SPECIAL FEATURE

Landscape Ecology Comes of Age'

Landscape ecology is a growing subdiscipline of ecology. Its main concern is with the study
of large-scale spatial heterogeneity, due to both natural and anthropogenic influences, and the
effects of this heterogeneity on ecological processes and species persistence. Originating from
European traditions approximately 25 years ago, landscape ecology is now a well established
field internationally. Today, the concepts of landscape ecology (e.g., patch dynamics, metapop-
ulation theory, hierarchical theory) and its tools (e.g., remote sensing, GIS, spatial statistics,
spatially explicit modeling) are used widely in most ecological and related disciplines (e.g.,
wildlife biology, forestry, conservation, resource management, geography, planning, etc.). As a
result, researchers who would not normally refer to themselves as |landscape ecologists, generally
use the same framework and approaches in their research. The interdisciplinary popularity of
landscape ecology is directly related to the awareness that landscape composition and spatial
configuration has an undeniable, and all too often irreversible, impact on ecological processes
and species survival. Indeed, as humans and other species compete for the same limited resources,
landscape spatial patterns are altered, and habitat is lost or fragmented, these changes will alter
ecological functions and processes.

The thread linking the broadly different scopes of studies in landscape ecology is an explicit
consideration of the effects of spatial components (e.g., patch, boundary, corridor, matrix), spatial
resolution (e.g., extent, grain, scaling), and spatial patterns (e.g., patchy, sparse) on ecological
processes. The key research questions in landscape ecology are focused on understanding the
interaction between pattern and process. How does spatial heterogeneity affect ecological pro-
cesses and species movements? How can we identify the scale(s) at which to study ecological
processes? How do ecological processes transfer between and across scales? How can we account
for uncertainty through space and time? Before these questions can be fully answered, however,
several conceptual, statistical, and modeling challenges still need to be addressed. Within the
scope of this Special Feature, the breadth of research in landscape ecology in the North American
tradition is reviewed by Turner. Much of this research deals with understanding pattern—process
relationships. The subsequent papers address the conceptual and methodological challenges and
developments needed to grasp the interaction between patterns and processes.

The first challenge is conceptual and is at the heart of landscape ecology: How should we
define and quantify spatial heterogeneity given that it is scale dependent (Wagner and Fortin)?
The question istherefore at which scale, or range of scal es, should pattern and process be examined
for a given question, species, or system under study. Hence, although the concepts of landscape
ecology are generally adapted to different types of systems, their relevance depends on the match
between the scale of spatial pattern and the process under investigation. Furthermore, natural and
anthropogenic disturbances operate at more than one spatial and temporal scale, generating frag-
mented landscapes that can have a detrimental impact on biodiversity and species conservation.
It is therefore important to understand and quantify how landscape spatial heterogeneity affects
animal movement. As each species perceives landscape spatial patternsdifferently (i.e., landscapes
are fragmented for some but not for other species due to different dispersal abilities, habitat, and
food requirements), knowledge about species behavioral responses to landscape spatial hetero-
geneity is needed. Hence, in order to effectively implement conservation goals, such as species
persistence in fragmented landscapes, structural and functional connectivity needs to be assessed.
Bélisle provides a perspective on this new emerging area integrating behavior into traditional
landscape ecology.

1 Reprints of this 53-page Specia Feature are available for $8.00 each, either as PDF files or as hard copy.
Prepayment is required. Order reprints from the Ecological Society of America, Attention: Reprint Department,
1707 H Street, N.W., Suite 400, Washington, D.C. 20006.
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When trying to evaluate the long-term impacts of the synergy between disturbance regimes
and policy changes at the landscape level, new challenges arise. In effect, researchers devel oping
spatially explicit models are faced with trade-offs between using quantitative data over small
areas or qualitative data over larger areas. The challengeistherefore to determine which processes
should, and can, be translated from one scale to another. Urban shows how meta-models and
graph theory can be used to address these conceptual and methodological issues.

As landscapes are dynamic systems, the population persistence of many species is uncertain,
and yet decisions on resource management must be made in spite of this uncertainty. Uncertainty
ismainly related to the quality of spatial datathat are increasingly used asinput layersin species—
habitat distribution models. Furthermore, errors can accumulate through the process of overlaying
and integrating these input maps. In addition to data sampling issues, uncertainty can result from
an inappropriate formulation of the system or scale by the models themselves. To facilitate
informed conservation decisions, therefore, the various types and amounts of uncertainty need
to be identified, understood, and modeled. Burgman et al. provide an overview of uncertainty
and show how to account for uncertainty in developing and applying predictive models for
conservation purposes.

We expect that insights and new research directions emerging from this series of papers will
benefit not only the field of landscape ecology, but all connected and overlapping ecological
disciplines that recognize the importance of spatial considerations in their research.

—MARIE-JOSEE FORTIN
Guest Editor
University of Toronto

—ANURAG A. AGRAWAL
Special Features Editor

Key words: animal movement; graph theory; landscape connectivity; meta-models; pattern—process;
predictive models; scale; spatial statistics, uncertainty.
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LANDSCAPE ECOLOGY IN NORTH AMERICA:
PAST, PRESENT, AND FUTURE

MoNica G. TURNER!

Department of Zoology, Birge Hall, University of Wisconsin, Madison, Wisconsin 53706 USA

Abstract. Landscape ecology offers a spatially explicit perspective on the relationships
between ecological patterns and processes that can be applied across a range of scales.
Concepts derived from landscape ecology now permeate ecological research across most
levels of ecological organization and many scales. Landscape ecology developed rapidly
after ideas that originated in Europe were introduced to scientists in North America. Key
research questions put forth in the early 1980s that catalyzed landscape-level research
focused on the formative processes that produce spatial pattern; effects of spatial hetero-
geneity on the spread of disturbance and fluxes of organisms, material, and energy; and
potential applications of landscape ecology in natural resource management. This article
describes the development of landscape ecology in North America, discusses current ques-
tions and new insights that have emerged, and comments on future directions that are likely
to produce new ecological insights. Ecology faces a broad array of challenging questions
that require a plurality of approaches and creative insights. Landscape ecology should
continue to push the limits of understanding of the reciprocal interactions between spatial
patterns and ecological processes and seek opportunitiesto test the generality of its concepts

across systems and scales.
Key words:

INTRODUCTION

Concepts derived from landscape ecology now per-
meate ecological research across most levels of orga-
nization and many scales; indeed, perhaps the wide-
spread infusion of a landscape perspective in ecology
indicates maturation of this field in North America.
Landscape ecological research has contributed to sub-
stantial advances in understanding the causes and eco-
logical consequences of spatial heterogeneity and how
relationships between pattern and process vary with
scale, and it has offered new perspectives on the func-
tion and management of both natural and human-dom-
inated landscapes. Methods derived from landscape
ecology receive widespread use, and the potential im-
portance of spatial heterogeneity is now regularly ac-
knowledged in ecology. Landscape ecology has be-
come mainstream, in sharp contrast to the mid 1980s,
when the ideas were new and broad-scale studies were
not widely accepted. In this article, | consider the past,
present, and future of landscape ecology in North
America, focusing on major research themes, new in-
sights that have emerged, and both current and future
questions. | focus on the interface between ecol ogical
patterns and processes, and there is another body of
research, not covered in this essay, that directly ad-
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accepted 27 December 2004; final version received 1 December
2004. Corresponding Editor: M. Fortin. For reprints of this Spe-
cial Feature, see footnote 1, p. 1965.
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dresses landscape and urban planning (e.g., Nassauer
1997).

L andscape ecology has been defined variously (Ris-
ser et al. 1984, Urban et al. 1987, Turner 1989, Pickett
and Cadenasso 1995, Turner et al. 2001), but shared
among definitions is the explicit focus on the impor-
tance of spatial heterogeneity for ecological processes.
Often, but not always, landscape ecology is also char-
acterized by afocus on spatial extents larger than those
traditionally studied in ecology. The scal e-independent
focus of landscape ecology on the causes and conse-
quences of spatial heterogeneity is distinct from how
landscape ecology is sometimes defined (e.g., Zonne-
veld 1990, Bastian 2001, Opdam et al. 2001). Although
these two foci are not mutually exclusive, the different
perspectives have created some confusion about what
constitutes landscape ecology. Some researchers also
consider the terrestrial terminology limiting (e.g., Re-
iners and Driese 2001), but landscape ecology is ap-
plied in aguatic and marine systems (e.g., Steele 1989,
Bell et al. 1999, Teixido et al. 2002, Ward et al. 2002).
The generality of the landscape perspective and its ap-
plication across awide range of systems and scales has
certainly given it wider applicability within ecology,
and studies focused on larger areas have contributed
to new understanding of ecological dynamics.

THE PAsT: DEVELOPMENT OF LANDSCAPE EcoLoGY
IN NORTH AMERICA

“‘Landscape ecology’’ was coined by the German
biogeographer, Carl Troll (1939), and the field subse-
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quently developed in central Europe in close associa-
tion with land planning (Schreiber 1990). However, the
term was largely absent from North American literature
until the 1980s when several ecologists from North
America attended European meetings focused on land-
scape ecology, some influential publications appeared,
and aworkshop concentrated thinking on the emerging
discipline. A lexicon and framework for considering
spatial patternswere introduced by Forman and Godron
(1981) and developed further in their subsequent book
(Forman and Godron 1986). A conceptual framework
for considering the potential influences of patch con-
figuration and boundary permeability on lateral fluxes
was proposed by Wiens et al. (1985). Naveh and Lie-
berman (1984) promoted the concept of the landscape
as a holistic, cybernetic system with a strong emphasis
on integrating humans into understanding of landscape
function. In his study of the natural fire regimein Yel-
lowstone National Park, Romme (1982) extended con-
cepts of species diversity to successional stagesin the
landscape, demonstrating nonequilibrium in a fire-
dominated system. A 1982 workshop funded by the
National Science Foundation brought North American
ecologiststogether to explore the purview and potential
of landscape ecology and to set out an initial research
agenda (Risser et al. 1984). The first annual U.S. land-
scape ecology symposium was held in 1986 and fo-
cused on interactions between landscape heterogeneity
and disturbance (Turner 1987); the U.S. chapter of the
International Association for Landscape Ecology (US-
IALE) was also formed at this meeting. The scope of
landscape ecology as perceived by North American
ecologistswas further elaborated by Urban et al. (1987)
and Turner (1989).

The new ideas about spatial heterogeneity found a
receptive audience in North America, and landscape
ecology began a period of rapid development. Publi-
cations indexed by the Institute for Scientific Infor-
mation illustrate this trend; landscape ecology publi-
cations were scant throughout the 1980s (fewer than
10 per year through 1991) but have increased dramat-
ically since the early 1990s (Fig. 1). Several factors
contributed to this acceleration (Turner et al. 2001).
First, important environmental challenges and land-
management questions (e.g., global climate change,
habitat fragmentation, nonpoint source pollution, cu-
mulative effects, land-use change) were increasingly
posed at broad scales, yet ecological understanding was
based largely on mechanistic studies in small homo-
geneous areas over relatively short time periods. Other
conceptual developmentswere also spurring new think-
ing in ecology. For example, the importance of natural
disturbances (e.g., Romme 1982, Turner 1987) and
patch dynamics (Pickett and White 1985) for ecosystem
structure and function was increasingly acknowledged.
Equilibrium theory was being critically questioned and
considered more broadly (Wu and Loucks 1995, Perry
2002), and the temporal scale of ecological studieswas
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Fic. 1. Annua number of publications (1982—2003) from
the 1SI Web of Science database that included either ‘‘land-
scape ecology’’ (diamonds) or ‘‘landscape AND ecology”’
(circles) in their title, abstract, or key words. The search was
conducted on 7 April 2004 using the science database only
and including all document types. Trendlines were fit in Mi-
crosoft Excel.

being extended through new research programs, such
as the National Science Foundation’s Long-term Eco-
logical Research (LTER) Program (Hobbie et al. 2003).
Ecologists were anxious to develop and explore new
approaches that might inform broad-scale issues.

Second, the importance of scale and the development
of conceptual frameworks for understanding scale de-
pendence (e.g., Levin 1992) prompted ecol ogists to ex-
amine critically the effect of scale and whether under-
standing could be translated from one scale to another.
The necessity of studies being scaled appropriately for
the organism or process of interest was recognized (Ad-
icott et al. 1987, Wiens 1989), and Levin (1992) iden-
tified the problem of relating phenomena across scales
as the central problem in biology and all of science.
Understanding scale has remained closely associated
with North American landscape ecology (Miller et al.
2004).

Third, technological advances in computer science,
remote sensing, and geographic information systems
(GIS) made it possible and affordable to obtain, ma-
nipulate and analyze spatial data during the 1980s. Al-
though | do not suggest that the tools drove the science,
the increased technical capacity for handling spatial
data and models certainly facilitated developments in
landscape ecology. Ecologists were able to look at the
world through a new lens and to address questions that
previously could not have been answered. Collectively,
the new questions, technologies and attention to scale
fostered the early development of landscape ecology.

The early North American landscape studies shared
several common themes, including the focus on scale
mentioned above. The role of humans in generating
landscape patterns was an early theme, and understand-
ing and predicting human land-use patterns received
considerable attention (e.g., Burgess and Sharpe 1981).
There also was an understandable initial emphasis on
the development and testing landscape metrics because
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studying the causes and ecological implications of spa-
tial heterogeneity required quantification of spatial pat-
tern. The period of quantitative methods devel opment
coincided with the advent of geographic information
systems (GIS), but GIS was neither standardized nor
widely available to ecologists; most landscape ecolo-
gists programmed their spatial analyses directly. Land-
scape ecologists were also developing methods based
on spatial statistics to understand how the magnitude
and scale of spatial autocorrelation in a variable of
interest differed among landscapes (e.g., Legendre and
Fortin 1989). Thus, pattern analysis was a common
theme of early landscape studies in North America.

North American landscape ecological studies em-
ployed (and still use) an array of approaches because
traditional experimental approaches are often impos-
sible to conduct at broad scales. Researchers studied
the effects of spatial heterogeneity produced by natural
events (e.g., disturbances) and management actions
(e.q., forest harvesting; Sirois and Payette 1991, Mlad-
enoff et al. 1993). Retrospective studies using dendro-
chronology or paleoecological methods revealed how
|andscapes change in both space and time (e.g., Romme
1982, Delcourt and Delcourt 1988, Arsenault and Pay-
ette 1997). Existing variability in landscapes was used
to examine the effects of habitat configuration on eco-
logical responses, often in concert with simulation
models (e.g., Wegener and Merriam 1979, Henderson
et al. 1985). Experimental model systems (EMS) in
which small landscapes could be replicated and the
responses of small-bodied organismsto alternative spa-
tial structures were evaluated were also implemented
(Wiens et al. 1997). Spatially explicit simulation mod-
els, in which a much wider range of conditions could
be explored, were developed (Baker 1989, Sklar and
Costanza 1991, Dunning et al. 1992). These varied
modes of inquiry also mirror the four approaches that
advance ecological understanding identified by Car-
penter (1998): theory and modeling, comparative stud-
ies, experimental studies and long-term monitoring.

Despite its rapid growth, landscape ecology encoun-
tered resistance from some ecologists in North Amer-
ica. Skepticism focused on the questionable rigor of
broad-scale studies, the challenges (and even rele-
vance) of spatially explicit hypothesis testing, issues
of pseudo-replication, and a perception that pattern
analysis was substituting for science. Indeed, some of
these criticisms reflect true challenges that have been
met with varying success. The emphasis on quantitative
methods development was sometimes esoteric and not
always linked to ecological questions. True replication
was and still remains problematic for broad-scal e stud-
ies. The role of spatial heterogeneity may sometimes
have been overstated; clearly, it doesn’'t matter for ev-
ery ecological study and should be ignored when ap-
propriate. However, progress has been made despite
these limits.

LANDSCAPE ECOLOGY COMES OF AGE 1969

THE PRESENT: THE FOocus oF LANDSCAPE EcoLoGgY
IN NORTH AMERICA

What are the current foci of landscape ecology in
North America? Landscape ecology studies are now
ubiquitous, characterized by a diverse set of basic and
applied questions and studies conducted across a wide
range of grains and extents. Many quantitative tools
are now readily available for characterizing both dis-
crete and continuous representations of spatial hetero-
geneity (McGarigal and Marks 1995, Gustafson 1998);
current research that includes spatial pattern analysis
emphasizes appropriate application of methods (e.g.,
Dorner et a. 2002, Fortin et al. 2003) and how eco-
logical responses or processes are related to pattern
(e.g., Jones et al. 2001, Tischendorf 2001). In this sec-
tion, | identify four general lines of research in con-
temporary landscape ecology, purposefully grouped to
cut across traditional levels of ecological organization
and to emphasize the broader conceptual questions. In-
terested readers might also consult Wu and Hobbs
(2002).

Conditions under which spatial pattern must be
considered: when does space matter?

Although it is seldom stated so simply, this basic
question lies at the heart of many studies that test for
the effect of spatial composition or configuration on
some ecological response, be it species presence or
abundance, the spread of a disturbance or pest, or the
delivery of nutrients from a source location to a sink
location. Including spatial heterogeneity as either a de-
pendent or independent variable clearly adds a level of
complexity to ecological studies. Therefore, knowing
when space is going to be influential and when it can
be safely ignored remains fundamentally important,
both practically and conceptually.

A wide range of theoretical and empirical studies has
contributed to current understanding of when space
matters. Theoretical studies using neutral landscape
models have demonstrated that the influence of spatial
configuration varies with habitat abundance (With and
King 1997) but may be most important when habitat
is of intermediate abundance. Recent studies of the
effects of habitat fragmentation suggest that the effects
of spatial configuration may be secondary to the effects
of habitat loss (Fahrig and Nuttle, in press). For pop-
ulations, Fahrig and Nuttle (in press) suggested that
configuration will be important if it influences move-
ments of organisms among patches and among-patch
movements have a large effect on population survival.
Understanding when landscape configuration influenc-
es populations remains important for responding to
habitat fragmentation (McGarigal and Cushman 2002).

A variety of studies have explored interactions be-
tween spatial pattern and disturbance, focusing on
whether heterogeneity enhances or retards the spread
of disturbance (Turner et al. 1989), and whether some
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landscape positions are more or less susceptible to dis-
turbance than others. Landscape position or spatial het-
erogeneity appears to be important when disturbance
has a distinct directionality or locational specificity
such that some locations are more exposed than others
(e.g., Jules et a. 2002). If disturbance has no direc-
tionality, landscape position may not have an effect
(e.g., Frelich and Lorimer 1991). Current research is
extending this research line to consider the interactions
of multiple disturbances (e.g., Paine et al. 1998, Bebi
et al. 2003).

The effect of spatial pattern on lateral fluxes of mat-
ter has also received considerable attention, particu-
larly with regard to the movement of nitrogen and phos-
phorus from terrestrial land covers to surface waters
(e.g., Peterjohn and Correll 1984, Soranno et al. 1996).
However, whether just the composition of the uplands
(i.e., the amount of different land uses) matters, or if
the spatial configuration is also important, remains un-
resolved because studies have produced conflicting re-
sults. Fluxes that move from aquatic to terrestrial sys-
tems (e.g., Willson et al. 1998) or between land-cover
types (e.g., Seagle 2003) may also be very important.

The influence of landscape context and the scale at
which characteristics of the surrounding landscape in-
fluence a local response is another way in which the
importance of spatial pattern is considered. Effects of
landscape context have been demonstrated for avariety
of taxa (Mazerolle and Villard 1999) and also for some
ecosystem processes (e.g., Gergel et al. 1999). Overall,
contemporary landscape research continues to probe
the conditions under which spatial pattern must be con-
sidered for a wide array of ecological responses.

