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Abstract. In ecology, populations may be linked conceptually with landscapes through
habitat and spatial population models. Usually, these models deal with single species and
treat a range of uncertainties implicitly and explicitly. They assist managers in testing
different management scenarios and making strategic decisions. Landscape pattern analysis
was the first attempt to deal with multiple species, and it led to a range of landscape
management strategies. Advances in landscape ecology, driven largely by the pragmatic
needs of conservation, are building approaches to multispecies management that have
stronger ecological foundations. However, their treatment of uncertainty is in its infancy.
In this paper, we provide examples to illustrate some of these issues. We conclude that one
of the most important sources of uncertainty is the choice of the modeling frame. We
recommend that landscape planners use different kinds of models, identify important sources
of uncertainty that may affect planning decisions, and seek options that are likely to result
in tolerable outcomes, despite uncertainty.

Key words: decision theory; focal species; habitat maps; landscape ecology; metapopulations;
nested subsets; reserve design; spatial pattern.

INTRODUCTION

Habitat loss causes losses of biodiversity worldwide
(Fahrig 2003, Hobbs and Yates 2003). Forman (1995,
Forman and Godron 1986) sparked conservation in-
terest in landscape ecology by predicting that species
and ecological systems may be conserved by managing
landscape-scale patterns and processes. Hanski and
Gilpin (1991) predicted the merger of ideas in land-
scape ecology, community ecology, and metapopula-
tion theory. A synthesis has not yet occurred, in part
because they employ different jargon and use different
analytical tools (Moilanen and Hanski 2001). In fact,
perspectives have become more divergent. The range
of tools has multiplied without a critical evaluation of
their role in the broader context of making decisions
to conserve landscapes.

The objectives of this paper are to outline approaches
to modeling in landscape ecology, to document their
uncertainties, and to evaluate ways of using them to
make decisions under uncertainty. In particular, we will
point towards new developments that might improve
the ways in which uncertainty is acknowledged and
included in decision making. This topic is important
because unacknowledged uncertainty leads to optimis-
tic expectations that cannot be satisfied, to the misdi-
rection of scarce conservation resources, and to actions
that are blind to substantial qualitative and quantitative
uncertainties that, if they were apparent, would lead to
different decisions.
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In the first part of this paper, we outline briefly the
broad conceptual frameworks for linking species with
their landscapes, namely habitat models and spatial
population models, and examine how they deal with
uncertainty. In the second part, we explore conceptual
responses to the more difficult issue of managing mul-
tiple species, and how these concepts are translated into
practical management tools. Last, we evaluate synthe-
ses emerging in practical applications, how they are
used to conserve species at a landscape scale, and how
they deal with uncertainty.

LINKING SINGLE SPECIES TO A LANDSCAPE

In broad terms, landscape managers create concep-
tual and quantitative models to simplify problems and
guide decisions, usually employing a specific set of
skills that result from training and context. A conse-
quence is that the choice of a kind of model (here
termed the ‘‘modeling frame’’) brings with it an un-
acknowledged set of biases and assumptions. Land-
scape ecology focuses on the link between the spatial
pattern of a landscape and the dynamics of the species
it supports. There are many ways to explore and char-
acterize this link. Commonly, the first step is to acquire
knowledge about the link through experiment or field
observation. To achieve this, landscape modelers need
to work with field ecologists to develop a sense of the
scale and context of practical problems. Models can
then be developed, often focusing on one species at a
time. These are usually habitat models or spatially ex-
plicit population models. The following section out-
lines the essential features of these modeling approach-
es, the conventions they have adopted for representing
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TABLE 1. Habitat modeling methods arranged by their demands for data (after Elith and Burgman 2003).

Type of habitat model Data References

Habitat suitability index Map(s) of variables and experts U.S. Fish and Wildlife Service (1980), Burg-
man et al. (2001)

Minimum convex polygons, al-
pha hulls, kernels

Locations only Ostro et al. (1999), Burgman and Fox (2003)

Climate envelopes, multivariate
distance methods

Locations and maps of variables Nix (1986), Carpenter et al. (1993), Hirzel et
al. (2001)

Resource selection functions Locations, random (available) loca-
tions, and maps of variables

Manly et al. (2002)

Generalized linear models
(GLMs; logistic regression),
generalized additive models
(GAMs), canonical correlation
analysis

Presence/absence (where absence is
unused locations or pseudo-ab-
sence) and maps of variables

McCullagh and Nelder (1989), Hastie and Tib-
shriani (1990), Austin (2002), Zaniewski et
al. (2002), ter Braak (1986)

GLMs or GAMs (Poisson re-
gression)

Abundance and maps of variables McCullagh and Nelder (1989), Hastie and Tib-
shriani (1990)

Decision trees, multivariate
adaptive regression splines
(MARS), machine learning
methods (e.g., neural net-
works, genetic algorithms)

In theory, many of these can be
adapted to any data.

