heterogeneity requires an iterative process including three

steps. The first part of the review presents the use of statistical

methods to detect the characteristics of spatial patterns (Fig. 1:

arrow 1). The second part of the review presents the statistical

models used to identify exogenous or endogenous factors

explaining a spatial pattern (Fig. 1: arrow 2). The third part of

the review exemplifies the use of mechanistic models to study

the mechanisms that produce spatial patterns. In the last part

of the review, we discuss the methodological ways to link

spatial patterns and ecological processes, and especially how

statistical and mechanistic methods complement each other to

achieve a full understanding of spatial heterogeneity of popula-

tion (Fig. 1: arrow 3). Rather than presenting in detail meth-

ods, which has been done elsewhere for statistical methods

(e.g. Cressie 1993; Dale et al. 2002; Fortin&Dale 2005), mech-

anistic methods (e.g. Tilman & Kareiva 1997; Huffaker &

Gutierrez 1999), and pattern-process approach (Illian et al.

2008), our review aims at providing a framework for choosing

the right method or the best combination of methods to

explain the spatial pattern of a population. We illustrate the

strengths and limitations of methods with insect case studies,

because of the wide range of spatial patterns and life-history

traits in insect populations (Schowalter 2006). Tables 1 and 2

illustrate the topics of the research conducted on spatial hetero-

geneity of insect population during the last 15 years by statisti-

cal or mechanistic methods, respectively. Each table allows

researchers to know existing methods already used to address

a given topic.

Characterization of the spatial pattern of insect
populations

Spatial and temporal resolutions of the sampling area are of

primary importance to capture the process under study and

should be adapted in consequence (Fortin & Dale 2005). For

example, the distribution of a population of aphids may seem

to be aggregated, random, or regular depending on whether

the forest, tree, or leaf is chosen as sampling unit (Begon,

Harper, & Townsend 1996). Geostatistical methods have to be

chosen among indexes of spatial autocorrelation [e.g., Moran

and Geary, Spatial Analysis by Distance Indices (SADIE�),

Mantel] and analysis of neighbouring distances (e.g., Nearest-

neighbour distance orK-function) (Table 1, Fig. 1: arrow 1).

OVERVIEW OF SAMPLING METHODS

Sampling methods include direct observation, capture–

mark–recapture (Kreyer et al. 2004), radiotelemetry (Vinatier

et al. 2010), or interception trapping using pitfall traps

(Botes et al. 2006), trunk traps (Rodeghiero & Battisti 2000),

Fig. 1. Schematic diagramof the different steps necessary to understand spatial heterogeneity of organisms and the type ofmethods involved.
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suction traps (Bommarco, Wetterlind, & Sigvald 2007), and

pheromone traps (Moral Garcı́a 2006). Other methods are

based on pest damage in agroecosystems (Augustin et al.

2007). Trapping data and pest damage data are considered

to be ‘marked point processes’, where traps or plants are

mapped objects for which the number of trapped individuals

or the intensity of attacks are recorded. Direct observations

are considered as ‘point pattern processes’, where the posi-

tion of each individual is recorded on a two-dimensional

Euclidian space. Trapping methods capture only a part of

the real population, are generally affected by environmental

factors, and they are often sex-biassed, for example with

pheromone traps. It is important to recognize that these limi-

tations in sampling could affect our understanding of spatial

heterogeneity.

TYPES OF SPATIAL POPULATION PATTERNS

Spatial patterns are usually divided into three types: random,

aggregated, or regular (Begon, Harper, & Townsend 1996).

Random distributions can be modelled by negative binomial

or Poisson distributions (Desouhant, Debouzie, & Menu

1998). Distribution patterns may also be of a gradient type

(Judas, Dornieden, & Strothmann 2002). Spatial patterns

could be the result of the superposition of different types of

patterns.Wiegand,Martinez, &Huth (2009) found that spatial

pattern of tropical tree species is composed of a random com-

ponent and a component with two critical scales of clustering.

This pattern can be modelled by Thomas processes (Thomas

1949) consisting of a set of clusters and points for each given

cluster. Position of points relative to each cluster follows a

Table 1. Overview of statistical models used to characterize spatial patterns of insect populations and corresponding references

Topic Method References

Characterization of the spatial population pattern

Evaluation of distribution of species Kriging (Franceschini, Cannavacciuolo, & Burel 1997;

Moral Garcı́a 2006; Trematerra et al. 2007)

Trend surface analysis (Felizola Diniz-Filho & Fowler 1998)

Moran eigenvectors (Jombart, Dray, & Dufour 2009)

Identification of species

patterning (aggregation)

SADIE� (Thomas et al. 2001; Ferguson et al. 2003; Nansen,

Subramanyam, & Roesli 2004)

Mantel test, Moran

and Geary indexes

(Rodeghiero & Battisti 2000; Judas, Dornieden, &

Strothmann 2002; Ellis 2008a)

Lloyd’s index (Kianpour et al. 2010)

Ripley’s K-function,

Taylor’s power law

(Powers et al. 1999; Lancaster, Downes, &

Reich 2003; Schroff, Lindgren, & Gillingham 2006)

Iwao’s patchiness regression (Arnaldo & Torres 2005; Peña et al. 2007)

Morisita’s index (Gilbert, Vouland, & Grégoire 2001)

Clark & Evan’s index (Chamorro-R, Montealegre-Z, & Gonzalez-O 2007)

Nearest-neighbour distance (He & Alfaro 1997; Dodds, Garman, & Ross 2006)

Bayesian approach (Augustin et al. 2007)

Nearest-neighbour distance (Potts & Willmer 1998; Moravie, Borer, & Bacher 2006)

Egg-laying pattern Frequency distribution fitting (Desouhant, Debouzie, & Menu 1998; Zu Dohna 2006)

Identification of factors affecting spatial patterns at the landscape scale

Landscape factors Multiple regression analysis (Holland & Fahrig 2000; Den Belder et al. 2002)

*Habitat unsuitability (border effects…) Stepwise regression (Elliott et al. 1999; Buse, Schroder, &

Assmann 2007; Matern et al. 2007)

*Habitat suitability Generalized linear mixed models (Taboada et al. 2006)

Correlation with proximity indexes (Hanski & Heino 2003; Beckler, French, &

Chandler 2004; Fred, O’Hara, & Brommer 2006)

anova analysis (O’Rourke, Liebman, & Rice 2008)

Autoregressive models (Kadoya et al. 2009)

Spatial-filtering (Hamasaki et al. 2009)

Generalized linear models (Botes et al. 2006)

Climate factors Autoregressive models (Aukema et al. 2008)

Spatial-filtering (Fergnani, Sackmann, & Cuezzo 2008)

Nearest-neighbour distance (Scharf et al. 2008)

Habitat fragmentation Generalized linear mixed models (Powers et al. 1999; Tscharntke et al. 2002; Rabasa,

Gutierrez, & Escudero 2005; Fred, O’Hara, &

Brommer 2006; Li et al. 2007)

*Patch indexes Multiple regression analysis (Krauss, Steffan-Dewenter, & Tscharntke 2003)

Field study and anova analysis (Kreyer et al. 2004; Haynes, Diekötter, &

Crist 2007a; Haynes et al. 2007b)

*Source ⁄ sink effects Ring correlation (Carrière et al. 2004; Ricci et al. 2009)

*Connectivity indexes Multiple regression analysis (Diekotter, Billeter, & Crist 2008; Ricci et al. 2009)

Human population Generalized linear models (Pautasso & Powell 2009)
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bivariate Gaussian distribution, and position of cluster can be

randomly and independently distributed (single cluster). Clus-

ters can be themselves clustered, leading to a double cluster.