Understanding spatial dynamics:
the linkage of space and time

Understanding and predicting trajectories of land-
scape change is another important focus of contem-
porary research in landscape ecology. Paleoecological
studies have reveal ed the dynamic nature of landscapes
over long periods. The distributions and abundances of
species changed dramatically with climate throughout
the Holocene, and some contemporary species assem-
blages have no past analogs. Major disturbance events
(e.g., fires) also catalyzed past shifts in dominant spe-
cies (Sirois and Payette 1991), and disturbances con-
tinue to produce dramatic changes in contemporary
landscapes (e.g., Foster et al. 1998). North American
landscapes also changed profoundly in response to
Euro-American settlement. Landscape ecologists seek
to understand and predict changes in landscape struc-
ture and function through time in response to a variety
of drivers including climate, natural disturbances and
land use.

Studies of how landscapes change through time in
response to natural disturbances have included man-
agement implications of historical range of variability
(Landres et al. 1999) and extension of equilibrium con-
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cepts. Considerable attention has focused on the po-
tential of natural disturbance regimes serving asamod-
el for the spatial pattern and timing of human distur-
bances (e.g., Hunter 1993). The scal e-dependent nature
of equilibrium (Perry 2002) was elucidated—equilib-
rium conditions may be observed at some scales of
space and time, but nonequilibrium conditions are also
common and may even be prevalent.

Explaining and predicting patterns of land-use
change is an important topic that links space and time
and also underscores the role interdisciplinary studies.
For example, in forested landscapes of the interior Co-
lumbia Basin, the social system constrained the influ-
ence of the biophysical factors on landscape changes
(Black et al. 2003). Land ownership systems, economic
market structure, and cultural value systems dominated
changes in this landscape (Black et al. 2003). Under-
standing the spatiotemporal dynamics of many land-
scapes requires understanding the drivers of human
land use.

The potential importance of historical legacies for
contemporary species assemblages and landscape func-
tion is another way in which spatial and temporal dy-
namics are linked; the past continues to influence the
present. Natural disturbances can produce enduring
legacies of physical and biological structure that influ-
ence ecosystem processes for decades or centuries(e.g.,
Foster et al. 1998). Similarly, patterns of historical land
use can influence contemporary forest composition and
ecosystem processes for a very long time (Dupouey et
al. 2002). Understanding how landscapes change
through time, including the long-term legacies of past
disturbance or land use, is an important line of inquiry
in contemporary landscape ecology.

Nonlinearities and thresholds:
expecting the unexpected

Understanding nonlinear dynamics or thresholds and
how they influence landscape function isimportant be-
cause outcomes may be unexpected (Groffman et al.,
in press). An ecological threshold is the point at which
thereisan abrupt change in an ecosystem quality, prop-
erty or phenomenon, or where small changes in an
environmental driver produce large responses in the
ecosystem (Groffman et al., in press). Landscape anal-
yses based on percolation theory and neutral landscape
models (With and King 1997) have suggested the im-
portance of critical thresholds in habitat abundance
above or below which ecological processes are quali-
tatively different. The numerical value of critical
thresholds depends on the particular process and land-
scape, but the occurrence of the threshold does not
(With and King 1997). Below the thresholds, patches
are small and isolated; above the threshold, patches are
large and well connected. Changes in habitat abun-
dancethat occur near the critical threshold may produce
large, surprising changes in the system because the
habitat can suddenly become connected or discon-
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nected. Empirical studies support the existence of crit-
ical thresholds in habitat abundance for bird and mam-
mal populations (Andren 1994). The spatial spread of
disturbances such as fire may also exhibit threshold
responses related to habitat abundance (Turner et al.
1989).

Thresholds can occur in arange of variables related
to landscape pattern. For example, some organisms re-
quire patches of a minimum size for persistence, al-
though the generality of this has been debated (Bowers
and Matter 1997). Patch size and shape influence the
ability of animals to persist in a landscape and may
show threshold effects (Lindenmeyer et al. 1999), and
patch size influences nutrient dynamics in nonlinear
ways (Ludwig et al. 2000). Thresholds for land-use
indicators (impervious surface, agricultural land use,
lake shore development) and ecosystem services (fish
communities, coarse woody debris, stream nitrate con-
centrations) have also been suggested. For example,
Paul and Meyer (2001) suggested a threshold of 10—
20% impervious surface for maintaining stream eco-
system integrity in developed watersheds, and active
tests of this metric are underway. Not exceeding a
threshold of 50% agricultural land in a watershed has
been suggested as critical for the maintenance of fish
communities in Wisconsin streams (Wang et al. 1997).
When considered in the context of landscapes changing
through time, the identification of nonlinear relation-
ships and threshold dynamics takes on particular im-
portance. ldentifying nonlinearites related to spatial
patterns and ecological responses remains a consistent
theme in landscape studies.

Planning, managing, and restoring landscapes

Demand for the scientific underpinnings of managing
landscapes and incorporating the consequences of spa-
tial heterogeneity into land management is substantial
(Perera et al. 2000, Liu and Taylor 2002). As the eco-
logical science that focuses on spatial dynamics, land-
scape ecology has been part of the discussions of how
alternative spatial arrangements of land cover or land
use may influence ecological functions. Identifying an
optimal landscape configuration may be impossible, as
the optimal arrangement will depend on specific man-
agement objectives that may conflict with one another.
Nonetheless, land management decisions are made, and
landscape ecology should be at the table. Landscape
studies have quantified relationships between land-
scape features and changes in land use and land cover
(e.g., Black et al. 2003), and recent studies have ex-
plored the ecological implications of low-density res-
idential development that may be ‘‘ under the canopy”’
(e.g., Miller et al. 2003). Residential development has
replaced agricultural and extractive uses in many rural
areas (Hansen et al. 2002), yet the ecological impli-
cations of such development are poorly understood.

L andscape studies have also addressed questions of
ecological restoration (e.g., Palik et a. 2000). Appli-
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cation of alandscape perspective augments restoration
approaches based on community composition by con-
sidering dynamic reference states and the spatial con-
figuration of communities. Without this perspective,
restoration may lack the spatial and historical context
needed for success. Landscape ecology can and should
contribute to land planning, management, and resto-
ration.

THE FUTURE: WHAT LIES AHEAD?

Landscape ecology has already influenced North
American ecology; explicitly accounting for spatial
pattern and recognizing the influences of scale are like-
ly here to stay. An informed decision about whether or
not to consider spatial heterogeneity is now pro forma.
Contemporary landscape ecol ogy studies are conducted
over a wide range of spatial scales, not only in large
areas. Terrestrial studies predominate, but landscape
ecology studies are not limited to the land. The inter-
play between models, theory and empirical data is a
hallmark of landscape ecology in North America.
Wherein lie the key future research questions and di-
rections? Here, | suggest several areas that are not yet
well developed in landscape ecology and where there
may be opportunities for substantial progress.

Broader representations of spatial heterogeneity

How spatial heterogeneity isconceptualized and then
put into practice needs to be broadened. Categorical
maps and point data are the most common represen-
tations of spatial heterogeneity (Gustafson 1998). Dis-
crete space has often been used as a simplifying as-
sumption, and indeed, much has been learned from this.
However, many variables of ecological interest are con-
tinuous (e.g., ecosystem process rates), and gradients
abound in many of the variables used as predictors
(e.g., leaf areaindex). Habitat suitability for a partic-
ular organism is another attribute that can vary con-
tinuously. The conceptual framework for understand-
ing spatial heterogeneity must be extended beyond a
patch-based view to include both discrete and contin-
uous representations of space, and furthermore, to ac-
count for their changes through time.

Spatial heterogeneity in ecosystem function

Understanding the patterns, causes, and consequenc-
es of spatial heterogeneity for ecosystem function is a
research frontier in both landscape ecology and eco-
system ecology (Lovett et al. 2005). Progress at the
interface of ecosystem and landscape ecology has been
relatively slow compared to other areas, yet spatial
fluxes of matter, energy and information influence the
functioning of individual ecosystems and heteroge-
neous landscapes. Spatial heterogeneity can affect both
the drivers of ecosystem processes, which are often
multivariate, as well as in the pools or flux rates that
are often response variables. Integrating the under-
standing gained from ecosystem and landscape ecol ogy
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would enhance progress in both disciplines while gen-
erating new insights into how landscapes function.

Spatial cascades

Theinfluence of spatial heterogeneity on interactions
among species (rather than on individual populations)
also represents an important future research direction.
Much of the research on how spatial pattern affects
organisms focuses on how variables like patch size,
edge-to-area ratio, and interpatch distances influence
population presence or abundance, largely through ef-
fects on key demographic parameters. However, some
changes in landscape patterns may have cascading in-
fluences among species (Tallmon et al. 2003), and more
work is needed on how spatial heterogeneity affects
species interactions.

Integrating new technologies and fields

New technologies and analytical capabilities offer
considerable promise for expanding the empirical foun-
dation of landscape ecology. For example, molecular
population genetics has been integrated with landscape
ecology to explain observed spatial genetic patterns
(e.g., clines, isolation by distance, genetic boundaries
to gene flow, metapopulations) with landscape vari-
ables (Manel et al. 2003). For mobile animals, the use
of radiocollars with on-board global positioning sys-
tems (GPS) is providing new data on movement and
habitat use at finer spatial and temporal resolution (e.g.,
Johnson et al. 2002). The growing array of earth ob-
serving sensors offers the ability to sense more func-
tional response variables for both the land surface and
vegetation (e.g., canopy foliar nitrogen concentrations,
Smith et al. 2002). These methods have great promise
for extending landscape studies to three dimensions,
e.g., by incorporating vertical structure in terrestrial
and aquatic systems. New sampling designs derived
from spatial statistics are being used to sample across
multiple scales, providing new insights about spatial
variation (e.g., Burrows et al. 2002, Fraterrigo et al.
2005). Spatial extrapolations based on simulation or
statistical models can be used as powerful tests of the
mechanisms underlying relationships between pattern
and process (Miller et al. 2004). While all these ad-
vancements hold great promise, it is nonetheless im-
portant to remember that spatially extensive measure-
ment of many ecological processes remains a formi-
dable challenge.

Conclusion

Landscape ecology has influenced how ecologists
view the world; its central theme of understanding the
causes and ecological consequences of spatial hetero-
geneity has been widely embraced. Should landscape
ecology of the future retain its distinctive identity?
Does landscape ecology have sufficient theory and nov-
el ideasto maintain separateness? Or, islandscape ecol -
ogy an interdisciplinary or transdisciplinary science?

Ecology, Vol. 86, No. 8

| suggest that a landscape ecological perspective has
brought a unique set of questions and approaches to
ecology, and as such, it has developed an identity that
is useful to maintain. However, landscape ecological
concepts and methods are now used regularly in many
ecological subdisciplines, and perhaps this widespread
incorporation of landscape ecology concepts and meth-
ods should be viewed as a mark of success irrespective
of whether the ‘‘landscape ecology’’ moniker is in-
voked. Landscape ecology should continue to push the
limits of understanding of the reciprocal interactions
between spatial patterns and ecological processes and
seek opportunities to test the generality of its concepts
across systems and scales.

ACKNOWLEDGMENTS

| thank the guest editors of this Special Feature for the
opportunity to prepare the manuscript. Constructive reviews
by Dean Anderson, Dan Kashian, Kris Metzger, David Mlad-
enoff, Erica Smithwick, and two anonymous reviewers im-
proved the paper. Ideas developed in this paper were based
on research funded by the National Science Foundation
(LTER, Ecology, Ecosystems, and Biocomplexity programs),
the Environmental Protection Agency (STAR program), and
the Andrew W. Mellon Foundation.

LITERATURE CITED

Addicott, J. F, J. M. Aho, M. E Antolin, D. K. Padilla, J. S.
Richardson, and D. A. Soluk. 1987. Ecological neighbor-
hoods: scaling environmental patterns. Oikos 49:340-346.

Andren, H. 1994. Effects of habitat fragmentation on birds
and mammals in landscapes with different proportions of
suitable habitat. Oikos 71:355-366.

Arseneault, D., and S. Payette. 1997. Reconstruction of mil-
lennial forest dynamics from tree remains in a subarctic
tree line peatland. Ecology 78:1873-1883.

Baker, W. L. 1989. A review of models of landscape change.
Landscape Ecology 2:111-133.

Bastian, O. 2001. Landscape ecology: towards a unified dis-
cipline? Landscape Ecology 16:757—766.

Bebi, P, D. Kulakowski, and T. T. Veblen. 2003. Interactions
between fire and spruce beetlesin a subal pine Rocky Moun-
tain forest landscape. Ecology 84:362—371.

Bell, S. S, B. D. Robbins, and S. L. Jensen. 1999. Gap
dynamics in a seagrass landscape. Ecosystems 2:493-504.

Black, A. E., P Morgan, and P F Hessburg. 2003. Social
and biophysical correlates of change in forest landscapes
of the interior Columbia Basin, USA. Ecological Appli-
cations 13:51-67.

Bowers, M. A., and S. E Matter. 1997. Landscape ecology
of mammals: relationships between density and patch size.
Journal of Mammalogy 78:999-1013.

Burgess, R. L., and D. M. Sharpe, editors. 1981. Forestisland
dynamics in man-dominated landscapes. Springer-Verlag,
New York, New York, USA.

Burrows, S. N., S. T. Gower, M. K. Clayton, D. S. Mackay,
D. E. Ahl, J. M. Norman, and G. Diak. 2002. Application
of geostatistics to characterize leaf area index (LAI) from
flux tower to landscape scales using a cyclic sampling de-
sign. Ecosystems 5:667—-679.

Carpenter, S. R. 1998. The need for large-scale experiments
to assess and predict the response of ecosystems to per-
turbation. Pages 287-312 in M. L. Pace and P M. Groff-
man, editors. Successes, limitations, and frontiers in eco-
system science. Springer-Verlag, New York, New York,
USA.



August 2005

Delcourt, H. R., and P A. Delcourt. 1988. Quaternary land-
scape ecology: relevant scalesin space and time. Landscape
Ecology 2:23-44.

Dorner, B., K. Lertzman, and J. Fall. 2002. Landscape pattern
in topographically complex landscapes: issues and tech-
niques for analysis. Landscape Ecology 17:729-743.

Dunning, J. B., B. J. Danielson, and H. R. Pulliam. 1992.
Ecological processes that affect populations in complex
landscapes. Oikos 65:169—-175.

Dupouey, J. L., E. Dambrine, J. D. Laffite, and C. Moares.
2002. lrreversible impact of past land use on forest soils
and biodiversity. Ecology 83:2978-2984.

Fahrig, L., and W. K. Nuttle. In press. Population ecology
in spatially heterogeneous environments. In G. M. Lovett,
C. G. Jones, M. G. Turner, and K. C. Weathers, editors.
Ecosystem function in heterogeneous |andscapes. Springer-
Verlag, New York, New York, USA.

Forman, R. T. T., and M. Godron. 1981. Patchesand structural
components for a landscape ecology. BioScience 31:733—
740.

Forman, R. T. T., and M. Godron. 1986. Landscape ecology.
John Wiley and Sons, New York, New York, USA.

Fortin, M., B. Boots, F. Csillag, and T. K. Remmel. 2003. On
the role of spatial stochastic modelsin understanding land-
scape indices. Oikos 102:203-212.

Foster, D. R., D. H. Knight, and J. F Franklin. 1998. Land-
scape patterns and legacies resulting from large infrequent
forest disturbances. Ecosystems 1:497-510.

Fraterrigo, J., M. G. Turner, S. M. Pearson, and P Dixon.
2005. Effects of past land use on spatial heterogeneity of
soil nutrients in Southern Appalachian forests. Ecological
Monographs 75:215-230.

Frelich, L. E., and C. G. Lorimer. 1991. Natural disturbance
regimes in hemlock—hardwood forests of the Upper Great
Lakes region. Ecological Monographs 61:145-164.

Gergel, S. E., M. G. Turner, and T. K. Kratz. 1999. Scale-
dependent landscape effects on north temperate lakes and
rivers. Ecological Applications 9:1377-1390.

Groffman, P M., et al. In press. Ecological thresholds: the
key to successful environmental management or an im-
portant concept with no practical application? Ecosystems.

Gustafson, E. J. 1998. Quantifying landscape spatial pattern:
what is the state of the art? Ecosystems 1:143-156.

Hansen, A. J., R. Rasker, B. Maxwell, J. J. Rotella, J. D.
Johnson, A. W. Parmenter, L. Langner, W. B. Cohen, R. L.
Lawrence, and M. P V. Kraska. 2002. Ecological causes
and consequences of demographic change in the new west.
BioScience 52:151-162.

Henderson, M. T., G. Merriam, and J. Wegner. 1985. Patchy
environments and species survival: chipmunks in an ag-
ricultural mosaic. Biological Conservation 31:95-105.

Hobbie, J. E., S. R. Carpenter, N. B. Grimm, J. R. Gosz, and
T. R. Seastedt. 2003. The US Long Term Ecological Re-
search Program. BioScience 53:21-32.

Hunter, M. L., Jr. 1993. Natural fire regimes as spatial models
for managing boreal forests. Biological Conservation 65:
115-120.

Johnson, C. J., D. C. Heard, and K. L. Parker. 2002. Expec-
tations and realities of GPS animal location collars: results
of three years in the field. Wildlife Biology 8:152—159.

Jones, K. B., A. C. Neale, M. S. Nash, R. D. Van Remortel,
J. D. Wickham, K. H. Riitters, and R. V. O’Neill. 2001.
Predicting nutrient and sediment loadings to streams from
landscape metrics: a multiple watershed study from the
United States Mid-Atlantic Region. Landscape Ecology 16:
301-312.

Jules, E. S, M. J. Kauffman, W. D. Ritts, and A. L. Carroll.
2002. Spread of an invasive pathogen over avariable land-
scape: a nonnative root rot on Port Orford Cedar. Ecology
83:3167-3181.

LANDSCAPE ECOLOGY COMES OF AGE 1973

Landres, P. B., P Morgan, and F. J. Swanson. 1999. Overview
of the use of natural variability concepts in managing eco-
logical systems. Ecological Applications 9:1179-1188.

Legendre, P, and M. J. Fortin. 1989. Spatial pattern and
ecological analysis. Vegetatio 80:107-138.

Levin, S. A. 1992. The problem of pattern and scale in ecol-
ogy. Ecology 73:1943-1983.

Lindenmayer, D. B., R. B. Cunningham, M. L. Pope, and C.
FE Donnelly. 1999. The response of arboreal marsupialsto
landscape context: a large-scale fragmentation study. Eco-
logical Applications 9:594-611.

Liu, J., and W. W. Taylor, editors. 2002. Integrating landscape
ecology into natural resource management. Cambridge
University Press, Cambridge, UK.

Lovett, G. M., C. G. Jones, M. G. Turner, and K. C. Weathers,
editors. 2005. Ecosystem function in heterogeneous land-
scapes. Springer-Verlag, New York, New York, USA.

Ludwig, J. A., J. A. Wiens, and D. J. Tongway. 2000. A
scaling rule for landscape patches and how it applies to
conserving soil resources in savannas. Ecosystems 3:84—
97.

Manel, S., M. K. Schwartz, G. Luikart, and P Taberlet. 2003.
Landscape genetics: combining landscape ecology and
population genetics. Trends in Ecology and Evolution 18:
189-197.

Mazerolle, M. J., and M. A. Villard. 1999. Patch character-
istics and landscape context as predictors of species pres-
ence and abundance: a review. Ecoscience 6:117-124.

McGarigal, K., and S. A. Cushman. 2002. Comparative eval-
uation of experimental approaches to the study of habitat
fragmentation effects. Ecological Applications 12:335—
345.

McGarigal, K., and B. J. Marks. 1995. FRAGSTATS. Spatial
analysis program for quantifying landscape structure.
USDA Forest Service General Technical Report PNW-
GTR-351. Pacific Northwest Research Station, Portland,
Oregon, USA.

