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Theoretical models predict strong influences of habitat loss and fragmentation on species distributions and
demography, but empirical studies have shown relatively inconsistent support across species and systems. We argue
that species’ responses to landscape-scale habitat loss and fragmentation are likely to appear less idiosyncratic if it
is recognized that species perceive the same landscapes in different ways. We present a new quantitative approach
that uses species distribution models (SDMs) to measure landscapes (e.g. patch size, isolation, matrix amount) from
the perspective of individual species. First, we briefly summarize the few efforts to date demonstrating that once
differences in habitat distributions are controlled, consistencies in species’ responses to landscape structure emerge.
Second, we present a detailed example providing step-by-step methods for application of a species-centered approach
using freely available land-cover data and recent statistical modeling approaches. Third, we discuss pitfalls in current
applications of the approach and recommend avenues for future developments. We conclude that the species-centered
approach offers considerable promise as a means to test whether sensitivity to habitat loss and fragmentation is
mediated by phylogenetic, ecological, and life-history traits. Cross-species generalities in responses to habitat loss and
fragmentation will be challenging to uncover unless landscape mosaics are defined using models that reflect differing
species-specific distributions, functional connectivity, and domains of scale. The emergence of such generalities would
not only enhance scientific understanding of biotic processes driving fragmentation effects, but would allow managers

to estimate species sensitivities in new regions.

Habitat destruction is considered to be one of the primary
threats to biodiversity worldwide (Balmford et al. 2003)
and has become a dominant topic for research in conserva-
tion biology (Ewers et al. 2010). Given that 50-70% of the
earth’s surface is now exploited for human use (Barnosky
et al. 2012), the focus of policy and research on this
topic is likely to intensify. This substantial body of
knowledge reveals remarkable diversity in the responses of
species and ecological processes to landscape-scale habitat
loss and fragmentation. For example, a global-scale meta-
analysis examining the effects of patch size and isolation on
animal populations found weak and highly variable effects
of these variables (Prugh et al. 2008). In a meta-analysis of
the influence of ‘patch size’ on population density, Connor
etal. (2000) found that although the overall effect of patch
size was positive, 40% of relationships reported were nega-
tive and ~60% positive. Only 5% of variance in density
across species was explained by patch size.

There is therefore a striking contrast between the rather
idiosyncratic results of empirical work and those of models
traditionally used to predict effects of habitat loss and frag-
mentation — island biogeography theory (IBT) and meta-
population dynamics — which predict strong and consistent
influences of both habitat loss and fragmentation on
biodiversity (MacArthur and Wilson 1967, Hanski 1998).
It has frequently been argued that, in most cases, real
landscapes are too complex to reflect the rather simplistic
reality of these models (Mclntyre and Barrett 1992,
Didham et al. 2012). However, there is also the alternative
hypothesis that methods for conceptualizing and quantify-
ing fragmentation and habitat loss may previously have
lacked the accuracy and precision to detect more general
effects.

Here, we suggest that it is not yet possible to reject
this second hypothesis. Since the early days of landscape
ecology, it has been recognized that the distribution of
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habitat patches is likely to vary strongly among species
because habitat is, by definition, a species-specific concept
(Wiens 1976, Haila 2002). Different species perceive a
‘landscape’ in different ways, depending on their life-
history requirements, associations with major vegetation
types, and prey distributions (Fischer et al. 2005). However,
the general recognition of these realities has only rarely
been reflected in empirical studies; most studies continue to
quantify landscapes using human-defined cover types, which
may have litte relation to how individual species perceive
habitat distributions across landscapes. We argue that this
mismatch between how species see landscapes and how
we measure them may be a root cause of the apparent
idiosyncratic responses among species to the effects of
landscape-scale habitat loss and fragmentation. We review
previous efforts that have attempted to incorporate a
‘species-eye’ view of the landscape, and provide a worked
example of how to use species distribution models
(SDMs) to begin to reflect landscape patterns from species’
perspectives.

It is important to distinguish three aspects of landscape
change influencing species distributions and demography.
The clearest impact of landscape change on species occurs
when habitat is lost at the local scale (i.e. the scale of an
individual animal territory). By definition, if habitat is
destroyed at this scale, the species cannot occur, so habitat
loss results in a proportionate decline in the number of ani-
mals living in a particular landscape (Haila et al. 1983).
Unsurprisingly, this effect tends to be consistent across
studies. In contrast, the impact of changes in habitat
amount at landscape scales (i.e. beyond the scale of the
individual territory or home range), and habitat fragmenta-
tion (i.e. the spatial pattern of remaining habitat) vary con-
siderably across species for reasons that remain cryptic. It is
the study of these two final types of habitat change which
we suggest could benefit from a species-centered approach.