The spatial distribution of populations can change across

years, as illustrated by He & Alfaro (1997). The authors

explained that white pine weevils were restricted to some trees

early in the infestation (giving an aggregated distribution); the

weevils then dispersed randomly to the other trees (giving a

random distribution); and finally the weevils attacked all trees

at the peak (giving a regular distribution).

METHODS TO DEFINE THE KIND OF SPATIAL PATTERN

For point pattern processes (see Subsection OVERVIEW OF

SAMPLING METHODS), indices are mainly based on

counts of individuals per unit of a grid, called quadrat. The

simplest indices are based on the variance (S2) and the mean

(l) of population density per quadrat. Lloyd’s (1967) mean

crowding is defined as l* = l+(S2 ⁄l)-1 and represents the

mean number per individual of other individuals coexisting in

the same quadrat. Patchiness corresponds to the relative

magnitude of spatial, quadrat-to-quadrat variations of popula-

tion density (Kuno 1991). Taylor’s empirical power equation

S2 = a.lb makes it possible to assess the level of aggregation

by means of slope b that indicates a uniform (b < 1), random

(b = 1), or aggregated (b > 1) distribution of population

(Arnaldo & Torres 2005). Morisita’s index of dispersion

(Morisita 1971) is based on the probability that two randomly

selected individuals will be in the same quadrat. In addition,

Iwao’s patchiness regression (Iwao 1968) betweenmean crowd-

ing l* and mean density l indicates the contagiousness inher-

ent to the species (intercept of the regression) and the manner

in which individuals distribute themselves in their habitat with

change in themean density (slope of the regression).

In contrast to the indices presented above, a statistical

method termed SADIE� (Perry 1995) takes into account spa-

tial coordinates of quadrats. Given a number of individuals in

each of several quadrats, two indexes can be computed from

this method: one referring to distance to crowding and one to

distance to regular. The first SADIE� index is based on the

total distance that individuals would have to move in order to

get them all in one quadrat. The second SADIE� index is

based on the total movement necessary to get the same number

of individuals in each quadrat (Fortin & Dale 2005). SADIE�

has been successfully applied to insect counts determined by

regular trapping (Ferguson et al. 2003). Contrary to Taylor,

Table 2. Overview ofmechanistic models used to investigate spatial patterns of insect populations and corresponding references

Topic Method References

Population spatial pattern results from…

Insect behaviour

*Dispersal Lattice model (Lee et al. 2007)

*Mate-finding behaviour Individual-based model (Byers 1991; Tyson et al. 2008)

*Aggregation Metapopulation model (De Gee, Lof, & Hemerik 2008; Lof et al. 2008)

Network model (Yakob, Kiss, & Bonsall 2008)

Individual-based model (Depickere, Fresneau, & Deneubourg 2004)

Cellular automaton (Perfecto & Vandermeer 2008)

*Egg-laying tactic Probabilistic model (Horng 1997; Gilbert, Vouland, & Grégoire 2001;

West & Paul Cunningham 2002; Zu Dohna 2006)

Individual-based model (Byers 1996)

Habitat heterogeneity results from…
Insect damages Cellular automaton (Kondoh 2003; Bone, Dragicevic, &

Roberts 2006; Lee et al. 2007)

Differential equations (Lopes et al. 2007; Lopes, Spataro, & Arditi 2010)

Individual-based model (De Knegt et al. 2008)

Insect behaviour Individual-based model (Theraulaz & Bonabeau 1995)

Habitat heterogeneity affects population dynamics or population resistance to insecticide

Landscape factors Network model (Yakob, Kiss, & Bonsall 2008)

Reaction-diffusion model (Tyson, Thistlewood, & Judd 2007; Roques,

Auger-Rozenberg, & Roques 2008)

Individual-based model (Parry, Evans, & Morgan 2006; Arrignon et al. 2007)

Leslie matrix model (Benjamin, Cédric, & Pablo 2008)

Climate factors Lattice model (Kizaki & Katori 1999)

Individual-based model (Parry, Evans, & Morgan 2006; Arrignon et al. 2007)

Habitat fragmentation Leslie matrix model (Pichancourt, Burel, & Auger 2006)

Cellular automaton (Cerda & Wright 2004)

Metapopulation model (Ovaskainen et al. 2002; Hanski & Heino 2003;

Kondoh 2003; Fred, O’Hara, & Brommer 2006)

Individual-based model (King & With 2002; McIntire, Schultz, & Crone 2007)

Planting management Metapopulation model (Banks & Ekbom 1999)

Individual-based model (Levine & Wetzler 1996; Potting, Perry, &

Powell 2005; Vinatier et al. 2009)

Resource quality Differential equations (Helms & Hunter 2005)
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Morisita, and Iwao indices, SADIE� is able to analyse counts

of a given species at different times and counts of multiple

species (Thomas et al. 2001).

Concurrently to methods applied at the quadrat scale, near-

est-neighbour methods are used to analyse patterns of small

populations at the individual level (Dodds, Garman, & Ross

2006). For example, the Clark & Evans (1954) index gives a

measure of dispersion. It is calculated as the ratio between the

mean observed nearest-neighbour distance and the mean

expected nearest-neighbour distance in case of randomness.

The Clark & Evans index cannot be computed when a large

part of the area of observation is not classified because of miss-

ing values (Dodds, Garman, & Ross 2006). To test the occur-

rence of different patterns at different spatial scales within the

same population, it is necessary to associate a goodness-of-fit

test and the Pielou test to the Clark & Evans index, as shown

by Potts &Willmer (1998) in their study of the spatial distribu-

tion of bee nests. The nearest-neighbour techniques gather the

K-function (Ripley 1976) and its modified forms: the L-func-

tion usually defined as LðrÞ ¼
ffiffiffiffiffiffiffi
KðrÞ
p

q
for r � 0 (Besag 1977),

and the pair correlation function gðrÞ ¼ dKðrÞ
2prdr for r � 0

(Dietrich &Helga 1996). They help determining the radius r at

which a collection of mapped points exhibits clustering (nega-

tive values) or overdispersion (positive values). As K(r) is

expected to be proportional to r2 in planar case with deviations

of interest for small values of r, the L-function has the main

statistical and graphical advantage to be directly proportional

to r in planar case (Illian et al. 2008). The pair correlation func-

tion g has the advantage to isolate specific distance classes in a

ring dr (Wiegand&Moloney 2004).