Miller, J. R., M. G. Turner, E. A. H. Smithwick, C. L. Dent,
and E. H. Stanley. 2004. Spatial extrapolation: the science
of predicting ecological patternsand processes. BioScience
54:310-320.

Miller, J. R., J. A. Wiens, N. T. Hobbs, and D. M. Theobald.
2003. Effects of human settlement on bird communitiesin
lowland riparian areas of Colorado (USA). Ecological Ap-
plications 13:1041-1059.

Mladenoff, D. J., M. A. White, J. Pastor, and T. R. Crow.
1993. Comparing spatial pattern in unaltered old-growth
and disturbed forest landscapes. Ecological Applications3:
294-306.

Nassauer, J., editor. 1997. Placing nature: culture and land-
scape ecology. Island Press, Washington, D.C., USA.

Naveh, Z., and A. S. Lieberman. 1984. Landscape ecology,
theory and application. Springer-Verlag, New York, New
York, USA.

Opdam, P, R. Foppen, and C. Vos. 2001. Bridging the gap
between ecology and spatial planning inlandscape ecol ogy.
Landscape Ecology 16:767—779.

Paine, R. T., M. J. Tegner, and E. A. Johnson. 1998. Com-
pounded perturbations yield ecological surprises. Ecosys-
tems 1:535-545.

Palik, B. J., P C. Goebel, L. K. Kirkman, and L. West. 2000.
Using landscape hierarchies to guide restoration of dis-
turbed ecosystems. Ecological Applications 10:189-202.

Paul, M. J,, and J. L. Meyer. 2001. Streams in the urban
landscape. Annual Review of Ecology and Systematics 32:
333-365.

Perera, A. H., D. L. Euler, and |. D. Thompson, editor. 2000.
Ecology of a managed terrestrial landscape: patterns and
processes of forest landscapesin Ontario. UBC Press, Van-
couver, British Columbia, Canada.

w
S
@
0,
—
-
@
QD
-+
c
“
®




(O]
(-
=
(0]
(<)
LL
I
&)
(5]
o
w

1974 MONICA G. TURNER

Perry, G. L. W. 2002. Landscapes, space and equilibrium:
shifting viewpoints. Progress in Physical Geography 26:
339-359.

Peterjohn, W. T., and D. L. Correll. 1984. Nutrient dynamics
in an agricultural watershed: observations on the role of a
riparian forest. Ecology 65:1466—1475.

Pickett, S. T. A., and M. L. Cadenasso. 1995. Landscape
ecology: spatial heterogeneity in ecological systems. Sci-
ence 269:331-334.

Pickett, S. T. A., and P S. White, editors. 1985. The ecology
of natural disturbance and patch dynamics. Academic
Press, New York, New York, USA.

Reiners, W. A., and K. L. Driese. 2001. The propagation of
ecological influencesthrough heterogeneous environmental
space. BioScience 51:939-950.

Risser, P G., J. R. Karr, and R. T. T. Forman. 1984. Landscape
ecology: directions and approaches. Illinois Natural His-
tory Survey Special Publication 2, Champaign, Illinois,
USA

Romme, W. H. 1982. Fire and landscape diversity in sub-
alpine forests of Yellowstone National Park. Ecological
Monographs 52:199-221.

Schreiber, K. F 1990. The history of landscape ecology in
Europe. Pages 21-33 in |. S. Zonneveld and R. T. T. For-
man, editors. Changing landscapes: an ecological perspec-
tive. Springer-Verlag, New York, New York, USA.

Seagle, S. W. 2003. Can deer foraging in multiple-use land-
scapes alter forest nitrogen budgets? Oikos 103:230-234.

Sirois, L., and S. Payette. 1991. Reduced postfire tree re-
generation along a boreal forest forest-tundra transect in
northern Quebec. Ecology 72:619-627.

Sklar, F H., and R. Costanza. 1991. The development of
dynamic spatial models for landscape ecology: a review
and prognosis. Pages 239-288 in M. G. Turner and R. H.
Gardner, editors. Quantitative methods in landscape ecol-
ogy. Springer-Verlag, New York, New York, USA.

Smith, M. L., S. V. Ollinger, M. E. Martin, J. D. Aber, R. A.
Hallett, and C. L. Goodale. 2002. Direct estimation of
aboveground forest productivity through hyperspectral re-
mote sensing of canopy nitrogen. Ecological Applications
12:1286-1302.

Soranno, P A., S. L. Hubler, S. R. Carpenter, and R. C. La-
throp. 1996. Phosphorus loads to surface waters: a simple
model to account for spatial pattern of land use. Ecological
Applications 6:865-878.

Steele, J. S. 1989. The ocean ‘‘landscape.”” Landscape Ecol-
ogy 3:185-195.

Tallmon, D. A., E. S. Jules, N. J. Radke, and L. S. Mills.
2003. Of mice and men and Trillium: cascading effects of
forest fragmentation. Ecological Applications 13:1193—
1203.

Teixido, N., J. Garrabou, and W. E. Arntz. 2002. Spatial
pattern quantification of Antarctic benthic communitiesus-

Ecology, Vol. 86, No. 8

ing landscape indices. Marine Ecology-Progress Series
242:1-14.

Tischendorf, L. 2001. Can landscape indices predict ecolog-
ical processes consistently? Landscape Ecology 16:235—
254.

Troll, C. 1939. Luftbildplan und okologische Bodenfor-
schung. Zeitschrift der Gesellschaft fur Erdkund. Berlin,
Germany.

Turner, M. G., editor. 1987. Landscape heterogeneity and
disturbance. Springer-Verlag, New York, New York, USA.

Turner, M. G. 1989. Landscape ecology: the effect of pattern
on process. Annual Review of Ecology and Systematics
20:171-197.

Turner, M. G., R. H. Gardner, V. H. Dale, and R. V. O’ Neill.
1989. Predicting the spread of disturbance across hetero-
geneous landscapes. Oikos 55:121-129.

Turner, M. G., R. H. Gardner, and R. V. O’ Neill. 2001. Land-
scape ecology in theory and practice. Springer-Verlag, New
York, New York, USA.

Urba, D. L., R. V. O’'Neill, and H. H. Shugart. 1987. Land-
scape ecology. BioScience 37:119-127.

Wang, L., J. Lyons, P. Kanehl, and R. Gatti. 1997. Influences
of watershed land use on habitat quality and biotic integrity
in Wisconsin streams. Fisheries 22:6-12.

Ward, J. V., E Malard, and K. Tockner. 2002. Landscape
ecology: a framework for integrating pattern and process
in river corridors. Landscape Ecology 17(S):35-45.

Wegner, J., and G. Merriam. 1979. Movements by birds and
small mammals between a wood and adjoining farm hab-
itats. Journal of Applied Ecology 16:349-57.

Wiens, J. A. 1989. Spatial scaling in ecology. Functional
Ecology 3:385-397.

Wiens, J. A., C. S. Crawford, and J. R. Gosz. 1985. Boundary
dynamics—a conceptual framework for studying landscape
ecosystems. Oikos 45:421-427.

Wiens, J. A., R. L. Schooley, and R. D. Weeks. 1997. Patchy
landscapes and animal movements: do beetles percolate?
Oikos 78:257—-264.

Willson, M. E, S. M. Gende, and B. H. Marston. 1998. Fishes
and the forest. BioScience 48:455—-462.

With, K. A., and A. W. King. 1997. The use and misuse of
neutral landscape models in ecology. Oikos 79:219-229.
Wu, J., and R. J. Hobbs. 2002. Key issues and research pri-
orities in landscape ecology: an idiosyncratic synthesis.

Landscape Ecology 17:355-365.

Wu, J., and O. L. Loucks. 1995. From balance of nature to
hierarchical patch dynamics: a paradigm shift in ecology.
Quarterly Review of Biology 70:439—-466.

Zonneveld, I. S. 1990. Scope and concepts of landscape ecol -
ogy as an emerging science. Pages 1-20 in |. S. Zonneveld
and R. T. T. Forman, editors. Changing landscapes: an eco-
logical perspective. Springer-Verlag, New York, New York,
USA.



Ecology, 86(8), 2005, pp. 1975-1987
q 2005 by the Ecological Society of America

SPATIAL ANALY SIS OF LANDSCAPES: CONCEPTS AND STATISTICS

HeLENE H. WAGNER® AND MARIE-JOSEE FORTIN?

IWSL Swiss Federal Research Institute, 8903 Birmensdorf Switzerland
2Department of Zoology, University of Toronto, Ontario M5S 3G5 Canada

Abstract. Species patchiness implies that nearby observations of species abundance
tend to be similar or that individual conspecific organisms are more closely spaced than
by random chance. This can be caused either by the positive spatial autocorrelation among
the locations of individual organisms due to ecological spatial processes (e.g., species
dispersal, competition for space and resources) or by spatial dependence due to (positive
or negative) speciesresponses to underlying environmental conditions. Both forms of spatial
structure pose problems for statistical analysis, as spatial autocorrelation in the residuals
violates the assumption of independent observations, while environmental heterogeneity
restricts the comparability of replicates. In this paper, we discuss how spatial structure due
to ecological spatial processes and spatial dependence affects spatial statistics, landscape
metrics, and statistical modeling of the species—environment correlation. For instance, while
spatial statistics can quantify spatial pattern due to an endogeneous spatial process, these
methods are severely affected by landscape environmental heterogeneity. Therefore, sta-
tistical models of species response to the environment not only need to accommodate spatial
structure, but need to distinguish between components due to exogeneous and endogeneous
processes rather than discarding all spatial variance. To discriminate between different
components of spatial structure, we suggest using (multivariate) spatial analysis of residuals
or delineating the spatial realms of a stationary spatial process using boundary detection
algorithms. We end by identifying conceptual and statistical challenges that need to be
addressed for adequate spatial analysis of landscapes.

Key words:  autocorrelation; landscape metrics, multivariate analysis, multiscale ordination;
spatial analysis; spatial regression; stationarity.

INTRODUCTION ysis (Mclntosh 1991). By doing so, ecological studies
could assume homogeneity, permitting the incorpora-
tion of environmental variation as a treatment or to
control for known relationships using covariates. For
instance, the effects of different levels of an environ-
mental factor can be tested in an experimental setting
using ANOVA-type analyses or analyzed along exist-
ing gradients using regression-type analyses. Hence by
assuming that the study area is locally homogeneous
with respect to that factor in space and time, each ex-
perimental plot, or sampling unit, is attributed to a
single factor level and the neighborhood context of the
plot or sampling unit does not matter (Fig. 1A). In
contrast, landscape ecology assumes that the neigh-
borhood context affects the ecological processeswithin
a plot and the interaction between plots (Fig. 1B). A
further complication is that environmental heteroge-
neity may occur at any spatial scale, and site conditions
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Ecology has seen a paradigm shift from the as-
sumption of homogeneity to the recognition of hetero-
geneity as a key for understanding the complexity of
nature (Wiens 1989). The explicit consideration of spa-
tial structure and spatiotemporal interaction of pro-
cesses in ecological research is the main contribution
of landscape ecology to this paradigm shift. Acknowl-
edging the importance of spatial pattern and scale has
changed the way ecological studies are designed and
analyzed, and has provided new insights about ecolog-
ical processes (Allen and Hoekstra 1992). Most eco-
logical processes are inherently spatial as they operate
between neighboring units (Levin 1992). Processes are
also constrained by environmental conditions varying
in space and time and by the local interaction with other
processes, resulting in interwoven patterns at multiple
spatial and temporal scales. Nt

As the primary concern of ecology is the identifi- May vary in time. _ )
cation and understanding of ecological processes, com- The patchiness of species, and other ecological re-
plicating factors such as spatial heterogeneity were at ~ SPOnse variables, forms another type of spatial hetero-
first excluded from the conceptual framework of anal-  geneity that ecologists need to consider (Fig. 2). Patch-

iness, created by ecological spatial processes such as
. ved 3 2004 revised 26 2004 competitive interactions or dispersal, violates the as-
ame'\gf‘:duicggt;s;eg’om égﬂ;pond’in;e"éditor: A’.Axglftgram'. sumption of parametric tests that the residual errorsare

For reprints of this Specia Feature, see footnote 1, p. 1965. independent (Legendre 1993: Fig. 1A). Indeed, patch-
3 E-mail: helene.wagner@wsl.ch iness induces autocorrelation in the error structure of
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Fic. 1. Schematic representations of the
conceptual framework of (A) ecological and (B)

A) Ecology
Variance of

A
ﬁ? ecological
? process

landscape ecological analysis. In the ecological
framework, the ecological process (upper
graph) observed in aset of plots (white squares)
depends on the level of the environmental factor
(polygons in lower graph) measured at the plot

location. Patches/plots are internally homoge-
neous, plot context does not matter, and obser-

Environmental
heterogeneity

vations are spatially independent. In the land-
scape ecological framework, patches/plots may
be internally heterogeneous, plot context may
affect local processes, and observations may not
be independent due to spatial interaction be-
tween local processes.

an ANOVA or regression-type model (Fig. 1B), which
reduces the degrees of freedom of the associated sta-
tistical tests (Dale and Fortin 2002).

The growing acceptance of the heterogeneous nature
of ecological systems requires adapting ecological the-
ory and methods to accommodate for ‘* heterogeneity.”
There is, however, little consensus on the exact mean-
ing of the term (Kolasa and Rollo 1991, Li and Reyn-
olds 1995). Here, we define spatial heterogeneity asthe
spatially structured variability of a property of interest,
which may be a categorical or quantitative, explanatory
or dependent variable.

When dealing with heterogeneity, one needs to con-
sider some fundamental questions about the causes,
types, and ecological consequences of heterogeneity.
Approaches to answer these questions evolved in dif-
ferent contexts, ranging from population genetics to
species diversity and ecosystem processes. Methods
were borrowed from various fields, including geogra-
phy, geology, spatial econometrics, physics, plant com-
munity ecology, and complex systems theory. While
the different approaches can be contrasted by spatial
data representation (Gustafson 1998, Dale et al. 2002,
Perry et al. 2002), objective (Liebhold and Gurevitch
2002, Ver Hoef 2002), or disciplinary background
(Liebhold and Gurevitch 2002), they often face similar
challenges in attempting to quantify heterogeneity.

This paper brings together some common analytical
threads related to the spatial analysis of ecological data
at the landscape level, while pointing to unresolved
conceptual and statistical challenges. We start with
summarizing the causes, types, and ecological conse-
quences of spatial heterogeneity, focusing on relevant
aspects for the design and analysis of an ecological
study. We then discuss how and to what degree three
different approaches (namely spatial statistics, land-
scape metrics and statistical modeling), deal with these
aspects of spatial heterogeneity. Specifically, we high-
light how these three spatial approaches can provide
new insights about landscape spatial pattern and to
what degree these methods can disentangle the patterns
due to species response to a spatially structured en-
vironment and those due to ecological spatial process-
es. Finally, we point to promising new approaches at

meeting the challenges of spatial analysis in a hetero-
geneous environment, including the statistical assess-
ment of changes in space and time, the quantification
of local landscape structure, and the merging of discrete
and continuous landscape models.

Causes of heterogeneity

Any spatial process operating between neighboring
units can cause spatial heterogeneity. Fig. 2A shows a
simulated random distribution of a species in a ho-
mogeneous environment, while Fig. 2B illustrates the
patchy distribution produced by a simple spatial pro-
cess starting from the pattern in Fig. 2A. Spatial anal-
ysis aims to assess the process generating these non-
random patterns. As this process is stochastic, Fig. 2B
represents only one of many possible outcomes of the
same process given the initial conditions in Fig. 2A
(Fortin et a. 2003). In practice, however, we often have
only one observed pattern representing a single reali-
zation of the process of interest, which makesinference
about this process difficult.

Inference from a pattern on the underlying process
is further hindered by variation in the process in space
or time as well as by the presence of additional, con-
founding processes. Fig. 2C shows the random distri-
bution of the simulated species in Fig. 2A but con-
strained by a linear environmental gradient, and Fig.
2D reflects the confounded pattern of patchiness and
an environmental gradient. In fact, most of the ob-
served patterns result from more than one processes
that possibly interact with each other, such as biotic
(e.g., ecological spatial processes) and abiotic (e.g.,
environmental factors) drivers (Fig. 3).

Types of heterogeneity

The heterogeneity of a categorical variable is best
described by a mosaic of patches. This includes the
special case of binary data, where only one factor level
is of interest (e.g., patches of suitable habitat) and any
other levels are collapsed into one (e.g., matrix of non-
habitat). The basic properties of a mosaic are compo-
sition and configuration: composition describes the
number and relative frequency of the factor levels(e.g.,
habitat types), whereas configuration refers to the spa-
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Fic. 2. Simulated species distribution in a grid of 40 3 40 cells under different combinations of a homogeneous envi-
ronment (A, B) or alinear environmental gradient (C, D) with random (A, C) or patchy (B, D) distribution of the species.

tial arrangement of the patches defined by the factor
levels (Gustafson 1998).

For a quantitative variable, the distinction between
composition and configuration is not as straightfor-
ward. Composition refers to the density distribution
function of the variable, whereas configuration is usu-
ally described in terms of the spatial covariance struc-
ture of the variable. The latter summarizes the strength,
range, and directionality (anisotropy) of the spatial au-
tocorrelation. The intensity of spatial autocorrelation
is related to the degree of self-similarity of the values
of avariable at nearby locations that can be expressed
in terms of fractal dimension (Palmer 1992, McGarigal
and Cushman 2005).

The type of heterogeneity depends on the nature of
the variable rather than how it is sampled, analyzed,
or displayed. For example, in geographic information
systems (GIS), categorical data typically are repre-
sented by vector data (polygon maps), whereas quan-
titative data are treated as raster data (grid surfaces).
However, drawing aline between two values of a quan-
titative variable such as biomass is artificial. Similarly,
displaying a qualitative variable as a mosaic-like grid
surface, by resampling a categorical map of patches at
regular intervals, does not make the abrupt transition
between two patches any smoother. This example il-
lustrates that ecological data may not always fit easily

in either GIS vector or raster data type, and the choice
may have implications for our ability to detect patterns
and insights about the underlying processes that gen-
erated them (Cova and Goodchild 2002, Cushman and
McGarigal 2004).

Ecological consequences of spatial heterogeneity

The pattern created by one process may affect an-
other process and its resulting pattern (Levin 1992). In
a homogeneous environment, for instance, spatial pop-
ulation dynamics can create heterogeneity in the abun-
dance of a species. Nearby locations that are linked by
dispersal tend to have interdependent population dy-
namics, leading to autocorrel ation in species abundance
(Fig. 3). The land-use mosaic imposes additional con-
straints on the local population dynamics, introducing
spatial structure in species abundances due to the spa-
tial distribution of site conditions and disturbance. In
a spatially structured environment, where nearby |o-
cations tend to have similar site conditions, the pattern
induced by species response to spatially structured en-
vironmental factors may be mistaken for spatial au-
tocorrelation dueto a spatial ecological process. Hence,
the environmental heterogeneity creates exogeneous
spatial dependence in the species abundance, while the
spatial interaction in the population dynamics is an
endogeneous spatial ecological process. Not only may
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Scale-dependent response:
The scale of response to
the environment depends
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Environment

Spatial dependence:
Physical processes create
spatial structure in the
environment, inducing
deterministic structure in
organism distributions.