Breiman et al. (1984), Stockwell and Peters
(1999), Moisen and Frescino (2002)

FIG. 1. Habitat models for Leptospermum grandifolium in
Central Highlands, Victoria, Australia. (a) An ‘‘average’’ hab-
itat model: a Bayesian model average (BMA) prediction for
the habitat of Leptospermum grandifolium. (b) Upper and (c)
lower 95% confidence intervals for the predicted probabilities
based on a generalized linear model. (d) A habitat model
based on DOMAIN, a multivariate distance method (Carpen-
ter et al. 1993).

uncertainty, and how the choice of a modeling frame
may affect landscape management decisions.

Habitat models

Habitat models link the distribution of a species di-
rectly to environmental variables, taking on a landscape
context when mapped in geographic space. Habitat
modeling methods suit a variety of data, contexts, and
skills. They include expert habitat suitability indices,

envelope methods, multivariate and statistical models,
and machine learning methods (Table 1). All can pro-
vide predictions of species distributions across a land-
scape, if the necessary data are available in a spatial
form at an appropriate scale. Fig. 1a provides an ex-
ample of a statistical model for a rare plant in southern
Australia, based on presence–absence records and spa-
tial environmental data (Elith 2000, Elith and Burgman
2003). Such models are used to guide biological sur-
veys, design reserves and set resource management pri-
orities.

Habitat maps usually are presented, used, and eval-
uated as if they were certain. In reality, there are nu-
merous sources of uncertainty. For instance, model
structure (choice of relevant variables, response shapes,
methods for combining and weighting variables and
accounting for spatial autocorrelation) is uncertain.
Habitat models are sensitive to uncertainty in the un-
derlying data layers and to the number, bias, accuracy,
and representativeness of species records. Disturbance
and other temporal dynamics make habitat maps un-
certain. Most habitat maps take a static view of the
relationship between a species and its environment, ig-
noring changes over time with ecological succession
and disturbance. Maps are empirical and based on cor-
relations and do not easily include causality. All of
these sources of uncertainty, and others, are present in
most habitat maps and should be recognized if we are
to identify problems, correct errors and account for the
uncertainty in predictions.

Elith et al. (2002) outlined a classification of uncer-
tainties in habitat models. At the highest level, it dis-
tinguished between epistemic uncertainty (uncertainty
in knowledge about facts) and linguistic uncertainty
(uncertainty based on language). It recognized mea-
surement error, bias, natural variation, model uncer-
tainty, and subjective uncertainty as forms of epistemic
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TABLE 2. Spatial population modeling methods.

Type of model Data References

Stochastic patch occupancy
models

Patch structure, occupancy, recolonization, and
extinction rates

Hanski (1994), Ovaskainen and
Hanski (2004), Moilanen (2004)

Frequency (population) model Patch structure, population sizes, dispersal, fe-
cundity, survival, carrying capacity, levels
of variation

Akçakaya and Ferson (1992), Ak-
çakaya (2001)

Cellular automata Grid-based environmental data, dispersal char-
acteristics, carrying capacity

Hogeweg (1988), Gaylord and
Nishidate (1996)

Continuous habitat quality meta-
population model

Each cell has habitat quality that affects ex-
tinction and colonization rates.

Gu et al. (2002)

Agent-based model Grid-based environmental data, behavioral
rules

Topping et al. (2003)

Individual-based model Distributions of individuals, high-resolution
habitat suitability data, behavioral rules

DeAngelis and Gross (1992),
Grimm (1999), Wiegand et al.
(2003)

uncertainty. Linguistic sources included vagueness (na-
ture and language have gradual boundaries), ambiguity
(words have more than one meaning) and underspe-
cificity (unwanted generality in data).