In contrast to point pattern processes, marked points pro-

cesses include the abundance of population at each sampling

point. It is relevant to employ spatial autocorrelation indexes

that compare the similarity between pairs of sampling points

within a given radius to randomly distributed pairs of points

(Legendre & Fortin 1989). The spatial autocorrelation is

described withGeary orMoran indexes (Legendre &Legendre

1998) and is represented in correlograms that show the rela-

tionship between autocorrelation and distance classes between

sampling points (Legendre & Fortin 1989). Such indexes allow

identifying patchy or gradient distributions and estimating the

size of population patches. A particular case of marked point

patterns includes the discrete number of individuals per host

plant. The fit of frequency distributions on the total number of

individuals per host plant (including the non infested ones) can

be used to characterize spatial patterns (Warren, McGeoch, &

Chown 2003).

Identification of factors affecting spatial
pattern

As emphasized by McIntire & Fajardo (2009), various pro-

cesses can create the same spatial pattern, and therefore char-

acterizing the spatial pattern is insufficient to elucidate the

mechanisms that generated it. The possible role of exogenous

or endogenous factors must be identified by statistical analyses

(Fig. 1: arrow 2 andTable 1). Biological factors such as species

dispersal abilities, aggregation behaviour, or sexual attraction,

and temporal variation of species population due to mortality

and fecundity, could affect population pattern and will be

illustrated in Section Mechanistic modelling approaches.

Insects are affected by various environmental factors such as

landscape composition, fragmentation of resource, or climate

(Huffaker & Gutierrez 1999). Environmental factors are either

continuous (e.g. temperature) or discrete (e.g. soil type).

INTERPOLATION AS A METHOD TO EVALUATE

CONTINUOUS ENVIRONMENTAL FACTORS AT

UNSAMPLED LOCATIONS

Kriging can be used to predict a continuous variable distrib-

uted in space or in time at unsampled locations based on data

from sampled locations (Stein 1999). Temperature, an impor-

tant driver of insect populations, is a good example of a vari-

able that could require kriging because the density of climate

stations is sometimes less than the resolution of the study

(Aukema et al. 2008). The use of interpolated temperatures

instead of temperature from the nearest climatic station helped

Jarvis & Collier (2002) to model the phenology of pests in hor-

ticultural crops.

Stationarity is the major condition for applying kriging, i.e.

mean and variance of the data must be the same throughout

the area under study (Legendre & Fortin 1989). Ordinary kri-

ging considers that values fluctuate locally and that stationa-

rity is limited to local areas (Deutsch & Journel 1998).

Interpolation can be performed for specific coordinates (punc-

tual kriging) or for an area (blocked kriging) (Fortin & Dale

2005). More details on the kriging technique can be found in

Cressie (1993).

Spatial variation of environmental variables can be interpo-

lated using ‘trend surface analysis’ (Legendre & Legendre

1998) in which each variable is treated as a polynomial func-

tion of the longitude and latitude of the observation area. This

method allows extracting simple spatial structures, such as gra-

dient, a single wave, or a saddle. The sample area must be

approximately homogeneous, and the sampling design must

be close to regular (Norcliffe 1969). Moran’s I eigenvectors are

suited for extracting features at finer spatial scales than trend

surface analysis (Dray, Legendre, & Peres-Neto 2006; Griffith

&Peres-Neto 2006).

ASSESSMENT OF LANDSCAPE ELEMENTS

Landscape is considered as a mosaic of discrete spatial ele-

ments such as forest patches, field crops, or hedgerows. Land-

scape elements are usually represented as points, lines, or

polygons using a Geographic Information System (GIS)

framework (Beckler, French, & Chandler 2004). GIS helps to

define their geometrical properties, like shape, edge length, and

orientation, often established from aerial photographs. Such

properties are important for assessing the effects of barriers or

corridors on insect dispersal (Bhar & Fahrig 1998; Den Belder

et al. 2002). Landscape composition can be evaluated by con-

ducting in-person field surveys (Den Belder et al. 2002; Suzuki,
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Kawaguchi, & Toquenaga 2007), by using satellite reflectance

values to characterize vegetation types (Despland, Rosenberg,

& Simpson 2004), or colour-infrared air photographs (Powers

et al. 1999).

Investigating the connectivity between landscape elements

and populations is simple when those elements are represented

by lines (Holland & Fahrig 2000). Studying this linkage can be

more complicated in the case of ‘polygons’ or ‘patches’ that

refer to an area that encompasses elements of the same habitat

type. A common practice is to calculate the connectivity

between two patches as the product of themigration rate of the

studied insect, the distance between the two patches and the

area of the patches. The distance between two patches has been

formalized by the spatial graph theory (Fall et al. 2007) that

describes patch connectivity with nodes, links (connection

between two nodes), and weights of link (accumulated ‘cost’

along the link’s line that reflects the cost of a movement along

the line in terms of energy or of mortality risk). For example,

patches are assimilated to their centres when patch area is small

compared to the observation area of the study (Rabasa,

Gutierrez, & Escudero 2005); when patch area is large com-

pared to the observation area, the distance between two

patches is the nearest edge-to-edge distance (Diekotter, Billeter,

& Crist 2008). It is also possible to determine the area of each

landscape element inside rings defined around each sampling

location (Carrière et al. 2004; Ricci et al. 2009), providing a

good description of source-sink effects of landscape elements.

For example, Carrière et al. (2004) characterized Bt crops (i.e.

crops that produce insecticidal proteins from the bacterium

Bacillus thuringiensis) as sinks of pink bollworms because of

the drastic decrease of populations inside these elements, and

characterized non-Bt crops as sources of pink bollworms.

METHODS TO LINK CANDIDATE FACTORS TO

POPULATION PATTERNS

Landscape features are assessed, and then they get the status of

explanatory variables and are selected using various regression

analyses. Spatial pattern, such as habitat fragmentation level

(Haynes, Diekötter, & Crist 2007a), can be assessed in a facto-

rial design with replications. Effect of spatial pattern on popu-

lation level is, therefore, evaluated through an anova that helps

studying interactions between variable. Explanatory variables

could be selected by a stepwise procedure, as exemplified by

Elliott et al. (1999) on factors affecting aphid predator popula-

tions, or with a Bayesian approach (Augustin et al. 2007).

Generalized linearmodels (GLM) (McCullagh&Nelder 1989)

are suited to non-normally distributed response variables.

They put upwith counts, proportions or occurrence data based

on an appropriate choice of both statistical distribution repre-

senting the data (Poisson, Binomial, or Gamma distributions)

and the link function relating themean value of the response to

a linear predictor (linear combination of explanatory vari-

ables). Beyond the GLM, the Generalized Linear Mixed

Model is suitable for multiple scale analysis, as exemplified by

Rabasa, Gutierrez, & Escudero (2005) on egg-laying of a

butterfly assessed at the scales of patch, plant, and fruit.