Space

» Organisms

Spatial autocorrelation:
Biotic processes such as
dispersal or interactions
create patchiness in
organism distributions

Fic. 3. Spatial effects in ecological data. Species are spatially structured for several reasons: (1) ecological processes
are inherently spatial as they operate between neighboring individuals, thus creating autocorrelation; (2) species respond to
variation in environmental factors, which are themselves spatially structured, thus inducing spatial dependence in species
distributions; and (3) species respond to the environment at a specific scale, they may respond to the same factor differently
at different scales, and the response may be nonlinear. Thus, the exogenous spatial structure may be more complex than the

spatial structure of the environment.

the observed spatial pattern of abundance include both
types of underlying processes (Fig. 3), but these pro-
cesses may interact in a linear or non-linear way. For
instance, the land-use mosaic may constrain the dis-
persal of organisms if some land-use types are more
difficult to traverse than others. Thus, the probability
that two habitat patches separated by a given distance
are connected by dispersal depends on the land-use in-
between (D’Eon et al. 2002). It is clear from this ex-
ample that species patchiness and the spatial structure
induced by environmental heterogeneity depend on the
perspective of a specific organism, as habitat require-
ments, life history attributes, and dispersal abilitieswill
vary between species. Hence, species may respond to
environmental heterogeneity in a non-linear manner
(e.g., minimum threshold, or patch size requirements),
it may require a specific combination of factor levels
within its home range (Fahrig 2002), or it may respond
to the temporal variability of environmental factors.
Overlaps and interactions of different processes pose
a formidable challenge to ecological research that ex-
plicitly investigates the spatial response of a speciesto
landscape heterogeneity, as is the case in metapopu-
lation studies.

SPATIAL APPROACHES TO LANDSCAPE ANALYSIS

There are important practical considerations for the
spatial analysis of landscapes (as summarized in Table
1) that should be incorporated into students’ ecological
curricula. Here, we discuss the advantages and limi-
tations of three analytic approaches to the analysis of
spatial heterogeneity: spatial statistics, landscape met-
rics and spatial regression modeling. These approaches
differ in their assumption on the number of underlying
processes and in their general objective (Table 2). To

better appreciate these considerations, we will first re-
visit the main philosophical principles assumed by
Fisherian (parametric) statistical methods used in ecol-
ogy.

Nonspatial (Fisherian) statistics

In controlled experiments, nonspatial statistics have
been extremely powerful to quantify and test ecological
relationships. Unfortunately, when applied to hetero-
geneous systems, most parametric statistics and mul-
tivariate statistics (e.g., ordination) are usually applied
in inappropriate ways (e.g., Legendre 1993, Dale and
Fortin 2002). Correlation analysis, for example, quan-
tifies the association between two response variables,
such as the abundance of two species. The method
assumes independence of the residual errors which is
usually achieved by using a random sample from a
homogeneous environment as depicted in Fig. 2A. In
the presence of patchy data, a random sampling design
(Fortin et al. 1989) and completely randomized exper-
imental design (Legendre et al. 2004) do not guarantee
that the residual errors are independent. In order to
account for patchiness (Fig. 2B), Dutilleul (1993) pre-
sented a corrected t test for pairwise correlation co-
efficients, which adjusts the degrees of freedom pro-
portionally to the degree of spatial autocorrelation pre-
sent in each variable. Alternatively, spatially con-
strained (restricted) randomization tests have been
proposed for testing interspecific interactions while ac-
counting for species-specific patchiness (cf. Roxburgh
and Matsuki 1999). Note that methods accounting for
species patchiness may still be invalid due to environ-
mental heterogeneity (Fig. 2C and 2D) if the correlation
changes with site conditions (Legendre et al. 2002,
2004).
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TaBLE 1. Six “‘points of wisdom’ to keep in mind for the spatial analysis of landscapes.

Problem

Practical implication

A random sample does not guarantee indepen-
dent observations, but is designed to avoid
bias (Fortin et al. 1989).

Spatial autocorrelation in the residuals may ren-
der statistical tests too liberal (Cliff and Ord
1981). Individual observations may not bring
a full degree of freedom such that the signifi-
cance of parametric statistics (e.g., correla-
tion, regression, ANOVA) is not assessed
with the appropriate degree of freedom.

Based on data alone, it is not possible to distin-
guish between exogenous deterministic struc-
ture (spatial dependence) and endogenous
spatial autocorrelation (ecological spatial pro-
cess).

The species—environment correlation is likely to
change with scale (Levin 1992).

Stationarity assumptions concern the model of
the underlying process and allow inference
from the observed pattern to the entire study
area. Note that an observed pattern is a sin-
gle realization of that process (Fortin et al.
2003).

Stationarity rarely prevailsin real landscapes;
the data may show a trend (change in mean)
or local variability (change in variance) (For-
tin et al. 2003).

If the scale of patchiness is known, it can be used to enforce an ap-
propriate minimum distance between observations for a systematic
or a random sample (Dungan et al. 2002).

Tests adjusting the degree of freedom according to the degree of spa-
tial autocorrelation in the data should be used (Dale and Fortin
2002). When analyzing directional relationships (regression, ANO-
VA), thisis only necessary if there is autocorrelation in the residu-
als, whereas autocorrelation in the raw data may not be a problem.

Hypothesis testing and experimental design are needed to disentangle
these two possibilities (Legendre et al. 2004).

A multiscale study design is needed unless the scale of response is
known (Fortin et al. 1989, Cushman and McGarigal 2004).

The presence of stationarity could be either assumed when the behav-
ior of the underlying process is known or checked by estimating lo-
cal mean and variance using a moving window approach.

When the data show a spatial trend it should be removed only if it
has an ecological interpretation, as the observed pattern may exhib-
it trend-like structure by chance. In the case of local variability, en-
vironmental heterogeneity needs to be measured and accounted for
when quantifying spatial pattern (Wagner 2003).

ANOVA or regression models may be used for re-
lating population density to one or several environ-
mental factors, thus assuming independent observa-
tions from a heterogeneous environment. Although
such models explicitly include variability in at least
one environmental factor, they are susceptible to spatial
effects (Fig. 2C). Spatial autocorrelation in the resid-
uals may render statistical tests too liberal, making
them more likely to reject the null hypothesis when it
istrue. Autocorrelated residualsindicate that some pro-
cesses are not accounted either in the sampling or ex-
perimental design, as well as in the analyses. Further-
more, parameter estimates may be wrong if thereis an
unmeasured spatially structured factor or if an envi-
ronmental factor was measured at ascale different from
an organism’s scale of response (Keitt et al. 2002).
Spatial analysis of the residuals could reveal the pres-
ence of unaccounted spatial structures and the scale of
an organism’s response (Henebry 1995).

Multivariate statistics are sometimes used for hy-
pothesis testing in community analysis (Legendre and
Legendre 1998). For example, constrained ordination
with redundancy analysis (RDA) or with canonical cor-
respondence analysis (CCA) is frequently used to test
the effect of a set of explanatory variables on multi-
variate ecological response, such as species composi-
tion (Borcard et al. 1992). As constrained ordination
isin effect amultivariate regression analysis(Legendre
and Legendre 1998), these methods are subject to the
same problems as linear regression.

Spatial statistics

Even though spatial statistics were developed in dif-
ferent fields (geography, ecology, economics, mining),
many methods were developed as an adaptation of time
series analysis to spatial problems. However, while
time is a single dimension and temporal effects are
unidirectional, geographic space has at least two di-
mensions, and spatial processes may operate in any
direction and may not necessarily have the same in-
tensity in all directions (i.e., anisotropic processes).
The spatial statistical approaches most commonly used
by ecologists differ in their practical objectives. Geo-
statistical methods focus on the estimation of the spatial
covariance structure of a spatially structured variable
(e.g., variogram modeling) in order to use the spatial
parameters to interpolate values at unobserved loca-
tions (e.g., kriging). Spatial statistics, on the other
hand, aim at testing for the presence of a spatial process
in order to model this process or to account for spatial
autocorrelation when assessing the relationship be-
tween spatially structured variables (Cliff and Ord
1981, Fortin et al. 2001, Liebhold and Gurevitch 2002).

Spatial statistics that test for spatial autocorrelation
(e.g., Moran’s |, Geary’s c) assume stationarity, mean-
ing that the underlying process should have at least
roughly the same parameter val ues (mean and variance)
for the entire study area (Fig. 2B). These global spatial
statistics (Boots 2002) further assume that the spatial
covariance structure of the variable (i.e., the values of
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TABLE 2. Main spatial approaches to analyze landscapes.

Ecology, Vol. 86, No. 8

No. processes Spatial pattern analyses

Spatial modeling analyses

One Global spatial statistics (continuous variable)
Landscape metrics (categorical variable)

Several Local spatial statistics

Local landscape metrics

Spatial regression analysis
Spatial regression analysis
Partial canonical analysis
Residual analysis

Note: Approaches are grouped by the number of generating processes and on whether the analysis focuses on the description

or the modeling of spatial pattern.

spatial autocorrelation at different spatial distances or
lags) is similar over the entire study area. Nonstation-
ary processes imply that the mean, variance, or spatial
covariance structure of a variable vary across a study
area which may pose severe problems to spatial sta-
tistics. In spatially heterogeneous landscapes (Fig. 2D),
nonstationarity is likely to occur, so that the test may
become too liberal in rejecting the null hypothesis of
no autocorrelation.

Detrending is often used for addressing problems of
non-stationarity (Haining 1997). For instance, a large-
scaletrend isremoved prior to spatial analysisby fitting
a linear or polynomial trend surface as a function of
the geographic coordinates of the sampling units. De-
trending removes the mean but does not affect the var-
iance, which is often related to the mean and may still
depend on the location. Non-parametric methods may
be more robust in moderate cases of non-stationarity
(Bjgrnstad and Falck 2001), and join-count statistics
have been extended to accommodate nonstationarity of
the mean (Kabos and Csillag 2002). For instance, pop-
ulation density is likely to be related to environmental
factors. When these factors are spatially structured, the
assumption of stationarity may be met by performing
spatial statistics on the residuals of an environmental
response model (ANOVA, regression). However, there
may still be problems due to nonconstant variance, or
the spatial process itself may depend on the environ-
mental factors.

Landscape metrics and related measures

The recent development of GIS provided ecologists
with a technical framework for landscape-scale anal-
ysis (Greenberg et al. 2002). GIS include tools that
characterize and quantify the properties of data (area,
perimeter, proportion). To these basic tools, some spa-
tial statistics have been added to analyze spatial pat-
terns. Spatial analyses of landscapes have also been
facilitated by the availability of remotely sensed im-
ages, from which land cover is derived into classes. In
ecology, the landscape structure of such categorical
data is usually quantified in terms of landscape com-
position (i.e., proportions of habitat patches) or land-
scape configuration (i.e., spatial arrangement of patch-
es) using landscape metrics (O’ Neill et al. 1988, Gus-
tafson 1998; FRAGSTATS, available online).*

4 Mhittp://www.umass.edu/l andeco/research/fragstats/fragstats.
htmlg

Landscape metrics are often used as predictors of
ecological processes, such as dispersal, which results
in the observable distribution of organisms across a
landscape, but this approach suffers from several prob-
lems (Bélisle et al. 2001). (1) While no single index
can capture landscape structure, many landscape met-
rics are strongly correlated (Gustafson 1998). Several
authors have attempted, either empirically (McGarigal
and McComb 1995, Riitterset al. 1995) or theoretically
(Li and Reynolds 1995), to identify the intrinsic di-
mensions (uncorrelated components) of landscape
structure, but this search has not yet resulted in a gen-
erally applicable minimum set of landscape metrics
(Gustafson 1998, Fortin et al. 2003). (2) Landscape
metricsare highly sensitiveto scale, i.e., the assessment
of the structure of a landscape may change with the
grain (resolution) and extent (area covered) of the map
on which they are calculated (Cain et a. 1997, Turner
et al. 2001, Wu et al. 2002). (3) An organism may
respond to a landscape characteristic in a nonlinear
way, such as requiring a specific minimum patch size
or displaying threshold behavior in dispersal. In such
cases, landscape metrics need to be rescaled in terms
of organism characteristics. Alternatively, the nonlin-
ear behavior could be modeled with a nonlinear re-
gression model (e.g., by choosing an appropriate link
function using generalized linear models; Guisan and
Zimmerman 2000). (4) Landscape metrics assume the
mapped property to be nominal or binary. In general,
they do not consider ranks or other measures of gradual
differences between factor levels, such as different lev-
els of habitat suitability (Verbeylen et al. 2003). (5)
L andscape metrics quantify the pattern of a categorical
map and may be strongly affected by classification er-
rors (e.g., if the map was derived from remote-sensing
data) or other forms of uncertainty introduced during
the mapping process. Reliable results can only be
achieved by assessing the mapping uncertainty and its
propagation in subsequent analysis (Hess 1994, Mow-
rer 1999).

The statistical properties of landscape metrics cannot
be defined as they depend on the landscape composi-
tion, which can vary in the presence of spatial hetero-
geneity. Hence there are no standard tests for differ-
ences between two observed patterns, or rather their
generating processes (Fortin et al. 2003). While each
observed pattern corresponds to a single outcome of a
stochastic process, inference about the process requires
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knowledge of the distribution of patterns it may pro-
duce. Stochastic models can be used to derive such
distributions by simulation (e.g., neutral landscape
models), but these models typically assume stationar-
ity. The interpretation of landscape pattern indices
needs to be based on stochastic models that handle
landscape heterogeneity and where spatial parameters
are estimated from observed data (Fortin et al. 2003).

Quantifying landscape structure israrely the ultimate
goal for ecologists, but it is an important requisite for
understanding how landscape structure affects ecol og-
ical processes. However, it is not that easy to determine
causality between process and pattern, as the correla-
tion between landscape metrics and ecological pro-
cesses is often inconsistent (Tischendorf 2001). In fact,
there is no a priori causal ordering in space as there is
in time, and there are no statistical techniques that will
unambiguously uncover species-landscape relation-
shipsin the absence of informed ecol ogical understand-
ing that poses the hypothetical relationships which the
statistics then test (Henebry and Merchant 2001). In a
hypothesis-testing framework, graph theory in con-
juncture with aresource selection model, offersaprom-
ising approach to study species-environment relation-
ships at the landscape level. This approach combines
the topological spatial arrangement of landscape ele-
ments (patches) and species responses to patch types
in terms of habitat preference (Urban and Keitt 2001,
Manseau et al. 2002).

Satistical modeling

Modeling aims at quantifying the species—environ-
ment relationships by specifying the underlying pro-
cesses (dynamic modeling) or by predicting the ob-
served patterns of the organisms from the spatial dis-
tribution of environmental factors (statistical model-
ing). A new realm of spatially explicit models exist to
model ecological processes (Dieckmann et al. 2000) as
well as disturbances and their stochasticity (Mladenoff
and Baker 1999). Here, however, we focus on statistical
modeling in a regression context, highlighting three
rather different approaches: (1) spatial regression mod-
els where a spatial term is added to a regression; (2)
partialling-out methods (e.g., ordination techniques)
where the spatial component is factored out while es-
timating species—environment relationships; and (3) re-
sidual analysis following a multiscale ordination that
identifies and characterizes spatial components due to
unsampled environmental factors or ecological spatial
processes.

Spatial regression modeling.—This approach is most
actively being developed in geography and spatial
econometrics, although it is increasingly used in ecol-
ogy (e.g., autologistic model; Lichstein et al. 2002,
Fortin et al. 2003, Burgman et al. 2005). Here, we
discuss three issues raised by Anselin (2002) in econo-
metrics that are equally relevant for ecological appli-
cations. First, spatial modeling may be based on either
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of two datamodels, and the decision between thelattice
and the random field models has far reaching impli-
cations. A metapopulation is a good example of a sit-
uation where the lattice model is appropriate. This
model implies that each data point represents adiscrete
local population and that within the extent of the study,
all local populations are included. The primary goal is
extrapolation, or inference from the observed meta-
population (n 5 1) to other metapopulations beyond
the study area. Spatial analysisis based on the network,
or topology, of local populations and requires that the
neighbors for each population are defined and assigned
appropriate weights. The specification of neighborhood
and weights is essentially arbitrary, yet it may have a
great influence on the results.

A typical example of a random field is the plant
species richness of nonadjacent sampling quadrats,
where the observations represent a systematic or ran-
dom sample of the surface of the study area. The pri-
mary goal is the prediction (interpolation) of values at
unobserved locations within the study area. The spatial
covariance structure (e.g., obtained by estimating avar-
iogram model), is fitted directly as a function of the
geographic distance between quadrats without speci-
fying neighbors or weights. However, quadrat size and
shape, which are arbitrarily defined as part of the sam-
pling design, may have a great effect on the estimated
covariance structure (i.e., modifiable areal unit problem
[MAUP]; Openshaw 1984, Dungan et al. 2002).

Second, it is important to distinguish between the-
ory-driven and data-driven specification of the spatial
regression model: is there a theoretical foundation for
a spatial process, or does the residual spatial structure
reflect shortcomings of the data? Spatial processes may
include situations where the behavior of an organism
is affected by the neighbors’ decisions, either directly
or indirectly through the shared use of a limited re-
source, or it may result from aspatial diffusion process.
Alternatively, spatial structure in the data may be due
to a missing explanatory factor that is spatially struc-
tured, a mismatch of the scales of the process and the
data, or spatially interpolated explanatory variables
(Bradshaw and Fortin 2000, Dungan et al. 2002). The
different processes may create similar patterns difficult
to discriminate without experimental design and hy-
pothesis testing. Nevertheless, a model should reflect
the assumptions about the process. For example, a hy-
pothesized spatial interaction can be modeled by a spa-
tial lag model, which includes an autoregressive term
(Cressie 1993), where the response y, at location i isa
function of the neighboring valuesy,. A neighborhood
response of organisms to the environment can be mod-
eled by a spatial cross-regressive term where y; is a
function of the environmental factor x; at neighboring
locations j. In data-driven model specification, the resid-
ual spatial structure is interpreted as noise and modeled
by a spatially correlated error term where the error «; at
location i is a function of the neighboring errors «;.
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Third, a spatial error term can be fitted simulta-
neously for all data points (AR model) or conditionally
for each data point given the known values of its neigh-
bors (CAR model; Cliff and Ord 1981, Griffith 1988,
Keitt et al. 2002). Autoregressive models are often used
for modeling a binary response variable describing the
observed presence or absence of a species. It is im-
portant to understand that logistic regression models
the latent probability of occurrence, which cannot be
observed directly but only through itsrealized outcome
as presence or absence. Only the conditional model
(CAR) can deal with aspatial latent variable. However,
the conditional model cannot explain the spatial pat-
tern, and prediction is essentially limited to missing
observations with known presence/absence informa-
tion for all of its neighbors.

Partialling out the spatial component.—Spatial au-
tocorrelation in the residuals may make statistical tests
too liberal and affect parameter estimates, so that the
importance of an environmental factor may be over- or
underestimated (Keitt et al. 2002, Lichstein et al. 2002).
Dutilleul’s (1993) modified t test adjusts the degree of
freedom according to the degree of spatial autocorre-
lation in the data. Broad-scale spatial structure in the
predictor combined with local spatial autocorrelation
in the response may, however, reduce the power of
Dutilleuil’s modified t test (Legendre et al. 2002). The
effect of any ecological factor (relevant or not) may
be overestimated if it shows a similar spatial pattern
as the observed response because both depend on the
same, unmeasured environmental factor (Legendre and
Legendre 1998, Lichstein et al. 2002).