The species-centered approach

The ‘continua-Umwelt’ (Manning et al. 2004) and the
continuum models (Fischer and Lindenmayer 2007)
advanced beyond IBT in that they: 1) embrace, rather
than ignore, spatial gradients in habitat suitability and
landscape resistance to movement; and 2) recognize
that each species may respond to landscape elements in
different ways. These conceptual models of landscape
fragmentation have strong parallels in the concept of
‘functional connectivity’ — the degree to which the land-
scape facilitates or impedes movement among resource
patches (Taylor et al. 1993), which is also a species-specific
construct (Tischendorf and Fahrig 2000, Belisle 2005).
For instance, movement of forest generalists (e.g. species
found in both intact and degraded forests) are less likely to
be impeded by a contrasting matrix than those of forest
specialists (e.g. species mainly restricted to intact forests;
Gillies and Clair 2008, Smith et al. 2011). Similarly,
the concept of ‘functional landscape heterogeneity’ asserts
that the definition and mapping of cover types on a
landscape should be based on the expected functions they
serve (e.g. provision of food, nesting sites, dispersal routes)
to the species of interest; thus, the description of a land-
scape is species-specific (Fahrig et al. 2011).

The formal recognition of a ‘species-eye’ view of the land-
scape — in terms of species distributions and movement —
has important implications when it comes to searching for
generality in species responses to landscape structure. If the
sorts of patches that humans recognize and map (e.g. ‘mature
forest’, ‘native grassland’) are actually super-sets of, or simply
spatially incongruent with, the patches actually perceived by
plants and animals, it is quite likely that our quantification
of landscape metrics contain substantial errors (Fig. 1). By
defining patches as general, human-derived cover types, we
may be accurately depicting ‘true’ patchiness for only a small

(A) Generic land-cover

Population size

Patch size

Figure 1. Conceptual representation of a landscape containing patches of a generic land-cover type (e.g. tropical forest) within
which a hypothetical species is sufficiently specialized to use only subsets of these patches. Note that in this case, tropical forest patch size
(light gray) is not correlated with species-specific patch size (dark gray). Under such conditions, even if boundaries between tropical
forest and matrix are unambiguous, no influence of patch size will be detected (A), even if population size is strongly related to species-
specific patch size (B). Such instances could lead policy makers to conclude that there is no effect of patch size when in fact there is.
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subset of species. If the amount and configuration of habitat
in most studies is generally quantified using human-based
definitions, such as ‘discrete terrestrial habitat patches of the
same general habitat type’ (Prugh et al. 2008), it is perhaps
not surprising that only minor effects of patch size and
isolation have been reported across studies and generality
has been elusive. Indeed, the best-known examples in
which population dynamics are clearly driven by the spatial
structure of remaining habitat are from species that occupy
clearly distinguishable patches in an unambiguous matrix
(e.g. butterflies in meadow patches containing known
food plants in a high-contrast matrix; Hanski 2011).

Interestingly, the importance of adopting a species-
eye view of the landscape has received indirect support
from several major efforts to identify life-history traits asso-
ciated with habitat loss and fragmentation. Using the
Breeding Bird Atlas for France, Devictor et al. (2008) found
that habitat generalists (those using many coarsely defined
cover types) were far less sensitive to habitat loss and
fragmentation than habitat specialists. This could be
interpreted as indicating that habitat generalists are not
actually losing habitat when disturbance occurs; for such
species, disturbed landscapes are likely to be more contigu-
ous. In further support, Prugh et al. (2008) found that the
sensitivity of amphibians, mammals, and birds to patch size
was greater in instances where the intervening land (the
‘matrix’) was disturbed by humans than by natural pro-
cesses. They partially attributed the difficulty of defining
and delineating habitat patches in terrestrial landscapes
to the possibility that animals may in fact use apparent
‘non-habitat’ matrix for breeding and movement much
more frequently than identified a priori by researchers.
Even adopting coarse definitions of matrix appears to
increase the reported effects of fragmentation per se
(Watling et al. 2011). In a similar vein, the response of
species to ‘edges’ has appeared highly idiosyncratic across
studies and species. However, when considered in the
context of particular resources used by individual species
(e.g. food availability), Ries et al. (2004) were able to suc-
cessfully predict positive, neutral, or negative responses by
individual species to edges.