The spatial-filtering method transforms a variable contain-

ing spatial dependence into one free of spatial dependence

(Griffith & Peres-Neto 2006). The original data is partitioned

into a spatial-filter variable capturing latent spatial dependency

and a non spatial variable (Borcard, Legendre, & Drapeau

1992). This flexible approach generates a very large number of

spatial variables for which the most relevant ones need to be

selected (Blanchet, Legendre, & Borcard 2008). Among spa-

tial-filtering methods described by Griffith & Peres-Neto

(2006), the Principal Coordinates of Neighbour Matrices

(PCNM) (Borcard &Legendre 2002) is based on an eigenfunc-

tion decomposition of a truncated matrix of geographic dis-

tances among the sampling site. The resulting eigenvectors are

considered as new variables that can be used in any statistical

approaches (e.g. GLM, ordinary least square regression,

canonical analyses such as redundancy or correspondence

analyses). For example, Hamasaki et al. (2009) found spatial

autocorrelation as the most important factor explaining odo-

nate assemblages using PCNM, within-habitat environment

and land use having comparable effects.

More specialized methods have been proposed to partition

the spatial variation in species composition, defined as the ‘beta

diversity (Whittaker 1972), among environmental and spatial

factors. Recently, Legendre, Borcard, & Peres-Neto (2005)

have compared two major methods in the domain, the Mantel

approach (Legendre & Legendre 1998) based on distance

matrices and canonical analysis operating on raw data, either

canonical redundancy analysis or canonical correspondence

analysis. They showed that the canonical approach is more

appropriate to partition the spatial variation of species compo-

sition than the Mantel approach that underestimates the

amount of explained variation. The Mantel approach, how-

ever, is appropriate to analyse variation in species composition

among groups of sites.

Mechanistic modelling approaches

Mechanistic models deal explicitly with the processes underly-

ing spatial patterns (Table 2). According to Grimm et al.

(2005), modellers have to find the optimal level of resolution,

called the ‘Medawar zone’, between a too-complex and a too-

simple model. Discretizing the population, e.g. by considering

age classes, the time, and the space increase the resolution of

the model and, accordingly, its complexity. Subsequently, we

focus on the capacity of models to account for the spatial

arrangement of resources and the interaction among individuals,

two key points of the spatial distribution of populations.

CHOICE OF MODELL ING APPROACHES IN RELATION TO

THE RESOLUTION OF THE MODEL

Spatial patterns may be age-structured, and this calls for expli-

cit consideration of age in correspondingmodels (Pichancourt,

Burel, & Auger 2006; Yoo 2006). In the contrary, models with-

out consideration of age-structure are based on differential

equations considering the population of insects as a whole

(Lopes et al. 2007). The Leslie matrix (Williamson 1959)
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divides the population into different age classes and is based on

transition probabilities from one class to another, based on

mortality and fecundity ratios. Space can be included in these

models, leading to aMultisite LeslieMatrix (Lebreton 1996) in

which transitions from one habitat element to another are

modelled (Pichancourt, Burel, &Auger 2006).

Space, another key point of model resolution, can be consid-

ered implicitly, i.e. the exact position of each habitat element

or patch density can be considered to be unknown. Among

them, metapopulation models such as the Levin’s model

(Levins 1969) calculate the number of sites occupied by a spe-

cies. Dispersal is considered as unconstrained in implicit mod-

els, and local dispersal is therefore not considered (Tilman &

Kareiva 1997). Implicit approaches are thus suitable for insect

species with large dispersal capacities, such as winged species,

or when local dispersal can be neglected. Lopes, Spataro, &

Arditi (2010) developed an aphid model on this basis and

reproduced observed population structure comprising both

patches of highly infested plants for aphids that do not disperse

and a spatially uniform distribution for long dispersers.

In spatially explicit models, the position of each habitat ele-

ment, patch density, or individual is known. Among them, cel-

lular automata are composed of a grid of cells with different

states and are discrete in time, space, and state (von Neumann

1949). Cell states change according to transition rules and to

their neighbourhood (Balzter, Braun, &Kohler 1998). The lat-

tice model (Hassell, Comins, & May 1991) offers a more com-

plex framework in which states of cells are directly linked to

population densities simulated by differential equations (Lee

et al. 2007). As the lattice model, the networkmodel (Yakob&

Bonsall 2009) considers spatially located subpopulations with

their own dynamics, but with variability in the connection

structure of subpopulations. A very different category of spa-

tially explicit models is that of reaction-diffusionmodels, which

consider time, population, and space as continuous variables.

They are suited for studying spatial patterns of invasion in

systems with little or no spatial heterogeneity of resources

(Roques, Auger-Rozenberg, &Roques 2008).

When local movements and individual behaviour are con-

sidered as important processes affecting the spatial pattern, an

individual-based modelling (IBM) approach will better

describe the system, based on emergence of population proper-

ties from individual behaviour (Grimm & Railsback 2005). In

IBMs, each individual is explicitlymodelled and acts according

to a set of rules depending on the landscape structure which is

represented by a grid. Space and time are generally discrete.

Because they have a high level of resolution, IBMs are parame-

ter consuming, and the best combination of parameters that

describes the spatial pattern must be selected to avoid exceed-

ing the computation capacity.

MODELS AS EXPLORATORY TOOLS FOR STUDYING THE

SPATIAL ARRANGEMENT OF RESOURCES

The effects of habitat fragmentation on population dynamics

can be studied by means of metapopulation models, consid-

ering group of sites that are suitable or unsuitable. They are

well suited for populations with large dispersal ranges relative

to the landscape area (Ovaskainen et al. 2002). Metapopula-

tion models, however, cannot be used to investigate the

effects of element boundaries on movement or the effects of

temporal variation in element quality (Pichancourt, Burel, &

Auger 2006). More sophisticated models allow studying the

effect of various spatial arrangements of plants on population

dynamics, and therefore can be seen as ‘virtual laboratories’

(Charnell 2008). They can guide the arrangement of attrac-

tive, repulsive, or resistant plants that are grown with a culti-

vated crop (Potting, Perry, & Powell 2005; Tyutyunov et al.

2008).

MODELLING INTERACTIONS AT THE LOCAL OR

INDIV IDUAL SCALE

Cellular automata and IBM are commonly used to represent

interactions between individuals or between local populations

of insects. Cellular automata are particularly suitable for mod-

elling interactions between neighbours when dispersal is weak

relative to the landscape area under study. The combination of

a cellular automaton and a GIS environment is common (see

Bone, Dragicevic, & Roberts 2006 for an example on forest

insect infestation). Using a cellular automaton, Kondoh (2003)

showed that the spatial heterogeneity of a plant can lead to

overgrazing by herbivores.

Individual-based models have been used to study aggrega-

tion by ants (Depickere, Fresneau, & Deneubourg 2004) and

fruit flies (Lof et al. 2008) as well as mate-finding behaviour of

other insects (Byers 1991; Tyson et al. 2008). The elucidation

of how individual behaviour affects the mating rate is relevant

for the use of sterile insect techniques in the control of pest

populations (Marsula & Wissel 1994). Yamanaka, Tatsuki, &

Shimada (2003) used an IBM to investigate the effect of wind

on pheromone trap efficiency and found that the modelled

population clustered around the pheromone plume.