In order to avoid such problems of false correlation,
partialling-out methods can remove trends or large-
scale spatial structure in the data before estimating re-
gression parameters or performing constrained ordi-
nation. This can be achieved by fitting a polynomial
trend surface (Borcard et al. 1992) or more complex
and flexible models of spatial structure derived from
the relative spatial locations of the sampling units (Bor-
card and Legendre 2002). However, spatial dependence
may not indicate spurious correlation (Lichstein et al.
2002), nonspatial correlation does not guarantee cau-

Fic. 4. (A) Variance components of regres-
sion analysis or constrained ordination, (B) par-
tial regression or ordination including space as
apredictor, and (C) direct multiscal e ordination.
The components are (a) purely environmental
effects, explained, not spatially structured var-
iance; (b) overlap of spatial and environmental
effects, spatially structured explained variance;
(c) purely spatial effects, explained, spatially
structured variance; and (d) unexplained vari-
ance that is not spatially structured. Compo-
nents a and b appear in reversed order in (C)
because a represents the nugget variance of the
variogram of explained variance

sation, and the directionality and asymmetry of causal
relationships must be explicitly assessed. Imagine a
simple gradient with alinear increase of moisture along
a transect. The plant species composition can be ex-
plained equally well by moisture as by transect posi-
tion. After partialling out the spatial component, mois-
ture has no explanatory power, although it is the mois-
ture that the plants respond to. It is clear from this
example that the spatial-dependence component is part
of the species—environment correlation and should not
be removed for parameter estimation without careful
consideration. If the residuals are spatially correlated,
however, this implies the presence of an unknown pro-
cess, which may be accounted for by adding an auto-
regressive term or a spatial error term in the regression
analysis (Haining 1997, Keitt et al. 2002, Lichstein et
al. 2002).

Residual analysis with multiscale ordination.—Re-
sidual analysis may help to discriminate between spa-
tial autocorrelation due to an ecological spatial process
and spatial dependence induced by environmental re-
sponse, and it may indicate specification errors such as
the omission of an important factor or a mismatch of
scales of observation and response. Ordinary regres-
sion analysis and constrained ordination methods par-
tition the total variance in the uni-or multivariate re-
sponse into two components, the explained and the
residual variance (Fig. 4A). Regression residuals are
commonly checked for (1) evidence of heteroscedas-
ticity, where the variance depends on the mean (2)
systematic deviation from the normal distribution, (3)
influential observations that may have a large impact
on parameter estimates, and, increasingly, (4) spatial
autocorrelation. However, there is no equivalent for
multivariate analysis, where the large number of re-
sponse variables may make the above methods im-
practical. Partial constrained ordination can be used to
further partition both the explained and the residual
variance into aspatially structured and anonspatial part
(Fig. 4B), so that the relative importance of purely
environmental (a) and purely spatial effects (c) can be
compared and their degree of overlap (b) be assessed
(Borcard et al. 1992).
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Fic. 5. Direct multiscale ordination with RDA (redun-
dancy analysis) of the simulated species distribution in Fig.
2D. Globally, the total variance of the binary variableis0.25,
the explained variance 0.10, and the residual variance 0.15.
Each symbol shows a variance component estimated from
pairs of cells separated by a specific distance, thus providing
a spatial partitioning of the global estimates. Circles denote
total variance (variogram of total variance), triangles denote
the variance explained by the position along the environ-
mental gradient (variogram of explained variance), and
squares denote the residual variance (variogram of residual
variance). Only distances up to 25 cells are shown.

Spatial structure in the residuals may be due, how-
ever, to a spatial process or an unaccounted spatially
structured environmental factor, and we have little
power to tell these apart. Urban et al. (2002) suggested
the development of partial Mantel correlogramsto fur-
ther investigate the spatial structure of the variance
components. Direct multiscale ordination (MSO) with
RDA or CCA (Wagner 2004) provides thisinformation
by estimating the total variance, the explained and the
residual variance as well as the eigenvalues of ordi-
nation axes for a series of distance classes (Fig. 4C).
The distance-dependent variance components, which
are estimated from all pairs of observations that fall
into agiven distance class, are plotted against distance,
resulting in a set of empirical variograms that effec-
tively partition ordination results by distance. Fig. 5
provides an example of direct MSO for the simulated
species distribution in Fig. 2D, which mimics the
patchy distribution of a species along a simple envi-
ronmental gradient. The global RDA results showed a
total variance of 0.25, an explained variance of 0.1 and
aresidual variance of 0.15. Spatial partitioning by MSO
revealed the spatial structure of the different variance
components. The variogram of the total variance (cir-
cles) exhibited a continuous increase of variance with
distance. After accounting for the environmental gra-
dient, the variogram of the residual variance (squares)
showed an initial increase before reaching a constant
level. The spatial structure at larger distances was con-
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tained in the variance explained by the environmental
gradient (triangles). The results of MSO can be used
for checking modeling assumptions:

1) The variogram of the residual variance (Fig. 4C,
thin line) provides an estimate of the scal e of patchiness
and may indicate problems with non-stationarity. For
a stationary process, patchiness causes reduced vari-
ance at short distances, whereas at larger distances be-
yond the range, the variance reaches a constant level
(sill). The range indicates the distance beyond which
observations are spatially independent and may be used
as a minimum distance in subsequent sampling (Fortin
et al. 1989, Dungan et al. 2002, Legendre et al. 2004).
In the presence of a sill, a Mantel test can be used to
test each distance class for significant spatial autocor-
relation (Wagner 2003, 2004). A continuous increase
of the variance with distance, however, is often asso-
ciated with spatial trend (Fig. 2C and D) and may in-
dicate the presence of an unaccounted environmental
factor that is spatially structured. If thisisthe case, the
trend-like structure, which often exhibits directional
(anisotropic) behavior, is likely contained in the first
non-canonical axis. This can be checked by investi-
gating the variogram of the respective eigenvalue. Plot-
ting the axis scores in geographic space may help to
identify the missing factor.

2) A systematic difference between the variogram of
the total variance (Fig. 4C, bold line) and the sum of
the variograms of the explained and residual variances
(Fig. 4C, dashed line) may indicate problems with
scale-dependence in the species—environment correla-
tion. The global significance of an observed deviation
can be tested using a point-wise confidence envelope
for the variogram of total variance (Wagner 2004).

CONCEPTUAL AND STATISTICAL CHALLENGES
Assessing changes in space and time

A magjor step forward in landscape ecology will lead
from the ** snap-shot mode’” quantification of landscape
structure to the *“movie mode’’ assessment of changes
in landscape structure in space and time. Testing the
hypothesis that the generating process differs between
landscapes or between time steps will have to rely on
modeling of stochastic processes. Remmel and Csillag
(2003) proposed a general framework for comparing
two categorical maps, which might also be adapted to
quantitative data: first, the composition and configu-
ration of each map needs to be estimated accounting
for their interdependence (Fortin et al. 2003). Replicate
landscapes are simulated based only on these param-
eters (cf. Hargrove et al. 2002, Fortin et al. 2003) and
the landscape metrics are computed for each realization
to generate aconfidence interval at some specified level
(conditional simulation). The two patterns are consid-
ered significantly different if their confidence intervals
don’'t overlap. While this procedure is relatively
straightforward assuming a stationary process, the ex-
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tension to nonstationary processes poses a formidable
challenge both conceptually and computationally
(Remmel and Csillag 2003).

Quantifying local landscape structure

It is likely that different species respond to their
environment at different scales and that these scales
are related to the movement ranges of organisms (e.g.,
D’Eon et al. 2002, Holland et al. 2004). This implies
that instead of analyzing global landscape patterns, one
should quantify the local landscape structure across
space as it may be experienced by the organism of
interest (Potvin et al. 2001, McGarigal and Cushman
2005). Local versions exist for many spatial statistics
(Boots 2002, 2003), but have not yet been widely
adopted by ecologists (Pearson 2002).

Holland et al. (2004) provided an algorithm for iden-
tifying the scale of maximum correlation between spe-
cies abundance and landscape characteristics through
resampling of spatially independent observations with
increasing size of the window within which the land-
scape metrics are cal culated. Thompson and McGarigal
(2002) systematically varied both the grain and extent
of the environmental predictors to assess the activity-
dependent scale or multiple scales of environmental
response by maximizing a correlation measure.

Landscape metrics can be calculated within a spec-
ified neighborhood around each cell using a moving
window (Potvin et al. 2001; FRAGSTATS, see footnote
4). Such moving window analysis provides a distri-
bution of values for each landscape metric obtained
from all possible window positions. This implies that
moving window analysis may be an alternative to con-
ditional simulation for the statistical comparison of ob-
served landscapes (Potvin et al. 2001), but this requires
the assumption that the local landscapes are true rep-
licates with an independent history but comparable
conditions, so that the ecological processes are iden-
tical.

Currently, most GIS and other software performing
moving window analysis are using geometric windows
(e.g., circles or squares) of arbitrary size that do not
reflect the spatial structure of the species or the envi-
ronment (Bradshaw and Fortin 2000). Research in geo-
graphical information sciences should address this is-
suein order to providetoolsfor detecting the patchiness
or zone of influence of the data (e.g., by using local
spatial statistics), and implementing flexible geograph-
ical (e.g., watershed) or behavioral (e.g., home range)
windows that can be adapted to a specific situation.

Merging of discrete and continuous
landscape models

Landscape ecologists have been preoccupied with
the patch—matrix model of discrete landscapes, which
is highly compatible with the theory of island bioge-
ography and with metapopulations (Turner et al. 2001).
The gradient-based concept of landscape structure
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(McGarigal and Cushman 2005) is ideally suited for
integrating landscape analysis with niche theory and
the study of changes in ecological communities along
environmental gradients, a core topic of community
ecology. Multiscale ordination as discussed above is
based on aformal integration of geostatistics with mul-
tivariate ordination methods, and its great potential for
the empirical integration of spatial analysis and gra-
dient analysis needs yet to be explored.

Gradient analysis in plant community ecology could
profit from an explicit consideration of local hetero-
geneity and the organism-specific scale of response:
organisms including plants are likely to respond not
only to alocal average of an environmental factor, but
alsotoitsvariability in space and time at a scalerelated
to the organisms size, mobility, and life span. This
could be quantified by calculating the standard devi-
ation or alocal spatial statistic within amoving window
of an appropriate size. However, compared to landscape
metrics, these statistics for continuous variables pro-
vide rather crude measures of the spatial configuration
of the environmental factor. As an equivalent to land-
scape metrics for continuous environmental data,
McGarigal and Cushman (2005) proposed applying
surface metrology metrics (Pike 2001), which are used
for quantifying surface roughness in microscopy and
molecular physics.

The patch—matrix and the gradient concepts of land-
scape structure represent two extremes of landscape
structure, with most real landscapes falling somewhere
in between. While the best choice will always depend
on the research question, it will be increasingly im-
portant to incorporate internal heterogeneity and grad-
ual differences between habitat types into landscape
metrics as well as discontinuities into spatial statistics.
Dorner et al. (2002) proposed modifications to land-
scape metrics so as to reflect topographic variability.
When applying spatial statistics to landscapes with a
discontinuous, mosaic-like structure, homogeneous ar-
eas dominated by the same stationary process can be
delimited empirically using boundary detection algo-
rithms (Fagan et al. 2003). Furthermore, ecological
boundaries and ecotones determined from species data
can be spatially related to environmental boundaries
(Fortin et al. 2000), so that their spatial coincidence
can be tested (Fortin et al. 1996) and their effects mon-
itored.

Fuzzy set theory has been successfully applied to the
problem of gradual transitions between ideal vegetation
types (Roberts 1989): rather than drawing an arbitrary
line for classification, a degree of membership to each
type is attributed to each observation. Habitat maps
could be represented in a similar way as multivariate
surfaces of membership. Such an approach would not
only accommodate internal heterogeneity within for-
merly discrete, assumedly homogeneous patches, but
also retain information on mapping uncertainty, so that
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its propagation through subsequent analyses could be
assessed (Brown 1998, Bolliger and Mladenoff 2005).

Wavelet analysis provides apromising alternativefor
characterizing and partitioning landscapes in the pres-
ence of multiple, overlapping processes (i.e., not sta-
tionary), and this method can easily handle large data
sets (i.e., continuous data) such as remote sensing data
(Bradshaw and Spies 1992, Csillag and Kabos 2002;
McGarigal and Cushman 2005). The integration of dis-
crete and continuous landscape concepts may al so prof-
it from attempts in geography and GIS to combine dis-
crete and continuous data model s through the definition
of fields of spatial objects (Cova and Goodchild 2002).
Similar efforts are made towards representation of
space-time data, another important shortcoming of GIS
that is impeding the integration of spatial and temporal
processes in ecology (Henebry and Merchant 2001,
Peuquet 2001). Finally, spatiotempora analysis of
landscape dynamics could help to assess the impor-
tance of ecological memory or answer the question of
how much randomness there is in real landscapes (Pe-
terson 2002).

Conclusion

The basic problem of spatial analysis of landscapes
is that several processes creating heterogeneity often
operate at the same time. These processes may interact,
so that the parameters of one process change with the
heterogeneity resulting from other processes. This
means that the observed pattern can rarely be attributed
to a single, stationary process, as many methods of
spatial analysis assume. Furthermore, most spatial pro-
cesses in ecology are stochastic, so that many replicates
are needed for an accurate quantification of the un-
derlying process. However, replications are hard to ob-
tain because the parameters of the process are likely
to change through space or time due to environmental
heterogeneity.

Local spatial statistics offer a way to accommodate
spatial variation in pattern and even to obtain replicate
landscapes at a finer scale. However, the size of such
local landscapes needs to be determined in an ecolog-
ically meaningful and methodologically sound way.
Statistical methods for testing hypotheses about non-
stationary processes urgently need to be developed. As
the hypothesis concerns the spatial process (which is
not directly observable) rather than the empirical pat-
tern, confidence intervals are best derived by condi-
tional simulation. Local statistics and statistical tests
that can accommodate nonstationarity are needed for
the analysis of discrete patterns with landscape metrics
as well as for the quantification of continuous surfaces
with spatial statistics. However, both gradients and dis-
continuities are areality in ecological systems, and we
need to find ways of integrating discrete and continuous
aspects of heterogeneity.

Facing these challenges may enable ecologists to go
beyond quantifying patterns in order to finally address
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the interaction between environmental heterogeneity
and the ecological processes causing species patchi-
ness. This can only be achieved by distinguishing, both
conceptually and empirically, between endogeneous
autocorrelation due an ecological spatial process and
exogeneous spatial dependence induced by environ-
mental response.
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MEASURING LANDSCAPE CONNECTIVITY: THE CHALLENGE OF
BEHAVIORAL LANDSCAPE ECOLOGY
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Abstract. The recognition of behavior as a link between process and pattern in land-
scape ecology is exemplified by the concept of functional connectivity: the degree to which
the landscape facilitates or impedes movement among resource patches. In this paper, |
first argue that the actual operational definitions of this concept as applied to animal move-
ment are not fully consistent with its formal definition. For instance, | question that a high
likelihood of movement among the different points of primary habitat implies a high con-
nectivity and contend that such a view can lead to misinterpretations. | also address two
more hurdles to the measurement of functional connectivity: the fact that functional con-
nectivity may not be equal along all axes and directions of movement and individual
variation in functional connectivity within a given landscape. These points bring me to
suggest that the concept of functional connectivity be bridged to the one of travel costs
used in behavioral ecology. This would help define unequivocal operational definitions of
functional connectivity as its measurement would then be dictated by its ecological role
within specific models (e.g., travel costs within group membership models of foraging
theory). | argue further that this ecological role shall in turn determine the motivation
underlying the movement of individuals, implying that the latter should preferably be
standardized when measuring functional connectivity in the field. | finally present some
methods to do so. These include translocation and playback experiments, food-titration and
giving-up densities experiments, and manipulating feeding and breeding site locations and
success.

Key words:  behavioral ecology; cost function; dispersal; field experiments; functional connec-
tivity; gap-crossing behavior; landscape anisotropy; movement; travel costs.
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BEHAVIOR: THE LINK BETWEEN PROCESS
AND PATTERN

forest cover are energetically stressed and experience
a greater predation risk to gain access to food. Along
the sameline, paridsliving in small forest patches show
explain how ecological processesand patternsoriginate daily fattening patterns that indicate a trade-off 'be~
from or modify the composition and configuration of ~tWeen accumulating reserves to counter an unpredict-
habitat patches within agiven area. Although theactors @bl access to food and limiting their body weight to
involved in such spatial processes and patterns may be ~ "educe predation risk (Telleriaet al. 2001). The energy
abiotic, most are living organisms that react to one Stress experienced by parids within highly fragmented

One of the main focuses of landscape ecology is to

another, as well as to landscape structure, through be-
havior. Recent studies on wintering parids illustrate
well how landscape structure can influence the behavior
of organisms, and thereby generate patterns at the patch
and landscape scal es. For instance, these small, resident
forest birds venture further out into open habitat to
obtain food as forest cover decreases within a 500-m
radius (Turcotte and Desrochers 2003). Yet, when sup-
plemented with food for some weeks, they barely enter
the open to forage, and this, independently of forest
cover within a 500-m radius (Turcotte and Desrochers
2003). This suggests that parids in landscapes with low
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landscapes may not only result from a lower resource
density, but also from a greater exposure to adverse
weather conditions that constrain individuals to feed
and cache food towards the center of patches (Dolby
and Grubb 1999, Brotons et al. 2001). On another front,
parids have a high propensity to follow forest edges
(Desrochers and Fortin 2000) and are reluctant to move
among forest patches surrounded by open areas (St.
Clair et al. 1998, Grubb and Doherty 1999). In addition,
parids experience lower survival when moving within
highly fragmented landscapes (Doherty and Grubb
2002). Taken together, these responses to conditions
emanating from the landscape structure may explain
why the incidence, density, and social structure of par-
ids are influenced by the area and isolation of forest
patches (Pravosudova et al. 1999, Doherty and Grubb
2000).
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The recognition of behavior as a link between pro-
cess and pattern by landscape ecologists is exemplified
by the concept of landscape connectivity: ‘‘the degree
to which the landscape facilitates or impedes movement
among resource patches” (Taylor et al. 1993:571). Be-
cause this formalization is associated to the ease with
which processes such as dispersal can operate, it is
often referred to as the functional connectivity of land-
scapes. Thisis to distinguish the latter from the struc-
tural connectivity or connectedness of landscapes,
which refers to the degree to which some landscape
elements of interest are contiguous or physically linked
to one another (With et al. 1997, Tischendorf and Fah-
rig 2000a).

With respect to animal movement, the functional
connectivity of a landscape is thought to depend on
how an organism perceives and responds to landscape
structure within a hierarchy of spatial scales. In fact,
organisms are expected to alter their movements, as
well as experience differential fitness benefits or costs,
according to the nature, form, and spatial arrangement
of habitat patches and ecotones (Tischendorf and Fah-
rig 2000a, Wiens 2001). Several behavioral constraints
underpin this framework. For instance, the perception
and response of individuals to landscape structure will
be influenced by their state and their motivation, which
will dictate their needs, how much risk they arewilling
to take in order to fulfill those needs, and possibly their
specific destinations. Thus, factors such as the percep-
tual range of the organisms (sensu Lima and Zollner
1996), their susceptibility to competition and preda-
tion, aswell astheir level of conspecific attraction, will
play an important role at determining the movements
of individuals (Danielson 1992, Bélisle 1998, Fraser et
al. 2001, Greene and Stamps 2001). It follows that the
functional connectivity of a landscape is likely to be
both species and context-dependent (Pither and Taylor
1998, Jonsen and Taylor 2000, D’ Eon et al. 2002).

Despite being considered as a key concept of land-
scape ecology, the actual study of functional connec-
tivity requires dealing with complex phenomena dif-
ficult to sample, experiment on, and describe synthet-
icaly. This stems mainly from the multivariate nature
of the processes involved as well as from the spatial
and temporal scales at which they manifest themselves.
In the remaining sections of the paper, | will discuss
how functional connectivity can be operationally de-
fined and measured in the field. After, | bring up two
more aspects that should be considered in measuring
landscape connectivity: the fact that functional con-
nectivity may not be equal along all axes and directions
of movement and that it may vary strongly among in-
dividuals within a given landscape. | then propose that
we have much to gain from using a theoretical frame-
work that stems from behavioral ecology to improve
our measurement of functional connectivity. Specifi-
cally, | suggest that the concept of functional connec-
tivity be linked to the one of travel costs found in
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behavioral ecology models that predict how animals
should use resources heterogeneously distributed in
space. Within this framework, | finally present some
approaches to measure functional connectivity in the
field.