Many habitat modeling methods, such as climate and
geographic envelopes, have no formal means of rep-
resenting uncertainty. Some methods are available to
deal with uncertainty explicitly, but different methods
reflect very different aspects. For instance, subjective
and linguistic uncertainties may be represented in hab-
itat suitability maps with fuzzy numbers (Burgman et
al. 2001). In contrast, parameter uncertainty in statis-
tical models may be represented with confidence in-
tervals. Fig. 1b and c show the 95% confidence inter-
vals for the ‘‘best estimate’’ of a regression model. The
bounds encapsulate parameter uncertainty and some of
the uncertainties in the input data. Often, several al-
ternative habitat models are plausible (e.g., Wintle et
al. 2004). Model uncertainty may be represented by
intervals that encompass several statistical models
(Burnham and Anderson 2002) or reduced by using
robust methods for model building (e.g., lasso, ridge
regression, boosting; see Hastie et al. 2001). Bias and
imprecision may be estimated by evaluating maps with
new field data (Elith and Burgman 2003) or explored
by simulating likely errors. Established methods char-
acterize how uncertainty propagates through models
(e.g., Heuvelink 1998). Whilst there are many tech-
niques for exploring, characterizing and reducing un-
certainty, most modelers fail to use any of them. We
suggest that the only way to broaden our understanding
of error and uncertainty and its impact on planning
decisions is to incorporate analyses of uncertainty in
modeling routinely.

Further, the decision to use a particular modeling
frame brings with it inherent uncertainties. For in-
stance, envelope methods based on climate variables
tend to overpredict habitat. Geographic envelopes
based on small samples tend to underpredict habitat
(Burgman and Fox 2003). Models that do not incor-
porate complex responses to environments, interac-
tions, or competition may be ecologically unrealistic

(Leathwick and Austin 2001, Austin 2002). We add
modeling frame uncertainty to Elith et al.’s (2002) tax-
onomy, a form of uncertainty in which the choice of a
modeling frame leads us to ignore a subset of the full
suite of epistemic and linguistic uncertainties.

The choice of a habitat modeling frame is usually
determined by available data and relevant skills. Rarely
is more than one frame applied, even though predic-
tions may be substantially different (e.g., Thuiller
2003). Thus, Fig. 1d represents a different, plausible
prediction for the distribution for the rare plant based
on multivariate distances, clearly outside the 95% con-
fidence intervals of the statistical model. The only way
to explore the impact of this kind of uncertainty is to
try different modeling frames. If the results lead to
different management decisions, the planner should ex-
plore the biological basis for the modeling frames, or
choose an option that gives a reasonable outcome, ir-
respective of which habitat model is right. We also
suggest that there should be a strong imperative for
modelers to understand and report the tendencies and
likely shortcomings of the modeling frame that they
use, rather than publish results that imply that their
preferred method is best and free of biases and errors.
All models are false, and understanding their strengths
and weaknesses will encourage informed use.

Spatial population models

Most habitat maps link presence or abundance to
environmental data but, as Van Horne (1983) pointed
out, the links between habitat occupancy, density and
demographic success are not necessarily close. Spatial
population models provide a bridge between habitat
maps and the demography and ecology of a species
(Fahrig 2003, in press).

Spatial population models encompass multiple mod-
eling frames. These include incidence functions, sto-
chastic patch occupancy models, frequency models,
agent-based models, cellular automata, and individual
based models (see Table 2 for references and exam-
ples). Metapopulation models assume more or less dis-
crete local populations that interact by migration and
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FIG. 2. (a) The ‘‘biodiversity spine’’ (black), a planning option for forest destined for harvesting and plantation conversion
in northeast Tasmania. The spine was designed around the idea of maintaining a spatial pattern that would facilitate dispersal
and a source of individuals for recolonization of disturbed patches in a forested landscape. It forms links with existing
reserves (gray). Biodiversity spines will be disturbed by forest operations but are intended to be managed for flora and fauna
values more intensively than the remaining landscape. (b) The probability of decline of Simson’s stag beetle (Hoplogonus
simsoni) in northeast Tasmania, with and without the biodiversity spine shown in (a). The lines are the cumulative probabilities
of falling below the specified threshold population size at least once in the next 100 years. The dotted lines show 95%
confidence intervals for the risk curves (Akçakaya 2001).