Linking spatial patterns and ecological
processes

Spatial patterns of insect populations can be studied by induc-

tive or deductive procedures (McIntire & Fajardo 2009). The

inductive procedure characterizes the pattern and then sug-

gests hypotheses about the underlying processes. The deduc-

tive procedure tests multiple hypotheses of underlying

processes by comparing themwith the pattern, either by exper-

imentation or with mechanistic or statistical models. The aim

of fitting a model to empirical data is to gain an understanding

of the pattern (Illian et al. 2008). Inferring processes from spa-

tial patterns is a new approachmotivated by advances in statis-

tical and mechanistic modelling (Grimm et al. 2005; McIntire

& Fajardo 2009) (Fig. 1: arrows 3). These two procedures are

discussed in the following paragraphs. Few studies attempt to

link statistical and mechanistic methods, regarding the refer-

ences figuring both in Tables 1 and 2 (Gilbert, Vouland, &

Grégoire 2001; Hanski & Heino 2003; Fred, O’Hara, &

Brommer 2006; ZuDohna 2006).
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INDUCTIVE PROCEDURE

Explaining a spatial pattern is sometimes reduced to the sug-

gestion of processes from the characterization of the spatial

pattern. For example, woodlots could physically restrict the

dispersal of onion thrips and increase thrips mortality because

of enhanced enemy abundance (Den Belder et al. 2002). The

egg-laying decisions ofApion onopordimay reflect their limited

dispersal abilities (Moravie, Borer, & Bacher 2006). Broad

et al. (2008) assumed that the spatial pattern of lepidopteran

herbivores could result from interference with host location

and egg-laying processes. In some cases, these suggestions

merely require time to be further tested. However, testing com-

plex mechanisms by means of models or experiments such as

learning behaviour of insects (West & Paul Cunningham 2002)

or theAllee effect (Takasu 2009) appears a hard task.

DEDUCTIVE PROCEDURE USING EMPIRICAL STUDIES

In some cases, the type of spatial pattern detected suggests

underlying simple mechanisms that motivate empirical studies.

For example, Chamorro-R, Montealegre-Z, & Gonzalez-O

(2007) used nearest-neighbour analyses to determine that the

spatial distribution of males of Panacanthus pallicornis tended

toward randomness or uniformity; based on this pattern, the

authors hypothesized that the spacing of males was due to the

calling song. They validated this hypothesis by studying dis-

persal of two groups of released males, one group with torn

tympanic membranes and the second with intact tympanic

membranes. Ellis (2008b) estimated that the spatial distribu-

tion of offspring of the tree mosquito was aggregated. Using

both a capture–mark–recapture study and the same spatial

indices, he then compared different scenarios for explaining

the roles of habitat selection, passive aggregation, and egg-lay-

ing preference in the spatial population patterns.

DEDUCTIVE PROCEDURE USING STATISTICAL MODELS

McIntire & Fajardo (2009) proposed a new approach, called

‘Space as a surrogate’, that combinesmechanism and statistical

models for inferring processes from spatial patterns. The

approach is based on (i) the determination of all the relevant

processes affecting the systemunder study, (ii) the development

of the resulting spatial patterns these processes would create,

and (iii) the comparison of these hypothesized, process-based

patterns with the real patterns. For example, McIntire (2004)

tested multiple hypotheses concerning the spatial pattern of

the mountain pine beetle and found that factors such as

weather and surface vegetation affected the boundary forma-

tion of beetle outbreaks. This framework helps the researcher

to infer mechanisms without additional empirical study.

Finally, the framework should be applied to the construction

ofmultiple hypotheses around processes, e.g. randomor corre-

lated walks, long or weak dispersers, aggregative or repulsive

behaviours.

Autoregressive models combine per se mechanism and

statistical methods. They are well suited for modelling the

abundance of species whose distributions are controlled by a

combination of exogenous factors and biological properties

(Lichstein et al. 2002). The spatial autoregressive process can

occur (i) only in the response variable (‘lagged-response

model’), (ii) both in response and predictor variables (‘lagged-

mixed model’), (iii) only in the error term of the model (‘spatial

error model’) (Dormann et al. 2007). Such models can

account for ecological processes, such as density dependence

(Bommarco, Wetterlind, & Sigvald 2007; Bjørnstad, Liebhold,

& Johnson 2008), spatial dependence of the population at

neighbouring locations (Kadoya et al. 2009), or both spatial

and temporal dependencies (Aukema et al. 2008). The regres-

sion also includes exogenous factors concerning climate

(Aukema et al. 2008) or landscape composition (Kadoya et al.

2009). These autoregressive models usually provide a better

prediction of the population distribution than simple regres-

sion (Latimer et al. 2006). Autoregressive models may be

unsuitable for very large georeferenced data sets because of

computation time required for analysing distance matrices

(Griffith&Peres-Neto 2006).

DEDUCTIVE PROCEDURE USING MECHANISTIC

MODELS

Because a spatial pattern is the result of ecological processes, it

is interesting to compare patterns emerging from simulations

of those processes with real data. Following ‘pattern-oriented

modelling’ approach (Grimm et al. 2005), ‘single working

hypothesis’ models are constructed and their confrontation to

data can lead to the acceptance or rejection of the hypothesis

(Hanski & Heino 2003; Fred, O’Hara, & Brommer 2006;

Parry, Evans, & Morgan 2006; Arrignon et al. 2007; Vinatier

et al. 2009).When there is a good fit of modelled to real results,

it may be difficult to know whether the processes and para-

meters of the model are relevant because a different set of

processes and parameters could simulate the same pattern.

When there is a poor fit ofmodelled to real results, the rejection

of the hypothesis does not confirm any particular alternative

hypothesis, as emphasized byMcIntire &Fajardo (2009).

A further understanding of spatial patterns can be obtained

by determining whether alternative models reproduce the

observed pattern (Grimm et al. 2005), models failing to repro-

duce the observed spatial pattern being rejected. The objective

of this approach is similar to that of the ‘space as a surrogate’

framework described above for statistical models. Gilbert,

Vouland, & Grégoire (2001) illustrated this approach in the

study of distribution of attacks of Dendroctonus micans by

both Morisita’s index of dispersion and a probabilistic model.

Among a choice of scenarios, the best fit was obtained for the

hypothesis of induced host susceptibility following random

attack.

Pattern-oriented modelling can also reduce the uncertainty

of parameter estimates by estimating parameters that repro-

duce different patterns simultaneously. This technique, which

is known as ‘inverse modelling’, was used by Vandermeer,

Perfecto, & Philpott (2008) to study the spatial distribution of

ant clusters. The authors constructed a cellular automaton
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based on two parameters, ant clusters expansion and mortal-

ity, and they used both population density over time and clus-

ter size distribution as criteria for the estimation procedure.

Conclusions

Spatial patterns of insect populations depend on various fac-

tors reflecting the behaviour of individuals and the spatial

organization of habitat patches. Among methods used to

understand spatial patterns, statistical models are widely used

to link population levels with habitat traits in a descriptive

way, leading to a better knowledge of habitat preferences of

insect species. Mechanistic models offer the possibility to

understand the mechanisms resulting in population patterns,

and to evaluate the role of habitat and other factors. Inferring

those processes frompatterns relies on a judicious combination

of methods, especially of statistical and mechanistic models

that can be combined in an iterative process. Statistical models

are used to identify factors influencing the spatial distribution.