MEASURING FUNCTIONAL CONNECTIVITY
The lack of an operational definition

Landscape ecology recognizes the importance of
movement with respect to habitat selection and gene
flow, as well as population viability and stability. Yet,
the limited empirical knowledge on how landscape
structure influences the movement of animals has so
far hindered the development of a strong theoretical
framework around the concept of functional connec-
tivity. Thisis partly reflected by the lack of consensus
on how to measure landscape connectivity (Tischen-
dorf and Fahrig 20004, b, Moilanen and Hanski 2001,
Goodwin 2003). For instance, Taylor et al. (1993:572)
suggested that functional connectivity ‘‘can be mea-
sured for a given organism using the probability of
movement between all points or resource patchesin a
landscape.” This operational definition is generally in-
terpreted such that a high likelihood of movement
among the different points of primary habitat implies
a high functional connectivity. This interpretation,
however, is hazardous if we stick to the conceptual
definition of functional connectivity: ‘‘the degree to
which the landscape facilitates or impedes movement
among resource patches” (Taylor et al. 1993). Indeed,
both dispersion and patch modelsin behavioral ecology
sustain the possibility that two landscapes can have
identical connectivity while the propensity of individ-
uals to move can differ between the two landscapes.
This claim, like the rest of the paper, assumes that
animals tend to behave optimally (Krebs and Kacelnik
1991) and that the travel costs they incur reflect the
level of functional connectivity. Here are two *‘ thought
experiments”’ that illustrate the rationale.

As a set up for both experiments, let's assume two
landscapes, A and B, in which individuals experience
the same ease of movement among resource patches
(Fig. 1a). As aresult, individuals incur the same travel
costs (e.g., energy, predation risk) as they search for
and sampl e resource patches in both landscapes. More-
over, the landscapes have the same number of resource
patches. Furthermore, the frequency distributions of
patch quality in the two landscapes have the same
mean, variance, and kurtosis (Fig. 1b). On the other
hand, although the frequency distributions of patch qual-
ity have the same skewness level, the distribution in
landscape A is skewed to the left, whereas it is skewed
to the right in landscape B. As a consequence, the quan-
tiles of the two distributions will differ and the median
patch quality will be higher in landscape A.

The first ““thought experiment’” considers a simple
dispersion model whereby individuals attempting to
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Fic. 1. Main aspects of the two thought experiments showing that two landscapes with identical functional connectivity
can lead to different movement rates or propensities in animals that attempt to maximize their gain rate. (@) Two landscapes
(A and B) with “‘identical’” structures (i.e., composition [forest vs. nonforest] and configuration) with respect to movement
costs. (b) Although the two landscapes are composed of habitat patches of the same mean quality, the frequency distribution
of patch qualities is skewed to the left in landscape A (solid line) and to the right in landscape B (dotted line). (c) The
estimate of the average quality of the environment, as learned through sampling by foraging individuals, will decrease more
rapidly in landscape B (dotted line) than in landscape A (solid line). Hence, individuals in landscape A will, on average,
sample more habitat patches before they settle down into a patch to exploit its resources. (d) Once in a patch, individuals
in landscape A (solid line) will, on average, gain benefits more rapidly than in landscape B (dotted line). Because travel
time is identical in both landscapes, individuals should, on average, leave patches sooner in landscape A (T%) than in

landscape B (T¥).

maximize their rate of gain must distribute themselves
among resource patches of unknown quality (Bernstein
et al. 1991, Beauchamp et al. 1997). These individuals
will settle in or exploit resource patches showing a
better quality than their current estimate of the average
quality of the environment, which they must learn. To
avoid settling in a patch of poor quality, individuals
must initially be optimistic. Yet, as they sample, they
devaluate past experiences and their current estimate
of the average quality of the environment turns out to
be mostly influenced by the qualities of recently en-
countered patches (Giraldeau 1997). Frequently en-
countered patch qualities will therefore have a sub-
stantial effect on their current estimate. All other things
being equal, then one is likely to observe more (sam-
pling) movement in landscape A than in landscape B,
as individuals would, on average, maintain a higher
estimate of the average quality of the environment in
landscape A (Bernstein et al. 1991, Beauchamp et al.
1997: Fig. 1c). Based on the widely accepted opera-
tional definition which equates a high likelihood of
movement among the different points of primary hab-

itat with ahigh functional connectivity, one would con-
clude that landscape A has greater functional connec-
tivity. This conclusion is, however, wrong if we stick
to Taylor's et al. (1993) conceptual definition; it is as
easy for individuals to move in both landscapes.

The second “‘thought experiment’’ considers patch
models whereby individuals attempting to maximize
their rate of gain must decide when to stop exploiting
a resource patch and search for a new one (Stephens
and Krebs 1986, Giraldeau and Caraco 2000). Not hav-
ing perfect information about the location and quality
of resource patches, individuals are expected to exploit
patches in accord to the marginal-value theorem. En-
countering resource patches of higher quality more fre-
quently, individuals in landscape A will thus be more
likely to leave a resource patch early and resume
searching (i.e., move) compared to individualsin land-
scape B, all other things being equal (Stephens and
Krebs 1986, Giraldeau and Caraco 2000: Fig. 1d).
Movement probabilities or rates will thus depend on
the rate at which individual s gain benefits through time
within resource patches, not on functional connectivity.
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Note that the arguments presented in the two
““thought experiments” would have been much stron-
ger if there had been greater discrepancies in the like-
lihood of encountering patches of high quality between
the two landscapes. It is also important to realize that
the above arguments are not restricted to a foraging
context or to ‘‘local’’ processes, but can also be applied
to dispersal (Danielson 1992). Resources can be very
diverse and include food, mates, and territories, and
these can be exploited from a central place to which
individuals periodically return (e.g., nest or roost) or
not. Moreover, similar critiques could be addressed to
other operational definitions that were attributed to
functional connectivity. Those include, among others,
the proportion of individuals that immigrate into a new
habitat patch within a given amount of time and the
time required to settle in a new habitat patch (reviewed
by Tischendorf and Fahrig 2000a, b, Goodwin 2003).
Hence, it must be concluded that neither high proba-
bilities of moving among points of primary habitat or
high movement rates imply high functional connectiv-
ity.

The lack of an operational definition based on es-
tablished theories in behavioral ecology has probably
led to the notion that a lot of ‘“moving around” by
individuals (e.g., high patch immigration rate) is prof-
itable with respect to habitat selection and population
viability. It is indeed intuitive to equate an ease of
movement among resource patches with a propensity
to move. From this standpoint, and without precisely
knowing how much movement is necessary to maintain
processes, a high level of functional connectivity is
often considered as a desirable property of landscapes.
This notion, which was often implied or referred to in
studies on wildlife corridors (Beier and Noss 1998) and
population viability (e.g., Thomas 2000), should nev-
ertheless be applied carefully. For instance, favoring a
landscape structure where high level s of dispersal occur
may result in recommending a landscape structure in
which individuals experience poor breeding success
and thus exhibit low philopatry, all other things being
equal (Switzer 1997, Doligez et al. 2002). Thisexample
illustrates the potential for misinterpretation, and may-
be more importantly, the possibility of committing er-
rors when applying the concept of functional connec-
tivity in its actual form to conservation issues.

Two more hurdles: landscape anisotropy
and individual variation

Whereas landscape ecologists are interested in the
connectivity of entire landscapes, metapopul ation ecol-
ogistsareinterested in the connectivity of single habitat
patches (Moilanen and Hanski 2001, Tischendorf and
Fahrig 2000a). In metapopulation ecology, connectiv-
ity is restricted to the modeling of migration rates
among habitat patches, which directly points towards
clear operational definitions amenable to field mea-
surements and statistical modeling: e.g., the probability
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that an empty patch will be colonized during adispersal
event (Moilanen and Nieminen 2002). Implicit to this
patch-based approach is the fact that not all patches
are assumed to be of equal connectivity. The flow of
dispersing individuals may accordingly be polarized
along certain axes and in certain directions within a
given landscape (Gustafson and Gardner 1996, Ferreras
2001, Ovaskainen 2004). Polarized or anisotropic flows
of individuals may not only result from different abun-
dances of dispersers that depend on the structure of the
landscape, but also from variationsin the ease of move-
ment along the different axes and directions of move-
ment. Bélisle and St. Clair (2001) have illustrated this
possibility with an experiment where they translocated
territorial, mated male forest birds within avalley char-
acterized by several parallel, linear strings of open hab-
itat. Overall, the birds translocated across the valley
floor, such that they would repeatedly encounter move-
ment barriers, took longer to return to their territories
than birds translocated along the valley floor. They also
found variation in response among Species, suggesting
that life-history characteristics may modulate how in-
dividuals perceive and respond to movement barriers.
Such landscape anisotropy with respect to movement
certainly deserves to be taken into account given its
potential impacts on the structure and dynamics of pop-
ulations and communities (Wiegand et al. 1999, Sher-
ratt et al. 2003).

The fact that the ease of movement can vary among
different axes within alandscape, as well asin opposite
direction along a given axis, certainly complicates the
derivation of synthetic measures of functional connec-
tivity (Gustafson and Gardner 1996, Bélisle and St.
Clair 2001). For that matter, it certainly proscribes sum-
marizing functional connectivity by a single number
that would originate from a simple integration or av-
erage over all patches of *‘ patch-based connectivities’”
as suggested by some authors (e.g., Tischendorf and
Fahrig 2000a, b). In its simplest expression, functional
connectivity should be characterized by a magnitude
and a direction (i.e., a vector), which would integrate
measurements taken along different axes and in dif-
ferent directions. And depending on the theoretical
framework in which functional connectivity is being
used, it might even prove better to use a matrix of
directionally explicit, patch-to-patch measures. Note
that metapopulation ecologists have been able to syn-
thesize the information of such a matrix into a single
measure relevant to population viability, namely meta-
population capacity (Hanski and Ovaskainen 2000).

On another front, because individuals are likely to
show different levels of motivation when it comes to
move, we should expect individual variation in the
functional connectivity of a given landscape. This
amount of individual variation in functional connec-
tivity may depend on landscape structure. If this were
the case, then we should not only pay attention to mean
values of functional connectivity, but also to their var-
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iance, especially when the matrix is highly heteroge-
neous (Fraser et al. 2001, Ricketts 2001). If we assume
that dispersal processes depend upon functional con-
nectivity, then variation in functional connectivity cer-
tainly merits attention given that variance in demo-
graphic rates can influence population dynamics (Ken-
dall and Fox 2002).

Incorporating behavior into functional connectivity

In spite of the above problems, | strongly believe
that ecologists should not abandon the functional con-
nectivity concept as defined by Taylor et al. (1993).
Functional connectivity conceptualized as the ease of
movement among points or resource patches is already
used in several behavioral ecology models that address
the spatiotemporal distribution of individuals. Address-
ing functional connectivity under the framework of-
fered by these modelswould certainly help link process
and pattern. For example, behavioral ecologists have
developed several models predicting the duration that
an individual should spend exploiting a resource patch
as a function of travel time among patches (e.g., the
marginal value theorem) for individuals that exploit
resources solitarily (Stephens and Krebs 1986) or in
groups (Giraldeau and Caraco 2000). Travel time is
likely to be strongly correlated with the ease of move-
ment among resource patches as it integrates the rate
of movement and the detours that |andscape structure
may impose on individuals (Jonsen and Taylor 2000,
Bélisle and Desrochers 2002). Hence, measuring the
residence time within resource patches of known qual-
ity and abundance could provide an indication of the
travel time experienced by moving individuals. Patch
residence time would be especially useful to assess
functional connectivity for species whose movements
are difficult to track. Moreover, once properly adapted,
patch models could be used to relate residence time to
functional connectivity in terms of ‘‘integrative” fit-
ness currencies (e.g., an integration of travel time and
predation risk as perceived by individuals).

Group size models (Bélisle 1998, Giraldeau and Car-
aco 2000) could also prove to be useful to assess func-
tional connectivity. These models essentially predict
how individuals should distribute themselves among
resources patches (or territories) that vary in quality.
Because it is assumed that individuals behave in a way
that maximizes their fitness and that the fitness expe-
rienced by individuals depends on patch attendance, a
stable distribution is reached when individuals do not
benefit from unilaterally changing position. In the ab-
sence of travel costs, this stable distribution is mostly
dictated by patch quality. Yet, in the presence of travel
costs, individuals often cannot afford reaching the re-
source patches that would convey the best returns upon
exploitation. As a result, poor quality patches tend to
be overused (Bernstein et al. 1991, Beauchamp et al.
1997). The level of discrepancies between observed
and predicted distributions under the assumption of no
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travel costs could therefore be used to assess functional
connectivity. The implementation of such an approach
should be greatly facilitated by recent developmentsin
social foraging theory. For instance, the stringent as-
sumptionswhereby ideal free distribution (IFD) models
could only be applied to very small and simply struc-
tured landscapes are starting to be relaxed. Models can
now address the distribution of individuals among re-
source patches at large spatial scales (Tyler and Har-
grove 1997), among resource patches embedded within
a hierarchy of spatial scales (Beauchamp et al. 1997,
Bélisle 1998), and along smoothly changing resource
gradients (Stephens and Stevens 2001).

By equating functional connectivity with travel
costs, landscape ecol ogists would benefit from a stron-
ger theoretical framework to study the influence of
landscape structure on ecological processes and their
emerging patterns. As behavioral ecology models al-
ready consider the influence of several factors other
than travel costs on movement, merging the notion of
functional connectivity with the latter shall limit equiv-
ocal interpretations of quantitative measures of func-
tional connectivity. Such a transition should be rela-
tively straightforward as many behavioral ecology
models, especially the onesin foraging theory, are spa-
tially implicit [see Stephens and Stevens (2001) for a
spatially explicit, IFD model]. It goes without saying
that this joint venture would also improve how behav-
ioral ecologists treat landscape heterogeneity in their
models and scale-up their predictions. Nevertheless,
measuring functional connectivity within the context
of complex models will bring its share of problems,
especially regarding their structure and parameteriza-
tion (e.g., South et al. 2002). It may necessitate field-
intensive studiesin order to assess, among other things,
the quality and distribution of resource patches and how
different fitness currencies vary with patch attendance.
In addition, both the physiological state of individuals
and the fitness currencies that they may be maximizing
will have to be considered (Turcotte and Desrochers
2003). At last, the measure of functional connectivity
that will be obtained will likely be model specific. Yet,
the ways in which functional connectivity should be
measured must be dictated by its ecological role within
specific models or theories. This ecological role shall
in turn dictate the kind of motivation underlying the
movement of individuals.

Sandardizing the motivation to move

Movement implies many decisions (Grubb and Bron-
son 2001, Stamps 2001). An individual must first leave
an area, then adjust its course and rate of travel, and
ultimately, settle somewhere. Those actionsresult from
motivations that are influenced by the state of the in-
dividual. The motivation underlying the movement of
individuals must therefore be taken into account when
measuring functional connectivity. For instance, it is
legitimate to ask whether a forest bird moving along a
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forest edge indicates that open areas are barriers to
movement or that the forest edge is a prime foraging
habitat (Desrochers and Fortin 2000). Analogously, the
likelihood that Red-eyed Vireos (Vireo olivaceus) cross
gaps in forest habitat depends on whether individuals
were lured by a mobbing scene or an intruding con-
specific (Desrochers et al. 2002). At last, the fact that
movement may serve more than one need and that those
may vary across individuals can complicate field mea-
surements.

Since the cause of movement (or lack thereof) will
be difficult to identify under field conditions, especially
at large spatial scales and during long time frames,
experimental manipulations coupled with precise track-
ing methods may offer the best option for obtaining
meaningful measures of functional connectivity (re-
viewed by Desrochers et al. 1999). For instance, trans-
locating animals allows standardizing motivation
across individuals, and if the latter happen to be site
tenacious, it also provides the individuals' most likely
destination. Being aware of the potential destinations
that individuals are trying to reach may be advanta-
geous for determining the level of anisotropy of aland-
scape with respect to its functional connectivity (Bé-
lisleand St. Clair 2001). The relevance of translocation
experiments for studying movement with respect to
landscape structure is starting to be recognized and
applied to various taxa such as insects (Pither and Tay-
lor 1998), amphibians (M. J. Mazerolle and A. Des-
rochers, unpublished manuscript), birds (Bélisle et al.
2001, Cooper and Walters 2002, Gobeil and Villard
2002), and mammals (Bowman and Fahrig 2002,
McDonald and St. Clair 2004). Playbacks to lure in-
dividuals to a specific destination have also been used
successfully as another means to standardize the mo-
tivation of birds and address the permeability of various
landscape elements to movement in different seasons
(Harris and Reed 2001, Bélisle and Desrochers 2002,
Desrochers et al. 2002).

On another front, food-titration experiments could
help push the envelope further by allowing us to assess
the cost of reaching certain destinations (Todd and
Cowie 1990, Abrahams and Dill 1998). To my knowl-
edge, this method has been used in landscape ecology
only once (Turcotte and Desrochers 2003). Analo-
gously, measuring giving-up densities (GUDS) in re-
source patches embedded in landscapes of varying
structures is yet another means by which travel costs
could be assessed (Kohlmann and Risenhoover 1998,
Price and Correll 2001). Manipulating the location of
nesting places or burrows with respect to landscape
structure and known food sources (of similar or dif-
ferent quality) would also prove particularly useful to
assess the travel costs implied when provisioning or
hoarding food within heterogeneous |andscapes (Huhta
et al. 1999, Hinsley 2000). Although manipulations
such as food-titration experiments can be difficult to
apply at spatial scales relevant to dispersal movements,
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we could still induce individuals to leave or remain
within their home range or territory by altering their
breeding success (e.g., Doligez et al. 2002).

Studying movement is strongly hampered by the dif-
ficulty of tracking animals over large expanses and dur-
ing long time intervals. Thisis exacerbated by the tem-
poral and financial constraints too often faced by ecol-
ogists. Beside the sound option of pooling resources
and working within experimental landscapes (e.g.,
Haddad et al. 2003), part of the challenge of measuring
functional connectivity will thus depend upon our abil-
ity to design experiments addressing travel costswithin
standardized motivational contexts. As good ideas will
eventually proliferate, it will become of interest to cor-
relate the results obtained by different methods, in dif-
ferent contexts, and across species with different life-
histories (Desrochers et al. 1999).