gene flow (Hanski and Gaggiotti 2004). All are driven
by some kind of spatial representation of a species’
habitat. However, the ways the models use spatial hab-
itat information are very different. Some incidence
functions and frequency models simplify the landscape
into habitat, nonhabitat, and dispersal pathways. For
instance, Akçakaya and Ferson (1992, Akçakaya 2001)
developed a spatial algorithm to interpret the size and
location of subpopulations and the connections be-
tween them, based on a habitat quality threshold and
neighborhood size. Thus, patch size and connections
may be conditioned by knowledge of a species’ be-
havior, social structure, and dispersal ability. In con-
trast, most cellular automata and individual-based mod-
els use spatial environmental data or habitat models
more directly. For example, Gu et al. (2002) developed
a spatial incidence function metapopulation model that
used habitat maps, regional (spatially autocorrelated)
disturbance, dispersal, connectivity, and local extinc-
tions.

Spatial population models deal explicitly with sev-
eral aspects of uncertainty. Population models typically
include natural variation with time-dependent model
parameters. Parameter uncertainty may be incorporated
in random samples of initial conditions. Many frame-
works model spatially explicit disturbances and chang-
es in habitat quality over time (Possingham 1996, Ak-
çakaya et al. 2004). The uncertain outcomes of alter-
native management options can be explored by rep-
resenting them as different model structures and
assumptions. The importance of changes in parameters
may be evaluated by comparing model outcomes with

those that result from models that are unchanged, the
usual focus of formal sensitivity analysis. For example,
Fig. 2a shows a planning option for forests in an area
of northeast Tasmania. The biodiversity spine is a plan-
ning concept based on landscape-planning principles.
The efficacy of this option in reducing the risk of pop-
ulation decline for Simson’s Stag Beetle was evaluated
with a frequency-based metapopulation model (Fig.
2b). A range of such options may be ranked in terms
of costs and benefits.

Parameter uncertainty alone may be large enough to
affect decisions based on population models (Taylor
1995, Beissinger and Westphal 1998, Ludwig 1999,
Reed et al. 2002). The choice of a population dynamic
modeling frame carries with it additional embedded
assumptions and simplifications, many of which are not
questioned closely in routine applications because they
are conventionally acceptable (cf., Brigham and Thom-
son 2003). Building models in different frames and
examining the consequences will test the importance
of these assumptions. For example, Mooij and De-
Angelis (2003) explored the propagation of uncertainty
in animal dispersal models in three modeling frames.
They concluded that building ecological realism into
complex models provides insurance against compound-
ing errors. In addition to simulation approaches, there
are likely to be theoretical and analytical solutions to
the problem of assessing the errors associated with a
model frame and this work would represent an exciting
new research direction.

Even within a given modeling frame, usually there
are alternative plausible models. Structural (model) un-
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TABLE 3. Landscape pattern models.

Type of landscape
pattern model Data Ecological considerations References

Island habitat/nonhabitat (for
all species)

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

MacArthur and Wilson
(1967), Rosenzweig
(1995)

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

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

Forman (1995)

Habitat variegation grades of habitat suit-
ability, dispersal path-
ways

Habitat is static and identical for all
species.

McIntyre and Hobbs
(1999)

Gradient concept environmental data,
knowledge of species
response to environ-
ment

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

McGarigal and Cushman
(2005)

Environmental domains ecologically relevant en-
vironmental variables

Habitat is determined by defined
combinations of environmental
drivers.

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 is that spatial population models treat single
species. Few applications support analyses of multiple
interacting species in 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. Land-
scape pattern models characterize the size, shape and
arrangement of elements in a landscape 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 Haila 2002), 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 properties in a way 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 a single reliability
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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FIG. 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 a 4 3 3.5 km
section of the region in Fig. 2, in northeast Tas-
mania.

(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-
ally 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 skills but in practice, it often does. The importance
of the choice may be explored by characterizing a land-
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

decisions, despite the complexities of ecosystems.
These circumstances have precipitated a scramble of
ideas to assist managers to make decisions with at least
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, Haila 2002, 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-
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ory focus on collective measures (assemblage com-
position and species diversity respectively), ignoring
species-specific information on dispersal, interactions,
recolonization, and the ability of populations to recover
from disturbance.