When factors are identified, statistical or mechanistic models

are used to understand which mechanism is related to those

factors and how it influences the spatial pattern. Simulated pat-

terns are compared to observed patterns using similar statisti-

cal indexes.
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Gilbert, M., Vouland, G. & Grégoire, J.C. (2001) Past attacks influence host

selection by the solitary bark beetle Dendroctonus micans. Ecological Ento-

mology, 26, 133–142.

Griffith, D.A. & Peres-Neto, P.R. (2006) Spatial modeling in ecology: the flexi-

bility of eigenfunction spatial analyses.Ecology, 87, 2603–2613.

Grimm, V. & Railsback, S.F. (2005) Individual-Based Modeling and Ecology.

PrincetonUniversity Press, New Jersey, USA.

Grimm, V., Revilla, E., Berger, U., Jeltsch, F., Mooij, W.M., Railsback, S.F.,

Thulke, H.H., Weiner, J., Wiegand, T. & DeAngelis, D.L. (2005) Pattern-

oriented modeling of agent-based complex systems: lessons from ecology.

Science, 310, 987–991.

Hamasaki, K., Yamanaka, T., Tanaka, K., Nakatani, Y., Iwasaki, N. & Spra-

gue, D.S. (2009) Relative importance of within-habitat environment, land

use and spatial autocorrelations for determining odonate assemblages in

rural reservoir ponds in Japan.Ecological Research, 24, 597–605.

Hanski, I. & Heino, M. (2003) Metapopulation-level adaptation of insect host

plant preference and extinction-colonization dynamics in heterogeneous

landscapes.Theoretical Population Biology, 64, 281–290.

Hassell, M.P., Comins, H.N. & May, R.M. (1991) Spatial structure and chaos

in insect population dynamics.Nature, 353, 255–258.

Haynes, K.J., Diekötter, T. & Crist, T.O. (2007a) Resource complementation

and the response of an insect herbivore to habitat area and fragmentation.

Oecologia, 153, 511–520.

Haynes, K.J., Dillemuth, F.P., Anderson, B.J., Hakes, A.S., Jackson, H.B.,

Jackson, S.E. & Cronin, J.T. (2007b) Landscape context outweighs local

habitat quality in its effects on herbivore dispersal and distribution. Oecolo-

gia, 151, 431–441.

He, F. & Alfaro, R.I. (1997) White pine weevil (Coleoptera: Curculionidae)

attack on white spruce: spatial and temporal patterns. Environmental Ento-

mology, 26, 888–895.

Helms, S.E. & Hunter, M.D. (2005) Variation in plant quality and the popula-

tion dynamics of herbivores: there is nothing average about aphids. Oecolo-

gia, 145, 197–204.

Holland, J. & Fahrig, L. (2000) Effect of woody borders on insect density and

diversity in crop fields: a landscape-scale analysis. Agriculture, Ecosystems

and Environment, 78, 115–122.

Horng, S.B. (1997) Larval competition and egg-laying decisions by the bean

weevil,Callosobruchus maculatus.Animal Behaviour, 53, 1–12.

Huffaker, C.B. & Gutierrez, A.P. (1999) Ecological Entomology, 2nd edn.

Wiley, NewYork, USA.

Illian, J., Penttinen, A., Stoyan, H. & Stoyan, D. (2008) Statistical Analysis and

Modelling of Spatial Point Patterns. JohnWiley and Sons, England.

Iwao, S. (1968) A new regression method for analyzing the aggregation pattern

of animal population.Researches on Population Ecology, 10, 1–20.

Jarvis, C.H. & Collier, R.H. (2002) Evaluating an interpolation approach for

modelling spatial variability in pest development. Bulletin of Entomological

Research, 92, 219–231.

Jombart, T., Dray, S. & Dufour, A.B. (2009) Finding essential scales of spatial

variation inecologicaldata:amultivariateapproach.Ecography,32, 161–168.

Judas, M., Dornieden, K. & Strothmann, U. (2002) Distribution patterns of

carabid beetle species at the landscape-level. Journal of Biogeography, 29,

491–508.

Kadoya, T., Ishii, H.S., Kikuchi, R., Suda, S.i. & Washitani, I. (2009) Using

monitoring data gathered by volunteers to predict the potential distribution

of the invasive alien bumblebee Bombus terrestris. Biological Conservation,

142, 1011–1017.

Kianpour, R., Fathipour, Y., Kamali, K. & Naseri, B. (2010) Bionomics of

Aphis gossypii (Homoptera: Aphididae) and its predators Coccinella septem-

punctata and Hippodamia variegata (Coleoptera: Coccinellidae) in natural

conditions. Journal of Agricultural Science and Technology, 12, 1–11.

King, A.W.&With, K.A. (2002) Dispersal success on spatially structured land-

scapes: when do spatial pattern and dispersal behavior really matter? Ecolog-

icalModelling, 147, 23–39.

Kizaki, S. & Katori, M. (1999) A stochastic lattice model for locust outbreak.

Physica A: StatisticalMechanics and its Applications, 266, 339–342.

Kondoh, M. (2003) Habitat fragmentation resulting in overgrazing by herbi-

vores. Journal of Theoretical Biology, 225, 453–460.

Krauss, J., Steffan-Dewenter, I. & Tscharntke, T. (2003) How does landscape

context contribute to effects of habitat fragmentation on diversity and popu-

lation density of butterflies? Journal of Biogeography, 30, 889–900.

Kreyer, D., Oed, A., Walther-Hellwig, K. & Frankl, R. (2004) Are forests

potential landscape barriers for foraging bumblebees? Landscape scale

experiments with Bombus terrestris agg. and Bombus pascuorum (Hyme-

noptera, Apidae).Biological Conservation, 116, 111–118.

Kuno, E. (1991) Sampling and analysis of insect populations. Annual Review of

Entomology, 36, 285–304.

Lancaster, J., Downes, B.J. & Reich, P. (2003) Linking landscape patterns of

resource distribution with models of aggregation in ovipositing stream

insects. Journal of Animal Ecology, 72, 969–978.

Latimer, A.M., Wu, S., Gelfand, A.E. & Silander, J.A., Jr (2006) Building sta-

tistical models to analyze species distributions. Ecological Applications, 16,

33–50.

Lebreton, J.D. (1996) Demographic models for subdivided populations: the

renewal equation approach.Theoretical Population Biology, 49, 291–313.

Lee, S.D., Park, S., Park, Y.S., Chung, Y.J., Lee, B.Y. & Chon, T.S. (2007)

Range expansion of forest pest populations by using the lattice model. Eco-

logicalModelling, 203, 157–166.

Legendre, P., Borcard, D. & Peres-Neto, P.R. (2005) Analyzing beta diversity:

partitioning the spatial variation of community composition data.Ecological

Monographs, 75, 435–450.

Legendre, P. & Fortin, M.J. (1989) Spatial pattern and ecological analysis.

Vegetatio, 80, 107–138.

Legendre, P. & Legendre, L. (1998) Numerical Ecology. Elsevier Science B. V.,

Amsterdam, TheNetherlands.

Levine, S.H. &Wetzler, R.E. (1996)Modelling the role of host plant dispersion

in the search success of herbivorous insects: implications for ecological pest

management.EcologicalModelling, 89, 183–196.