CONCLUSION:
EcoLocists SHouLD GET oN THE MOVE

By questioning the actual operational definitions giv-
en to landscape connectivity, | do not condemn the use
of this concept, but call for research within a stronger
theoretical framework. Behavioral ecology provides
such a framework. Many of its models already use a
concept analogous to the one of functional connectiv-
ity, namely travel costs, to describe the degree to which
the environment facilitates or impedes movement
among resource patches. Because these models predict
how animals should use resources in space and time
within spatially-implicit landscapes, they offer a great
opportunity to link process and pattern. Landscape
ecologists should be proactive and approach behavioral
ecologists to improve the models of the latter to the
spatially-explicit nature of their own object of study:
the influence of landscape structure on the abundance
and distribution of organisms. By quantifying func-
tional connectivity within a stronger theoretical frame-
work, landscape ecologists will certainly reduce the
likelihood of obtaining equivocal results that may have
negative implications not only for their science, but
also for biological conservation. | hope that this paper
will help favor abehavioral ecology of ecological land-
scapes as advocated by Lima and Zollner (1996).
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MODELING ECOLOGICAL PROCESSES ACROSS SCALES

DeaN L. UrRBAN?
Nicholas School of the Environment and Earth Sciences, Duke University, Durham, North Carolina 27708 USA

Abstract. The issue of scaling impinges on every aspect of landscape ecology and
much of ecology in general. Consequently, the topic has invited a vast commentary. One
result of scaling research is so-called scaling laws that describe how observations scale
(e.g., as power laws). Importantly, such scaling rules seldom derive from a process-based
understanding of why they emerge. Alternatively, the task of scaling is often addressed via
simulation models. Thisis a scaling operation about which we are somewhat |ess confident,
although recent advances in computing power and computational statistics provide for some
promising new solutions. Here, | focus on methods for scaling simulations developed at
fine grain and small extent, to their implications over much larger extent. The intent in
scaling is to simplify the model while retaining those details essential for larger-scale
applications. This approach should lead to scaling rules that are well founded in fine-scale
ecological process and yet useful for making predictions at the larger scales of management
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and environmental policy.
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INTRODUCTION

A central challenge in ecology is ascaling dilemma:
issues in management and policy are large scale but
our best empirical understanding of ecological pro-
cesses and patternsis at fine scales (Levin 1992, Urban
et al. 1999, Rastetter et al. 2003, Miller et al. 2004).
Consequently, ‘“scaling’ is central to ecology in gen-
eral and landscape ecology in particular. By ““scaling,”
| mean the explicit extrapolation of details at fine grain
and small extent, to their implications over larger ex-
tent and generally at coarser resolution.

One result of scaling research is so-called *“scaling
laws,” or rules that describe how processes scale, often
expressed as power laws:

Q5 kv (1)

for quantity Q from measurement m, with constants k
and b. Such laws seem to emerge readily in a wide
range of physical and ecological systems (reviewed by
Schneider 1994, 1998, 2001). While power laws seem
common in nature, it must also be noted that these are
overwhelmingly phenomenological: we might be able
to fit the laws statistically, but we generally do not
understand why they assume the fitted values (Schnei-
der 2001). Exceptions to this are cases where the laws
can be derived from (often biophysical or thermody-
namic) first principles, examplesinclude laws based on
surface area/volume ratios (Peters 1983) or energy dis-
sipation (e.g., Milne et al. 2002).
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aggregation; graph theory; hierarchy; landscape pattern; metapopulation; Markov

More generally, ecological ‘“‘first principles” might
be expected to derive from basic natural history traits
and the behavior of individuals. From this perspective,
the aim of scaling laws would be to integrate individual
behaviors such as habitat selection, breeding behavior,
demographic processes, and dispersal to their land-
scape-scale implications.

A review of the vast literature on scaling is well
beyond the scope of this paper, and it is not my intent
to provide such areview here (see, anong many others,
Levin 1992, Wessman 1992, Schneider 1994, Tilman
and Kareiva 1997, van Gardingen et al. 1997, Peterson
and Parker 1998, Gardner et al. 2001). Rather, | intend
to point to areas where research might lead to rapid
and useful developments in scaling theory. | focus on
methods for extrapolating models from the typically
fine grain and local extent of their implementation, to
the larger scales at which we would like to see these
models applied. In this, | emphasize how ecological
processes, rather than patterns, can be scaled. While
we have made much progress in understanding how
patterns scale (e.g., Turner et al. 1989, Saura and Mar-
tinez-Milan 2001, Shen et al. 2004, Wu 2004), our
understanding of process scaling lags somewhat behind
(Tischendorf 2001, Wu and Hobbs 2002, Fortin et al.
2003).

Scale and scaling

In this discussion, | will adhere to the conventional
usage of scale by ecologists, defined in terms of grain
(or resolution)—the finest distinctions made in a data
set (or model), and extent—the scope of the study in
area or time. In lazy shorthand, small (or fine) scale
will refer to fine grain and small extent, while large
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(or coarse) scale will connote coarse grain and large
extent. Ecologists recognize that while nature itself has
fine grain and large extent, our measurements of nature
tend to have correlated grain and extent: studies over
small extent can record more detail, while studies over
larger extent tend to sacrifice grain for purely logistical
reasons.

There is a large and rapidly growing literature on
scaling laws, much of this in the context of complex
systems and self-organizing criticality (Milne 1988,
Schneider 2001, Strogatz 2001). From this, it can be
noted that some very simple and general mechanisms
can lead to power-law relationships. These include, for
example, gain and loss functions that are lagged or
partly coupled in space or time. Thus, the partialy
decoupled processes of local extinction and recoloni-
zation in habitat patches can lead naturally to the fa-
miliar species—area relationship, S5 cAz The typical
form of a scaling law, the power law (Eq. 1), describes
the allometric scaling of many ecological processes.
Another form of the same relationship is

Q(M)/Q(mg) 5 (M/my)° )

where m, is a measurement at a fine scale, mis some
larger scale, and the Q's are quantities associated with
measurements at those scales. This latter form makes
it easier to define the scope of the observation system,
expressed in terms of the grain (minimum resolution,
m,) and extent (maximum extent, m) of measurements
(Schneider 1998, 2001). Scope definesthe scale domain
over which the power law holds. (Without defining the
scope, the implication is that the law holds over all
scales.)

Models are the principle vehicle for scaling and ex-
trapolation in ecology (Rastetter et al. 2003, Peters et
al. 2004). Respecting the scope of a model is especially
important in landscape- or larger-scale extrapolations,
as an explicit goal in such applications often is to push
the model beyond the scope of the data used to build it.

A hierarchical perspective (Allen and Starr 1982,
O’ Neill et al. 1986, Urban et al. 1987) provides a useful
heuristic framework for scaling: we scale correctly by
beginning at one grain and extent, then increasing ex-
tent—probably encountering new constraints and new
interactions in the process—and then collapsing the
grain to define a new, higher level for analysis. In scal-
ing models, this implies extending detailed, fine-scale
simulators to the landscape scale, then finding ways to
simplify these extended models so that they can be
exercised usefully at larger scales.

There have been several synthetic studies of scaling
with models. King (1991, see also King et al. 1991)
and Rastetter et al. (1992) considered several methods
for extending models across scales. Levin and Pacala
(1997) emphasized methods to simplify modelsin scal-
ing, noting that, while direct extrapolation to large
scales might provide awealth of model output, it would
not necessarily provide any greater insight into the sys-
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tem. Urban et al. (1999) considered the relative merits
of sampling approaches (i.e., distributed models),
“bruteforce’” model extensions (i.e., use abigger com-
puter), and alternative scaling methods (see below).
Rastetter et al. (2003) illustrated model-based extrap-
olations based on the rich data infrastructure of the
Long-term Ecological Research (LTER) network. Mill-
er et al. (2004) reviewed model-based extrapolations
with an emphasis on species distributional (e.g., hab-
itat) models. They addressed the statistics of extrapo-
lation, including an emphasis on the propagation of
uncertainty in model-based extrapolation. Wu et al. (in
press) directly addressed uncertainty issues in scaling.

Peters et al. (2004) focused on the role of ‘‘space”
in model-based extrapolation, considering a range of
ecological applications that would seem to require an
explicitly spatial model. They distinguished among
nonspatial models, implicitly spatial models in which
the model is nonspatial but the data that drive it are
spatially structured, and explicitly spatial models that
directly simulate neighborhood interactions or conta-
gious processes. While noting that many ecological ap-
plications can be addressed with simple models (non-
spatial or implicitly spatial, see also Roughgarden
1997), several instances seem to require explicitly spa-
tial approaches (see also Strayer et al. 2003). These
situations include nonlinearities and thresholds, time
lags and system-level feedbacks, and neighborhood in-
fluences or contagious processes. These situations, of
course, are precisely the cases that make landscapes so
interesting!

Inall of this, an underlying motivation istheimplicit
trade-off between model complexity—its *‘realism” —
and its tractability or reliability. Making a model more
realistic might make it more accurate (given sufficient
understanding and data to implement it), but this de-
creases its precision because of the error associated
with its estimation (Rastetter et al. 1992). This trade-
off, sometimes posed as atension between sins of omis-
sion and sins of commission (Peters et al. 2004), mo-
tivates the goal of simplifying a fine-scale model to
provide larger-scale extrapolations.

An alternative to a computationally demanding,
brute-force model extension is to simplify a model at
coarse scale and large extent, reformulating it explicitly
in terms of fine-scal e processes—an approach we might
term ““elegant force.” Methods for reformulating mod-
els include moment closure methods, compelling be-
cause they can yield a larger-scale expression of the
initial model in closed form solution (e.g., Rastetter et
al. 1992, Dieckmann et al. 2000). Similarly, Moorcroft
et al. (2001) were able to extend a stochastic forest gap
model to very large scales by deriving a size- and age-
structured (SAS) approximation of the mean behavior
of the gap model. Alternatively, in aBayesian approach
(Ellison 2004), detailed models might be used to pro-
vide informative priors for a coarse-grain, large-scale
model—given some data to fit the coarse-scale model.
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In ahierarchical Bayesian approach, alarge-scale mod-
el can be assembled directly from nested models at finer
scales (e.g., Wikle et al. 1998, Clark 2003). Here, |
illustrate another approach in which a fine-scale model
is used to parameterize alarger-scal e abstraction of the
fine-scale model. The abstraction is essentially a model
of the finer-scale simulator, a meta-model. This ap-
proach is amenable to any simulation model (see Wil-
liams et al. 1997 for an example using a soil—plant—
atmosphere model), but is especially compelling for
complicated, unwieldy simulators.

CASE STUDIES. SCALING FROM INDIVIDUALS
TO LANDSCAPES

A natural starting point for scaling from individuals
to landscapes is individual-based simulation models
(e.g., Dunning et al. 1995). Given object-based pro-
gramming languages and software tools, thisis an in-
creasingly easy way to encode and implement the nat-
ural history and ‘‘ecological first principles” of indi-
viduals, integrating these to the population, commu-
nity, or ecosystem level (DeAngelis and Gross 1992,
DeAngelis and Mooij 2003).

Two case studies illustrate how these models can be
scaled to a much larger extent. The first case is con-
cerned with extending forest gap dynamics to very
large spatial scales, while the second aims to extend
forest bird behavior and demography to regional meta-
populations. In both cases, a detailed, fine-scale model
is used to inform a larger-scale model that is faithful
to the details but still manageable at very large scales.

Scaling forest dynamics from trees to landscapes

The essence of the ecological scaling dilemma in
forest ecology is this: we know a lot about trees, afair
bit about forest stands, but not very much about for-
ested landscapes or regions; yet it is at these larger
scales that management and policy apply.

Two kinds of forest models are especially well de-
veloped. Gap models simulate individual treesand their
interactions to generate aggregate stand-level behavior
(e.g., Shugart 1984, Botkin 1993). Stand models sim-
ulate the behavior of a stand directly, with the stand
summarized in terms of average stature, compositional
type, size distribution, or some other aggregate mea-
sure. These include Markov processes, stage (age or
size class) transition models, regression-based models
such asyield tables, and so on. At the landscape scale,
many models are extended versions of stand models
(Weinstein and Shugart 1983, Baker 1989, Mladenoff
and Baker 1999).

In afirst-order Markovian forest model, the state of
the system comprises a vector x summarizing the dis-
tribution (area or proportions) of the study areain each
of i 5 1, mforest types, and an m 3 m matrix P of
transition probabilities or rates p;. The models are ap-
pealing because of their versatility and tractability
(Usher 1992, Urban and Wallin 2002), yet they can be
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difficult to parameterize. For example, Horn (1975) es-
timated transition probabilities by observing the inci-
dence of seedlings of various species under the cano-
pies of full-size trees; the assumption was that eventual
tree replacement patterns could be inferred from rel-
ative stem densities under each tree. Of course, dif-
ferences in growth and survival related to tolerance
and episodic vagaries of nature render such assump-
tions overly simplistic; yet direct empirical estimates
of transitions that take place over decades are well
beyond the scope of most field studies. Over larger
scales encompassing a variety of stand types and en-
vironmental settings, the empirical task becomes even
more daunting.

Acevedo et al. (1995, 1996) developed an alternative
approach. They began by using agap model to simulate
the establishment, annual diameter growth, and even-
tual mortality of each tree on the plot (tensto thousands
of stems) subject to a variety of species- and size-
specific functions (Shugart 1984, Urban and Shugart
1992). In the model, they classified each model plot (a
10 3 10 m grid cell) to a discrete forest type, defined
on species composition and size structure. At each time
step, each plot was reclassified and instances were tal-
lied when a plot changed from one type to another.
Accrued over along simulation (e.g., 10000 yr), these
tallies summarize the transitions that define a Markov
process (see Allen and Shugart 1983 for anillustration).
The resulting Markov model is thus parameterized in
away that isfaithful to our best understanding of forest
process as implemented in the fine-scale model, but in
a form that can be applied at much larger scales. In
particular, ecological processes such as facilitation and
inhibition can be calibrated into the meta-model, to the
extent that the gap model can generate these (see Hus-
ton and Smith [1987] and Smith and Huston [1989] for
illustrations).

Acevedo et al. (1995, 1996) actually used the tran-
sition tallies to estimate a semi-Markovian simulator
that incorporated fixed lags and distributed transitions
that more realistically reflected the successional tran-
sients, an extension that only slightly complicates the
parameterization. Acevedo et al. (1995) used a similar
approach to develop a model that could simulate forest
succession over an elevation gradient. In this, the gap
model was run in Monte Carlo fashion over a range of
elevations, and semi-Markovian transition probabilities
were modeled in terms of current state, time, and el-
evation (a proxy for temperature, via lapse rates).

More generally, Urban et al. (1999) illustrated that
this approach could be used to generate a variety of
coarser resolution meta-models. For example, they
used the same gap model (based on Urban et al. 1993)
to develop acellular automaton, a semi-Markov model,
and a stage-based transition model framed in terms of
tree diameter classes per species (see also Garman
2004). Each of these model forms had particular
strengths and weaknesses. The cellular automaton was
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especially effective in modeling spatial processes (fire
spread, seed dispersal) while providing only crude suc-
cessional transients. The semi-Markov model provided
much more realistic transients, but ignored spatial pro-
cesses. The stage-based model was especially amenable
to exploring timber-management scenarios, as these
treatments are framed in terms of species and diameter
selections. Urban et al. (1999) suggested that this same
approach could be generalized to derive a wide range
of application-specific meta-models. That is, particular
details can be abstracted into meta-models of various
forms, depending on the application. Acevedo et al.
(2001) have simplified this approach by largely auto-
mating the model estimation process, from initial gap-
model simulations to final calibration of the meta-
model.

Thus far, relatively little has been done with these
meta-models to gain a more compact understanding of
or more general predictions about landscapes. But there
is plenty of raw material available. The cellular autom-
aton meta-model MetaFor (Urban et al. 1999) provides
an illustration. MetaFor incorporates the basic agents
of pattern formation in forested landscapes (Urban et
al. 1987, 2000): the physical template, expressed in
this case as gradients in temperature and soil moisture
over arange of elevation; biotic processes, represented
by successional relationships mediated by species tol-
erances to cold and drought, as well as local seed dis-
persal; and disturbance, here as contagious fire, rep-
resented by fire spread conditioned on forest age (fuel
load) and soil (fuel) moisture. The meta-model was
built from and calibrated to a more complicated gap
model implemented and tested for Sierran mixed-co-
nifer forests (Miller and Urban 1999, Urban 2000, Ur-
ban et al. 2000).

Asatutorial onlandscape pattern evolution, M etaFor
was run in a factorial design on a hypothetical land-
scape with/without an environmental gradient and with/
without local seed dispersal. Three representative spe-
cies were included: ponderosa pine (Pinus ponderosa),
white fir (Abies concolor), and lodgepole pine (P. con-
torta). White fir grows faster than either pine. Impor-
tantly, each species grows best at mid-elevations.
Through competition, ponderosa pine is displaced to
lower elevations dueto itslower growth rate but higher
tolerance to drought (which increases at lower eleva-
tions). Lodgepole pineis displaced to higher elevations
due to its slower growth but better cold tolerance (it
is also least tolerant of drought). This result is as sim-
ulated by the gap model and is consistent with the
general patterns suggested by Smith and Huston
(1989). The factorial model experiment illustrates nice-
ly the implications of interactions among competition,
gradient response, and local dispersal in generating
spatial pattern (Fig. 1) as well as relative abundance
patterns (Fig. 2). In particular, in the *‘gradient 1 local
dispersal” case (lower right panel in Figs. 1 and 2),
the effects of competition and mass effects are both
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apparent: each of the species occupies its ‘‘ character-
istic” elevation range, dominance within these zones
is amplified by mass effects, and the ecotones are re-
inforced by local dispersal.

While simple and intuitive when presented in this
way, this illustration also has a more profound impli-
cation for large-scale studies of forests. Given com-
petitive hierarchies and local dispersal, in general itis
not possible to infer the environmental tolerances of a
species from observations of its abundance. That is,
the environmental mode for a species need not (and
generally does not) occur where the species achieves
its best demographic performance. At a fine scale, we
already know this; thisisakey distinction in the Hutch-
insonion concept of the fundamental as compared to
realized niche. Despite this, we often use species abun-
dances at larger scales to estimate environmental tol-
erances (e.g., lverson and Prasad 1998). Somewhat
ironically, this result, illustrated so nicely with gap
models, also invalidates the scheme by which most
early gap models were parameterized from species
range data (e.g., Botkin et al. 1972, Shugart 1984).

The meta-modeling approach is not a panacea for
landscape-scale applications. Because it is defined to
reproduce selected behaviors of the fine-scale model,
the meta-model can only be as good as the original
model. Thus, for a fine-scale model that is not well
validated, the meta-model extension represents the
large-scale implications of a working hypothesis as
compared to a specific prediction. In trade, the simpler
meta-model might yield new insights into large-scale
behaviors of the system, simply by jettisoning the over-
whelming detail of the fine-scale model. Indeed, for
some forms of meta-models there can be an analytic
solution (e.g., Acevedo et al. 1996).

If a model is a simplification of a real system then
ameta-model is doubly simplified, in that only selected
features are abstracted to the meta-model. Urban et al.
(1999) recommended using the models in combination:
the detailed model is used to derive a meta-model, the
meta-model is used to pose hypotheses or explore im-
plications at large scale and coarse resolution, but the
detailed model is retained to examine special cases
(e.g., conditions near thresholds, complicated transient
behaviors).

There is much to explore in this realm. For example,
we know that the fine-scal e detail s of dispersal can have
qualitative implications for forest dynamics (e.g., via
fat-tailed dispersal kernels; Clark et al. 1998, 1999).
Intriguingly, tree dispersal kernels are scaled similarly
to topographic pattern (Urban et al. 2000), inviting the
possibility for interference or resonance between de-
mographic process and environmental constraints.
Likewise, details about species-specific or size-specific
growth and mortality rates are important in gap models
for which these field measurements are available (e.g.,
Pacala et al. 1993, 1996). Thus, it is crucial that larger-
scale modelsincorporate the fine-scal e detail s that mat-

w
S
@
0,
—
-
@
QD
-+
c
q
®




(<b]
|-
)}
fraw}
@
(¢b]
LL
<
(@)
(¢b]
o
(0p)

2000 DEAN L. URBAN

No gradient

Gradient
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Dsperal

Fic. 1. Illustration of feedbacks between gradient response and seed dispersal in a competition-mediated cellular autom-
aton, called MetaFor. In the lower panels, the gradient runs from hot/dry to cold/wet from bottom to top of the figure. In
the right panels, dispersal is implemented as a cellular automaton with eight-cell neighborhoods. Species are ponderosa pine
(orange), white fir (green), and lodgepole pine (blue). Species ranks: for growth rates, whitefir - ponderosa pine =~ lodgepole
pine; for drought tolerance, ponderosa pine - white fir - lodgepole pine; for cold tolerance, lodgepole pine - white fir -
ponderosa pine. Maps are snapshots at year 1000 of a simulation from random initial conditions.

ter while also broaching new constraints and interac-
tions that emerge at larger scales.