A common way to manage landscapes is to manip-
ulate the spatial pattern. For example, the planning op-
tion in Fig. 2 was devised by forest managers to con-
form with Forman’s (1995) patch-matrix-corridor mod-
el. Landscapes that retain corridors are assumed to be
more likely to maintain species because subpopulations
can recolonize empty habitat patches and exchange in-
dividuals and genes (Brown and Kodric-Brown 1977,
Haddad and Baum 1999). Reserves in Fig. 2 were con-
sidered to be refugia for many species. The ‘‘matrix’’
of relatively unsuitable habitat included areas destined
for harvesting and regeneration or conversion to plan-
tations, along with patches that were not scheduled for
harvesting. The spines provided connections, corridors,
and dispersal pathways between patches.

Another way to manage landscapes is to manipulate
spatial and temporal disturbances to mimic those of
‘‘natural’’ disturbance regimes (e.g., Hunter 1993, At-
tiwill 1994). This approach has many of the same as-
sumptions and uncertainties as the landscape pattern
models outlined above but it adds a temporal dimension
to account for dynamic change. Spatial dynamics such
as disturbance and vegetation succession have been
included in spatial population models by making patch
qualities and carrying capacities change over time
(Possingham and Davies 1995, Akçakaya 2001). Such
models have been further developed to include dynam-
ics such as fire explicitly (e.g., see examples in Ak-
çakaya et al. 2004). Uncertainty arises because the
characteristics of a natural disturbance regime can be
difficult to estimate and fire regimes are difficult to
manage (Burgman 1996, Richards et al. 1999).

Focal species are an attempt to provide landscape
managers with a direct link between landscape patterns
and the ecology of species. A ‘‘focal’’ species, the most
susceptible, is identified for each landscape attribute
such as patch size, connectedness and disturbance in-
tensity and frequency. It is the species that is likely to
experience the largest increase in extinction risk when
the attribute changes. Together, focal species have eco-
logical requirements that define the attributes (spatial
patterns) that meet the needs of the biota (Lambeck
1997). This definition uses the concept of ‘‘umbrella’’
species, whose protection will result in the protection
of most other species (see Fleishman et al. 2000). While
it is difficult to know which species are most sensitive
to each attribute (e.g., Brooker and Brooker 2002; see
Lindenmayer and Fischer 2003) and empirical evidence
is equivocal (Andelman and Fagan 2000), the method
provides a more concrete template for designing min-
imal landscape requirements for species persistence
than using spatial pattern alone. Assumptions could be
explored with empirical data and population models.

Habitat models provide decision support for single
species, whereas most real contexts demand judgments
for many species. The landscape-contour model is a
different attempt to link the ecological attributes of
many species to landscape patterns. Landscape con-
tours are composed of overlays of habitat suitability
contours for different species (see Fischer et al. 2004).
The spatial grain (Dungan et al. 2002) at which species
respond to their environment is reflected in different
contour densities (Wiens 1995). Fig. 3d provides an
example of a landscape-contour model for the three
species habitat models in Fig. 3a–c. As such, it rep-
resents a kind of a spatial average over species.

A common approach to managing biodiversity is to
protect species-rich hotspots (Mittermeier et al. 1998)
and other areas that contain unique assemblages of
plants and animals. Reserve design algorithms seek
comprehensive reserve systems, those that include a
complete array of known biodiversity (Pressey 1994,
Pressey and Cowling 2001). ‘‘Adequate’’ reserves aim
to support viable populations. Spatial population mod-
els and habitat models have been used to evaluate re-
serve design options (e.g., Armbruster and Lande 1993,
Moilanen and Cabeza 2002). Faith et al. (2003) de-
scribed ‘‘biodiversity viability analysis’’ in which they
estimated gains and losses in persistence of all species.
Desmet et al. (2002) addressed the need to design re-
serves to account for spatial and evolutionary pro-
cesses.

Because there are many species, and few data on
most of them, it is impossible to model a substantial
or representative set of species. This problem prompted
Ferrier et al. (2002) to develop generalized dissimilar-
ity modeling (GDM) to model the collective properties
of the biota through the compositional dissimilarity
(the b and g diversity) of sites. GDM combines biotic
samples and environmental data in a matrix regression-
based approach to predict compositional dissimilarities
between grid cells. Predictions from GDM can be used
to guide environmental classifications and to set pri-
orities for conservation areas (Ferrier 2002). The ap-
proach is particularly useful in highly diverse, rela-
tively data-poor regions, going beyond a few flagship
taxa to a more comprehensive consideration of the
biota.