Levins, R. (1969) Some demographic and genetic consequences of environmen-

tal heterogeneity for biological control. Bulletin of the Entomological Society

of America, 15, 237–240.

Leyequien, E., Verrelst, J., Slot, M., Schaepman-Strub, G., Heitkönig, I.M.A.

& Skidmore, A. (2007) Capturing the fugitive: applying remote sensing to

10 F. Vinatier et al.

� 2010 The Authors. Journal compilation � 2010 British Ecological Society, Methods in Ecology & Evolution



terrestrial animal distribution and diversity. International Journal of Applied

Earth Observation and Geoinformation, 9, 1–20.

Li, H., Futch, S.H., Syvertsen, J.P. &McCoy, C.W. (2007) Time series forecast

and soil characteristics-based simple andmultivariate linear models forman-

agement ofDiaprepes abbreviatus root weevil in citrus. Soil Biology and Bio-

chemistry, 39, 2436–2447.

Lichstein, J.W., Simons, T.R., Shriner, S.A. & Franzreb, K.E. (2002) Spatial

autocorrelation and autoregressive models in ecology. Ecological Mono-

graphs, 72, 445–463.

Lloyd,M. (1967)Mean crowding. Journal of Animal Ecology, 36, 1–30.

Lof, M.E., Etienne, R.S., Powell, J., De Gee, M. & Hemerik, L. (2008)

The effect of chemical information on the spatial distribution of fruit

flies: I model results. Bulletin of Mathematical Biology, 70, 1827–

1849.

Lopes, C., Spataro, T. & Arditi, R. (2010) Comparison of spatially implicit and

explicit approaches to model plant infestation by insect pests. Ecological

Complexity, 7, 1–12.

Lopes, C., Spataro, T., Doursat, C., Lapchin, L. &Arditi, R. (2007) An implicit

approach to model plant infestation by insect pests. Journal of Theoretical

Biology, 248, 164–178.

Marsula, R. &Wissel, C. (1994) Insect pest control by a spatial barrier.Ecologi-

calModelling, 75–76, 203–211.

Matern, A., Drees, C., Kleinwachter,M. &Assmann, T. (2007) Habitat model-

ling for the conservation of the rare ground beetle species Carabus variolosus

(Coleoptera, Carabidae) in the riparian zones of headwaters.Biological Con-

servation, 136, 618–627.

McCullagh, P. & Nelder, J.A. (1989) Generalized Linear Models, 2nd edn.

Chapman andHall, London.

McIntire, E.J.B. (2004) Understanding natural disturbance boundary forma-

tion using spatial data and path analysis.Ecology, 85, 1933–1943.

McIntire, E.J.B. & Fajardo, A. (2009) Beyond description: the active and

effective way to infer processes from spatial patterns.Ecology, 90, 46–56.

McIntire, E.J.B., Schultz, C.B. & Crone, E.E. (2007) Designing a network for

butterfly habitat restoration: where individuals, populations and landscapes

interact. Journal of Applied Ecology, 44, 725–736.

Moral Garcı́a, F.J. (2006) Analysis of the spatio-temporal distribution ofHeli-

coverpa armigera Hb. in a tomato field using a stochastic approach. Biosys-

tems Engineering, 93, 253–259.

Moravie, M.A., Borer, M. & Bacher, S. (2006) Neighbourhood of host plants

influences oviposition decisions of a stem-boring weevil. Basic and Applied

Ecology, 7, 545–554.

Morisita, M. (1971) Composition of the Is-index. Researches on Population

Ecology, 13, 1–27.

Nansen, C., Subramanyam, B.&Roesli, R. (2004) Characterizing spatial distri-

bution of trap captures of beetles in retail pet stores using SADIE� software.

Journal of Stored Products Research, 40, 471–483.

von Neumann, J. (1949) Theory of self-reproducing automata. Theory and

Organization of Complicated Automata (ed. A.W. Burks), pp. 29–87. Univer-

sity of Illinois Press, Urbana.

Norcliffe, G.B. (1969) On the use and limitations of trend surfacemodels.Cana-

dian Geographer, 13, 338–348.

O’Rourke, M.E., Liebman, M. & Rice, M.E. (2008) Ground beetle (Coleop-

tera: Carabidae) assemblages in conventional and diversified crop rotation

systems.Environmental Entomology, 37, 121–130.

Ovaskainen, O., Sato, K., Bascompte, J. & Hanski, I. (2002) Metapopulation

models for extinction threshold in spatially correlated landscapes. Journal of

Theoretical Biology, 215, 95–108.

Parry, H.R., Evans, A.J. & Morgan, D. (2006) Aphid population response to

agricultural landscape change: a spatially explicit, individual-based model.

EcologicalModelling, 199, 451–463.

Pautasso, M. & Powell, G. (2009) Aphid biodiversity is positively correlated

with human population in European countries.Oecologia, 160, 839–846.

Peña, J.E., Amalin, D., Hunsberger, A. &Mannion, C. (2007) Egg distribution

and sampling ofDiaprepes abbreviatus (Coleoptera: Curculionidae) on silver

buttonwood. Florida Entomologist, 90, 234–237.

Perfecto, I. & Vandermeer, J. (2008) Spatial pattern and ecological process in

the coffee agroforestry system.Ecology, 89, 915–920.

Perry, J.N. (1995) Spatial analysis by distance indices. Journal of Animal Ecol-

ogy, 64, 303–314.

Pichancourt, J.B., Burel, F. & Auger, P. (2006) Assessing the effect of habitat

fragmentation on population dynamics: an implicit modelling approach.

EcologicalModelling, 192, 543–556.

Potting, R.P.J., Perry, J.N. & Powell,W. (2005) Insect behavioural ecology and

other factors affecting the control efficacy of agro-ecosystem diversification

strategies.EcologicalModelling, 182, 199–216.

Potts, S.G.&Willmer, P. (1998) Compact housing in built-up areas: spatial pat-

terning of nests in aggregations of a ground-nesting bee. Ecological Entomol-

ogy, 23, 427–432.

Powers, J.S., Sollins, P., Harmon,M.E. & Jones, J.A. (1999) Plant-pest interac-

tions in time and space: a Douglas-fir bark beetle outbreak as a case study.

Landscape Ecology, 14, 105–120.

Rabasa, S.G., Gutierrez, D. & Escudero, A. (2005) Egg laying by a butterfly on

a fragmented host plant: a multi-level approach.Ecography, 28, 629–639.

Ricci, B., Franck, P., Toubon, J.F., Bouvier, J.C., Sauphanor, B. & Lavigne, C.

(2009) The influence of landscape on insect pest dynamics: a case study in

southeastern France.Landscape Ecology, 24, 337–349.

Ripley, B.D. (1976) The second-order analysis of stationary point processes.

Journal of Applied Probability, 13, 255–266.

Rodeghiero, M. & Battisti, A. (2000) Inter-tree distribution of the spruce web-

spinning sawfly, Cephalcia abietis, at endemic density. Agricultural and For-

est Entomology, 2, 291–296.

Roques, L., Auger-Rozenberg, M.A. & Roques, A. (2008) Modelling the

impact of an invasive insect via reaction-diffusion.Mathematical Biosciences,

216, 47–55.