Extending bird demography to regional
metapopul ations

There are many approaches to modeling metapop-
ulations, including patch-centered vs. landscape ap-
proaches (so-called “‘island” vs. ‘‘mosaic’’ models),
and there is a range of opinions about how the details
of these systems should be represented (see Belisle
2005). Here, | use one approach, an individual-based

“island”” model, to illustrate another example of meta-
modeling.

Urban and Shugart (1986) developed an individual-
based metapopulation simulator at atime when thistask
was near the limits of computational feasibility. Today,
there is much less computational constraint on the lim-
itsto the ecological richness that might beimplemented
into a spatially explicit, individual-based model
(DeAngelis and Mooij 2003). Still, the large scale of
conservation planning can make such models cumber-
some in application. More importantly, the data needed
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FiGc. 2. Species abundance patterns for the panels shown in Fig. 1. Abundances are tallied by rows, then plotted against
the elevation gradient. These are rotated from Fig. 1 for clarity; thus, abundances along the gradient (bottom to top in Fig.
1) are plotted right to left in Fig. 2. Species are ponderosa pine (orange), white fir (green), and lodgepole pine (blue).

to parameterize such models confidently are often lim-
ited, especially over large scales. This motivates a
search for more macroscopic approaches that can be
applied over very large scales, with rather limited fine-
scale data, and yet provide useful predictions about
metapopulation dynamics and their conservation im-
plications (Keitt et al. 1997).

Urban and Keitt (2001) turned to graph theory (Har-
ary 1969) as a more general framework in which to
examine patterns of connectivity in landscapes. A
graph is a set of nodes (points; here, as centroids of
habitat patches) and edges (lines connecting two
nodes if the patches are functionally connected, e.g.,
by dispersal). Graphs are used routinely in other dis-
ciplines to model networks of various sorts: trans-
portation, communication, computer networks, etc.
(Hayes 20004, b); in biology, graphs are used in sys-

tematics and food webs. Graph theory is extremely
well developed as a ‘‘pure math” discipline as well
as in practical applications (e.g., Gross and Yellen
1999, Wallis 2000).

In modeling landscapes as graphs, Urban and Keitt
(2001) illustrated how basic graph operations such as
shortest paths and minimum spanning trees could pro-
vide useful insights into landscape connectivity. Im-
portantly, while graph models appear quite simple vi-
sually, they nonetheless can incorporate a wealth of
ecological information about habitat suitability and dis-
persal behavior. For example, Bunn et al. (2000) fol-
lowed the protocol of Urban and Keitt (2001) but re-
fined the model by using resistance-weighted dispersal
distancesto define graph edges. In this, actual distances
are replaced by functional distances estimated to reflect
barriers or resistance to dispersal of each cover type
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within the landscape. Similarly, information about hab-
itat patches can be incorporated into the graph nodes.
For example, E. S. Minor, R. I. McDonald, E. A. Treml,
and D. L. Urban (unpublished manuscript) adjusted
patch area to reflect habitat quality, in effect reducing
carrying capacity and recruitment potential in marginal
habitat patches. Other details on habitat quality or de-
mographic behavior can be incorporated into the graph
depending on available data.

E. S. Minor and D. L. Urban (unpublished manu-
script) explicitly compared assessments based on a
graph model with the predictions of a spatially explicit,
individual-based metapopulation model (updated from
Urban and Shugart [1986]). They used Landsat The-
matic Mapper imagery and ground vegetation samples
to classify forests as potential habitat for the Wood
Thrush (Hylocichla mustelina), a neotropical migrant
of some concern to conservationists. They constructed
a graph model for the species, covering a broad region
in the North Carolina Piedmont centered on the cities
of Durham, Chapel Hill, and Raleigh (the Triangle).
The study area includes on the order of 10000 forest
patches, making direct simulation with the metapop-
ulation model rather cumbersome. Their approach was
to use the simulation model to establish the corre-
spondence between the detailed simulator and the graph
model, then use the graph model for regional assess-
ments.

The metapopulation simulator tracks each bird (ter-
ritorial breeders and nonterritorial floaters) in each hab-
itat patch of the landscape mosaic. Each year, each
breeder attempts a species-specific number of broods,
each with a typical clutch size. Breeding attempts
fledge young stochastically and each attempt may be
reduced by brood parasitism by cowbirds (Molothrus
ater) or lost to nest predation. Parasitism and predation
are edge effects in that their incidence (probability)
increases with proximity to a nonforest edge. Fledg-
lings disperse stochastically in search of unoccupied
breeding habitat; carrying capacity for each patch is
defined in terms of territory size for the species. Dis-
persal probabilities are based on between-patch dis-
tances, assuming a negative-exponential dispersal ker-
nel estimated from published banding studies (see Han-
ski and Ovaskainen [2000] and Ovaskainen and Hanksi
[2001] for a similar approach).

While the metapopulation simulator is quite com-
plicated in terms of its demographic bookkeeping, the
simulator and graph model use exactly the same input
in terms of habitat descriptions and dispersal proba-
bilities; the habitat patches become graph nodes and
the dispersal probabilities are used to define graph edg-
es. Thus, the graph becomes a meta-model by incor-
porating the essential details of the simulator. The
graph analysis, however, can be extended to habitat
mosaics that are orders of magnitude larger than can
be simulated with the detailed model.

Ecology, Vol. 86, No. 8

E. S. Minor and D. L. Urban (unpublished manu-
script) found general agreement between the detailed
simulator and the graph model, in that the two models
identified most of the same patches as being important
to regional metapopulation persistence (Fig. 3). This
suggests that the graph model, defined in terms of rel-
evant ecological details, can be used to extrapolate
these details over much larger scales. Minor iscurrently
conducting field surveysto confirm that the predictions
of both models are supported by census data. In this
validation effort, the graph model also serves as a sam-
pling template, providing a vehicle for selecting field
sites to test the model efficiently (Urban 2000, 2002).
That is, candidate sites for field censuses are selected
from the landscape by stratifying sites over a range of
size and connectivity as defined by the graph model.

Graph-theoretic models seem quite promising for ap-
plications couched in metapopulation theory: basic
graph operations can address both source-sink (Pulliam
1988) and spreading-of-risk (Levins 1969) conceptual
models (Urban and Keitt 2001). Yet we have only
scratched the surface of available theory. For example,
Franc (2004) explored metapopulation dynamics as ep-
idemiological contact processes on graphs, and high-
lighted key results in connectivity that depend only on
the degree distribution of the graph. The degree of a
node is the number of edges connected to it, and the
frequency distribution of degrees for a graph can, in
some cases, index the behavior of the graph indepen-
dently of the graph’s actual topology; sometimes the
mean degree is sufficient. Such relationships have re-
ceived considerable attention in network analysis, for
example, in analyzing how computer viruses spread on
the Internet (Strogatz 2001). These studies focus on
how the structure of the graph predicts its dynamical
behavior and resilience to node loss; again, the parallel
to conservation applications couched in metapopula-
tion theory is quite clear.

A graph-theoretic perspective might provide useful
insight in reconciling ‘** patch-based” and ‘‘landscape-
scale’’ assessments in metapopulation or landscape
studies (e.g., Lee et a. 2002). In the former, the goal
isto predict species occurrence, abundance, or diversity
in terms of patch-level descriptors such as size (area),
shape (edge/area ratio), or isolation (measured in var-
ious ways). In the latter approach, average or synthetic
indices at the landscape scal e are used to predict overall
abundance, persistence or diversity; examples include
the predictions of neutral-model landscapes framed in
terms of habitat amount ( p) and contagion (H) (Gard-
ner et al. 1987, With and King 1997, King and With
2002). In agraph, levels of organization can be defined
as separate subgraphs (i.e., connected components, Fig.
3 top), based on a specified threshold distance (Urban
and Keitt 2001). If these components are scaled ap-
propriately to dispersal, patchesin the same component
should behave similarly over time compared to patches
in different components. Thus, graph components pre-
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2003

Fic. 3. Correspondence between results of an individual-based, spatially explicit metapopulation simulator and macro-
scopic graph-theoretic assessment of the same landscape. Patches are contiguous cells of potential habitat, as classified from
Thematic Mapper imagery. Top panel: graph of the landscape, with nodes at patch centroids and edges drawn for those
patches within 2500 m distance. While this graph is largely connected, note locations (red arrows) where loss of a node
would cut the graph into separate components. Darker patches are more important to population persistence. Lower panel:
patches shaded similarly, based on their importance estimated with an individual-based, spatially explicit simulator.

sent themselves as natural levels of analysis for land-
scapes. This perspective is easily reconciled with
patch-level analyses. the component to which each
patch belongs could be entered into a regression as a
dummy variable; a significant effect for this dummy
variable would indicate higher-level organization than

the patch scale. (Reciprocally, this same result, if
strong, would suggest that patches in the same com-
ponent were pseudoreplicated in that their populations
would not be strictly independent.) Importantly, the
graph model provides a rigorous framework within
which the node (patch), component, and graph (land-
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scape) levels can be reconciled explicitly. By exten-
sion, if one were to define graph components over a
range of threshold distances (see Urban and Keitt 2001
for an illustration), this dummy-variable testing ap-
proach could be used to infer which distance best
matches the data, and by implication, best reflects the
natural scaling of the species relative to landscape pat-
tern.

CoNCLUSIONS AND ProsPECTUS

While we have had some success in extending de-
tailed models to larger scales, we have made less pro-
gressin generating useful insights at these larger scal es.
Many applications have been concerned with simply
“filling in the map™ (a single prediction), rather than
analyzing the model to discover general insightsarising
from the fine-scale processes. At the same time, mod-
eling applications concerned with general theory often
have been quite abstract, divorced from the rich natural
history and complicated pattern of real species on real
landscapes. Our challenge is to reconcile these ap-
proaches, to generate theory based on the implications
of natural history and fine-scale processes as these are
expressed at larger scales.

Testing this theory will pose a challenge. The meta-
modeling approach implies three levels of tests: vali-
dating the detailed, fine-scale model, verifying that the
meta-model faithfully matches the detailed model, and
validating the meta-model over larger scales. Garman
(2004) illustrates several such tests. While we are be-
coming more sophisticated about model testing in gen-
era (e.g., Canham et al. 2003), the lack of detailed data
over large scales will continue to be an issue. One
approach to testing the theory will be to use the models
themselves as sampling frames, so that field data can
be collected as efficiently as possible and with maxi-
mum information for model tests (Urban 2000, 2002).

Another compelling challenge is to determine which
fine-scale details actually matter at larger scales. Inthis,
the compact efficiency of simplified models such as
meta-models provides a useful approach. By abstract-
ing different details into a series of meta-models, we
can generate competing models that can be evaluated
against the same data. The model-selection process
then becomes a means of determining which details are
most important at the larger scale. For example, the
forest patterns generated by four versions of MetaFor
(Figs. 1 and 2) might be compared to patterns censused
in the field or mapped from high-resolution imagery.
Similarly, competing graph models (Fig. 3) could be
generated by making different assumptions about dis-
persal capabilities, and tested against census data tac-
tically collected over a range of (modeled) connectiv-
ity. This competing (meta)-model strategy would seem
to offer away to push our theory to larger scales with
statistical rigor and efficiency.

| have pointed to a few alternative approaches to
model scaling, from elegantly analytic (e.g., moment

URBAN Ecology, Vol. 86, No. 8

closure methods) to less elegant but more generally
accessi ble meta-modeling techniques; other approaches
such as hierarchical Bayesian models are also prom-
ising. Regardless of the approach, the challenge cur-
rently isto find useful generalizations at the landscape
scale, general insights phrased in macroscopic terms
while still respecting the ecological detailswe celebrate
at finer scales.
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TaBLE 3. Landscape pattern models.

2011

Type of landscape
pattern model

Data

Ecological considerations

References

Island

Patch-matrix-corridor

Habitat variegation

Gradient concept

Environmental domains

habitat/nonhabitat (for
all species)

habitat/nonhabitat, dis-
persal pathways (for
all species)

grades of habitat suit-
ability, dispersal path-
ways

environmental data,
knowledge of species
response to environ-
ment

ecologically relevant en-
vironmental variables

Sharp discontinuities, uninhabitable
matrix, habitat is static and iden-
tical for all species

Sharp discontinuities, uninhabitable
matrix, habitat is static and iden-
tical for all species

Habitat is static and identical for all
species.

Species respond to environment as
pattern gradients at different in-
tensities (resolutions).

Habitat is determined by defined
combinations of environmental
drivers.

MacArthur and Wilson
(1967), Rosenzweig
(1995)

Forman (1995)

Mcintyre and Hobbs
(1999)

McGarigal and Cushman
(2005)

Leathwick et al. (2003)

certainty is rarely considered (cf., Pascual et al. 1997).
They can be evaluated by changing model structures
and dependencies, re-estimating parameters and reas-
sessing management options. If alternative structures
lead to different decisions, then landscape planners
may choose among or average over alternatives (e.g.,
Fig. 1a), or take decisions that lead to acceptable out-
comes, irrespective of which model is correct.

While the potential for relatively comprehensive ex-
amination of uncertainty exists in most population
modeling frames, in many applications, such analyses
are cursory or entirely absent. For instance, spatial pop-
ulation models do not account for the range of uncer-
tainties in the underlying habitat maps outlined above.
Until recently, most have ignored temporal habitat dy-
namics, interactions between multiple species and cor-
relations in environmental conditions between spatially
separate patches of habitat. Population modeling would
be strengthened by new research on these issues.

Like habitat models, the choice of a modeling frame
should not depend on the availability of relevant skills
but in practice, it often does. Perhaps the most difficult
issue of all isthat spatial population modelstreat single
species. Few applications support analyses of multiple
interacting speciesin dynamic landscapes. Spatial pop-
ulation models provide managers with a tool for ex-
ploring the trade-offs and assumptions surrounding
management alternatives. Their detail and spatial scale
are flexible and can be modified to suit case-specific
questions. However, as long as they remain focused on
single species, their utility will remain limited to solv-
ing iconic and economically important problems. Ad-
vances in methods for considering multiple species
would be particularly useful.

LINKING MANY SPECIES TO A LANDSCAPE THROUGH
PATTERN ANALYSIS

Forman’s (1995) concept of landscape pattern was
an attempt to reconcile the absence of direct infor-
mation about the majority of species with the need to

make decisions about how to manage landscapes. L and-
scape pattern models characterize the size, shape and
arrangement of elementsin alandscape and relate them
to environmental variables that maintain species di-
versity and ecological processes. They include the is-
land model (MacArthur and Wilson 1967; see review
by Haila2002), Forman’s (1995) patch-corridor-matrix
mosaic, and models that focus more on gradients such
as habitat variegation, the gradient concept and envi-
ronmental domains (Table 3). Landscape patterns de-
fined by these models may be quantified with pattern
indices that measure heterogeneity, spatial contagion,
fractal dimension, connectivity and so on (e.g., O’ Neill
et al. 1988, Li and Reynolds 1994), although attributes
relevant for a specific question, and the scale at which
they should be evaluated, need to be defined in terms
of the organisms' characteristics (Lindenmayer et al.
2002, Moilanen and Nieminen 2002, With 2004,
McGarigal and Cushman 2005).

In general, landscape pattern models ignore uncer-
tainty. Indices of spatial pattern are uncertain because
habitat quality is heterogeneous within patches, and
gradients vary with different stages of an organism’s
life history, with ecological succession and following
disturbance (Whittaker et al. 1973, Austin 1999, Fox
and Fox 2000). Different species use landscapes dif-
ferently and at different scales, making it difficult to
abstract landscape propertiesin away that makes sense
for all, or even for most, species (Wiens 1994, Manning
et al. 2004). For example, Fig. 3 illustrates habitat pat-
terns for a bird, a mammal, and a beetle in northeast
Tasmania: species that use the landscape at different
spatial scales. Some of these uncertainties are quanti-
tative and others are qualitative and subjective, making
it difficult to represent them all with asinglereliability
measure. However, the ecological reasons for choosing
an index often are not provided, few measures are used
consistently in different studies, many are scale de-
pendent and they provide no measures of uncertainty
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(Cale and Hobbs 1994, Moilanen and Hanski 2001,
Dungan et al. 2002, Lindenmayer et al. 2002, Wu
2004).

One problem with several of the landscape pattern
methods is that they present maps with hard bound-
aries. In reality, transition zones in nature are not usu-
aly sharp. One way of dealing with uncertainty in
boundaries is to avoid creating them, instead viewing
patterns in biodiversity as a continuum (Ferrier 2002,
Faith 2003, McGarigal and Cushman 2005). Fuzzy set
theory can address intermediate classes and indeter-
minate boundaries in maps (Arnot et al. 2004). Nev-
ertheless, uncertainties in pattern maps usually are not
communicated (cf., Elith et al. 2002) and rarely con-
tribute to decision making.

The choice of a modeling frame within which to
represent landscape pattern carries with it many as-
sumptions about the grain and extent of the landscape
and the ways in which species respond to landscape
management (Dungan et al. 2002, McGarigal and Cush-
man 2005). Like habitat and population models, the
choice of the modeling frame should not depend on
conventional acceptability or the availability of rele-
vant skillsbut in practice, it often does. Theimportance
of the choice may be explored by characterizing aland-
scape within two or more frames and examining if the
choice makes a difference to management decisions. If
it does, the landscape planner is obliged to explore
further the ecological foundation for the choice, or to
make decisions that deliver acceptable outcomes, ir-
respective of the choice of a frame.

MANAGING LANDSCAPES

Landscape managers are aware that explicit single
and multiple species models do not deal explicitly with
most things of value in a landscape. Managers make

Ecology, Vol. 86, No. 8

Fic. 3. Habitat maps for three species: (a)
Yellow-tailed Black Cockatoo (Calptorhynchus
funereus), (b) spotted-tailed quoll (Dasyurus
maculatus), and (c) Simson’s stag beetle (Ho-
plogonus simsoni); and (d) a landscape contour
map, based on the habitat maps for the same
three species. Contours are constructed by over-
laying habitat suitability maps for individual
species. Darker regions are relatively suitable
for many species. The maps are a4 3 3.5 km
section of the region in Fig. 2, in northeast Tas-
mania.

decisions, despite the complexities of ecosystems.
These circumstances have precipitated a scramble of
ideas to assist managers to make decisions with at |east
some ecological support. Several of these approaches
are outlined below, each of which carries assumptions
about habitat, population dynamics, and ecological re-
sponses to change.

Ideas about landscape pattern have contributed to
strategies for management. The island model suggests
reserves close together are better than reserves far
apart, and the patch-corridor-matrix model further sug-
gests that reserves connected by a corridor are better
than isolated reserves (see reviews and critiques by
Gilbert 1980, Burgman et al. 1988, Simberloff 1988,
Doak and Mills 1994, Haila2002, Manning et al. 2004).
However, it is difficult to find simple guidelines built
on these concepts that result in effective conservation
strategies in a variety of circumstances for a range of
species. Empirical research shows that the beneficial
effects of corridors depend on their width, length, lo-
cation in the landscape, the extent to which the matrix
is used by species of interest, and the type and pattern
of land use in the matrix (Hobbs 1992, Lindenmayer
and Possingham 1996, Rosenberg et al. 1997, Beier
and Noss 1998, Bennett 1998). On the negative side,
corridors may exacerbate the spread of weeds, pest an-
imals, diseases, and fires, and connect high-quality hab-
itat patches to population **sinks’” (Harrison and Bruna
2000).

The island model led to the premise that species-
poor, small, habitat patches support subsets of assem-
blages from larger, species-rich patches, termed nested
subset theory (see Table 3 for references; see Fischer
and Lindenmayer 2002). This theory leads to a focus
on large patches, at the expense of smaller and more
isolated patches. Nested subset theory and island the-