The gaps between spatial population models and
landscape models are apparent to managers involved
in day-to-day decision making. Landscape models such
as Forman’s patch-corridor-matrix model lack explicit
ecological support. Habitat and spatial population mod-
els provide information on only one or a few species.
These concerns have led to the development of many
of the innovations outlined above. However, there is
no explicit recognition of uncertainty in corridor de-
sign, nested subsets, disturbance management, focal
species, landscape contours, reserve design algorithms,
or generalized dissimilarity modeling. Thus, even
though some inroads have been made into modeling
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uncertainty in habitat models, spatial population mod-
els and landscape pattern models, these developments
have not yet found their way into new, pragmatic man-
agement tools. And like the development of modeling
frames for habitats, populations and landscapes, the
choice of a landscape management model from among
those outlined above usually is determined by conven-
tion and available skills. Decisions in many contexts
will be sensitive to the choice, making it necessary for
the planner to justify the choice on ecological grounds
or to make decisions that give reasonable outcomes,
no matter which frame is adopted.

DISCUSSION

Uncertainty is pervasive in all levels of landscape
management for conservation. The importance of un-
certainty depends on the context of a decision and in-
creases with larger landscapes and longer time hori-
zons. Yet many forms of uncertainty are not acknowl-
edged in the models that support decisions. In some
cases, uncertainty is ignored altogether. One of the most
important and least recognized forms is the choice of
a modeling frame. It exists at all operational levels and
at all scales of ecological resolution, from single-spe-
cies habitat modeling to landscape management. The
question then arises, how can pervasive and unac-
knowledged uncertainty be embraced in landscape
management for conservation?

Uncertainties may be assessed through careful eval-
uation of model predictions. Models are useful that
predict accurately and precisely at a scale that makes
operational sense. Monitoring can track the conse-
quences of management decisions, so that the weight
given to predictions from a model that is routinely
wrong declines as experience accumulates. A more ex-
plicit approach is to adopt procedures that account for
as many forms of uncertainty as possible (such as error
propagation and sensitivity analyses) and to use several
modeling frames and examine if the choice makes a
difference to management decisions. If it does, the
landscape planner may explore further the ecological
and statistical foundation for the choice.

In general, decision strategies for landscape man-
agement try to maximize performance (e.g., Weitzman
1998, Possingham et al. 2002a, b, Westphal and Pos-
singham 2003). An alternative path, to which we al-
luded several times above, is to make decisions that
maximize the chance of a tolerable outcome, despite
what is unknown and irrespective of the choice of a
frame. There is a firm theoretical foundation for this
strategy. Decision strategies should seek robust out-
comes that are acceptable to the stakeholders who carry
the burden of the risks (Ben-Haim 2001, Burgman
2005). Landscape planners should not focus on finding
a true model, but rather should explore models and
modeling frames that lead them to consider robust, sat-
isfactory alternatives.

A model structure and its level of detail will be de-
termined by the kind of decision one needs to make.
For example, a very simple model may be sufficient,
even when data are abundant, if it can be shown that
the simple model subsumes or bounds more complex
interpretations of the data or if the decision is invariant
to the model detail. If the decision context is known,
then decision theory (Ben-Haim 2001, Possingham et
al. 2002b) may provide means for combining evidence
and arbitrating between alternatives to maximize ro-
bustness to uncertainty.

Often, modelers feel compelled to try to make better
predictions, without considering the context in which
their predictions will be used. Good decision making
probes uncertainty (Edwards and Fortin 2001), leading
to a better understanding of the role uncertainty plays
in managing a landscape. Better decisions may not nec-
essarily depend on better models or more precise sci-
entific predictions, but on a better understanding of the
decision context and the social imperatives that drive
it (Pielke 2003).

The model we use to represent landscapes affects the
way we subsequently interpret the effects of change
and look for options that mitigate risks. In the past,
landscape management has been governed by either
landscape pattern or the considerations of individual
species. However, syntheses are emerging in applica-
tions. While there is some recognition of uncertainty
in spatial pattern models, habitat models and spatial
population models, it is little considered in the decision
domain. Landscape managers are responsible for many
species. The new challenge is to develop decision sup-
port systems in which ecologically-based, multi-spe-
cies predictions are cast in a form that is useful for
conservation managers and that provides information
on uncertainty so that managers may make risk-based
decisions. The foundations for these advances lie in
decision theory (see Ben-Haim 2001) and research into
robust decision making for multispecies management
is urgently required.
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