Rosindell, J., Wong, Y. & Etienne, R.S. (2008) A coalescence approach to spa-

tial neutral ecology.Ecological Informatics, 3, 259–271.

Scharf, I., Hollender, Y., Subach, A. & Ovadia, O. (2008) Effect of spatial pat-

tern and microhabitat on pit construction and relocation in Myrmeleon

hyalinus (Neuroptera: Myrmeleontidae) larvae. Ecological Entomology, 33,

337–345.

Schowalter, T.D. (2006) Insect Ecology: An Ecosystem Approach, 2nd edn.

Elsevier, Burlington,USA.

Schroff, A.Z., Lindgren, B.S. & Gillingham, M.P. (2006) Random acts of wee-

vil: a spatial analysis ofHylobius warreni attack on Pinus contorta var. latifo-

lia in the sub-boreal spruce zone of Northern British Columbia. Forest

Ecology andManagement, 227, 42–49.

Shaver, G.R. (2005) Spatial heterogeneity: past, present, and future. Ecosystem

Function in Heterogeneous Landscapes (ed. Springer), pp. 443–449. Springer,

NewYork, USA.

Stein, M.L. (1999) Interpolation of Spatial Data: Some Theory for Kriging.

Springer Series in Statistics, NewYork,USA.

Suzuki, Y., Kawaguchi, L.G. & Toquenaga, Y. (2007) Estimating nest loca-

tions of bumblebeeBombus ardens from flower quality and distribution.Eco-

logical Research, 22, 220–227.

Taboada, A., Kotze, D.J., Tárrega, R. & Salgado, J.M. (2006) Traditional for-

est management: do carabid beetles respond to human-created vegetation

structures in an oak mosaic landscape? Forest Ecology and Management,

237, 436–449.

Takasu, F. (2009) Individual-based modeling of the spread of pine wilt disease:

vector beetle dispersal and theAllee effect.Population Ecology, 51, 399–409.

Theraulaz, G. & Bonabeau, E. (1995)Modelling the collective building of com-

plex architectures in social insects with lattice swarms. Journal of Theoretical

Biology, 177, 381–400.

Thomas, M. (1949) A generalization of Poisson’s binomial limit for use in ecol-

ogy.Biometrika, 36, 18–25.

Thomas, C.F.G., Parkinson, L., Griffiths, G.J.K., Garcia, A.F. & Marshall,

E.J.P. (2001) Aggregation and temporal stability of carabid beetle distribu-

tions in field and hedgerow habitats. Journal of Applied Ecology, 38, 100–116.

Tilman, D. & Kareiva, P. (1997) Spatial Ecology: The Role of Space in Popula-

tion Dynamics and Interspecific Interactions. Princeton University Press,

Princeton, New Jersey, USA.

Trematerra, P., Gentile, P., Brunetti, A., Collins, L.E. & Chambers, J. (2007)

Spatio-temporal analysis of trap catches of Tribolium confusum du Val in a

semolina-mill, with a comparison of female and male distributions. Journal

of Stored Products Research, 43, 315–322.

Tscharntke, T. & Brandl, R. (2004) Plant-insect interactions in fragmented

landscapes.Annual Review of Entomology, 49, 405–430.

Tscharntke, T., Steffan-Dewenter, I., Kruess, A. & Thies, C. (2002) Character-

istics of insect populations on habitat fragments: a mini review. Ecological

Research, 17, 229–239.

Tyson, R., Thistlewood, H. & Judd,G.J.R. (2007)Modelling dispersal of sterile

male codling moths,Cydia pomonella, across orchard boundaries.Ecological

Modelling, 205, 1–12.

Tyson, R., Newton, K.D., Thistlewood, H. & Judd, G. (2008) Mating rates

between sterile and wild codling moths (Cydia pomonella) in springtime: a

simulation study. Journal of Theoretical Biology, 254, 319–330.

Tyutyunov, Y., Zhadanovskaya, E., Bourguet, D. & Arditi, R. (2008)

Landscape refuges delay resistance of the European corn borer to Bt-

maize: a demo-genetic dynamic model. Theoretical Population Biology,

74, 138–146.

Factors and mechanisms explaining spatial heterogeneity 11

� 2010 The Authors. Journal compilation � 2010 British Ecological Society, Methods in Ecology & Evolution



Vandermeer, J., Perfecto, I. & Philpott, S.M. (2008) Clusters of ant colonies

and robust criticality in a tropical agroecosystem.Nature, 451, 457–459.

Vinatier, F., Tixier, P., Le Page, C., Duyck, P.-F. & Lescourret, F. (2009) COS-

MOS, a spatially explicit model to simulate the epidemiology of Cosmopo-

lites sordidus in banana fields.EcologicalModelling, 220, 2244–2254.

Vinatier, F., Chailleux, A., Duyck, P.-F., Salmon, F., Lescourret, F. & Tixier,

P. (2010) Radiotelemetry unravels movements of a walking insect species in

heterogeneous environments.Animal Behaviour, 80, 221–229.

Warren, M., McGeoch, M.A. & Chown, S.L. (2003) Predicting abundance

from occupancy: a test for an aggregated insect assemblage. Journal of Ani-

mal Ecology, 72, 468–477.

West, S.A. & Paul Cunningham, J. (2002) A general model for host plant selec-

tion in phytophagous insects. Journal of Theoretical Biology, 214, 499–513.

Whittaker, R.H. (1972) Evolution and measurement of species diversity.

Taxon, 21, 213–251.

Wiegand, T., Martinez, I. & Huth, A. (2009) Recruitment in tropical tree spe-

cies: revealing complex spatial patterns.AmericanNaturalist, 174, 106–140.

Wiegand, T. & Moloney, K.A. (2004) Rings, circles, and null-models for point

pattern analysis in ecology.Oikos, 104, 209–229.

Williamson, M.H. (1959) Some extensions of the use of matrices in population

theory.The Bulletin ofMathematical Biophysics, 21, 13–17.

Yakob, L. & Bonsall, M.B. (2009) Importance of space and competition in

optimizing genetic control strategies. Journal of Economic Entomology, 102,

50–57.

Yakob, L., Kiss, I.Z. & Bonsall, M.B. (2008) A network approach to modeling

population aggregation and genetic control of pest insects. Theoretical Popu-

lation Biology, 74, 324–331.

Yamanaka, T., Tatsuki, S. & Shimada, M. (2003) An individual-based model

for sex-pheromone-oriented flight patterns of male moths in a local area.

EcologicalModelling, 161, 35–51.

Yoo, H.J.S. (2006) Local population size in a flightless insect: importance of

patch structure-dependent mortality.Ecology, 87, 634–647.

Zu Dohna, H. (2006) The distribution of eggs per host in a herbivorous insect–

intersection of oviposition, dispersal and population dynamics. Journal of

Animal Ecology, 75, 387–398.

Received 16 June 2010; accepted 26 July 2010

Handling Editor: Robert P. Freckleton

12 F. Vinatier et al.

� 2010 The Authors. Journal compilation � 2010 British Ecological Society, Methods in Ecology & Evolution