While continuum models are conceptually appealing,
research that explicitly incorporates a species-eye view
of landscapes and assesses habitat loss and fragmentation
effects is still rare. This is most likely because there have been
substantial difficulties in operationalizing this approach
(Haila 2002); quantifying the way ‘habitat’ is distributed
across entire landscapes for multiple species has been held
back by a lack of appropriate tools and data (Lindenmayer
et al. 1995).

Fortunately, the availability of remotely sensed data
(Guisan and Zimmermann 2000), combined with recent
powerful models for quantifying species distributions
(Elith et al. 2006), makes quantifying landscape structure
from a species-eye view much more accessible. It is now
possible to develop species distribution models (SDMs)
using freely available, fine-resolution remote sensing data
(e.g. Landsat TM) (Box 1; Shirley et al. 2013). It is becom-
ing increasingly common to map species distributions as a
function of land cover and climatic regimes (Lu et al.
2012). Such efforts have made it strikingly clear that habitat

distributions within the same landscape vary widely among
species. The next step, then, is to test how the spatial patterns
of such habitats (i.e. amount and fragmentation) in turn
influence species distributions and demography.

As an example, Betts et al. (2007) tested the fragmenta-
tion threshold hypothesis (sensu Andrén 1994) using an
approach that relied on SDMs to generate a priori spatial
distribution of habitat for multiple bird species in a forest
mosaic. Habitat amount and distribution were quantified
separately for each species, and in many cases there was
litcle overlap. Using this approach, they found some consis-
tency in thresholds in landscape-scale habitat loss across
species; for six of nine species examined, species occupancy
dropped precipitously when habitat amount at the landscape
scale declined below 5-30%. This was in contrast to the
lack of consistent effects of generic, human-defined variables
on these same species found in a previous study (Betts
et al. 20006).

The species-centered approach also has been used to
estimate the effects of habitat loss on vital rates. Zitske et al.
(2011) tested the degree to which habitat loss — measured
as both generic mature forest and using SDMs — influenced
the apparent survival of two warbler species. The SDM
approach indicated strong effects of habitat loss on
survival for both species in a consistent fashion, whereas
models using human-defined ‘mature forest’ were unsup-
ported. Using generic measures of landscape structure
would have led researchers to conclude that mature forest
loss had no effect on survival of either species. Using a
species-centered approach, which accounted for the fact that
one species was an extreme habitat generalist, allowed
consistencies to emerge in the way both species’ survival
responded to habitat loss.

The species centered approach: a worked example

We present a detailed example of how a species-centered
approach can be used to test for consistent patterns in
habitat loss and fragmentation research. This approach
requires three major steps: 1) quantify the distribution of
‘habitat’ for each species at the local scale using SDMs
(Fig. 2C), 2) summarize habitat distributions into landscape-
scale metrics (e.g. in this case landscape-scale habitat
amount; Fig. 2D-F), 3) test the degree to which landscape-
scale predictors further influence species occurrence, inde-
pendent of local scale influences (Fig. 3D, 4). Note that this
approach explicitly tests the degree to which landscape-
scale metrics can explain absences from what might appear
to be appropriate local-scale habitat. Local-scale variables
reflect aspects of forest stand structure and composition
(sensu  MacArthur and MacArthur 1961). Landscape
metrics reflect ecological processes such as reduced site
colonization due to dispersal limitation or mass effects
(Leibold et al. 2004).

To do this, we collected data on bird distributions
from 2002-2005 at 790 individual spatial locations in the
southern Rogue River Basin of Oregon using avian
point counts (Ralph et al. 1995). The Rogue River Basin is
dominated by various types of oak forest (Table 2) embed-
ded in a matrix of native grassland (5%), farmland (~6%)
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Point count data from a 4 x 4 km
landscape in the southern Rogue

Valley, Oregon
Species distribution model
(SDM) for lazuli bunting
Distribution of 1 (high) (low) 0
— L e—
LSnASSL TH bans 2618 nest predator Probability of occurrence

100 % 0% Habitat Il Low High
Percent habitat within 2000 m Matrix [ Degree of matrix resistance
Amount of lazuli bunting Patches of lazuli bunting habitat Patches of habitat (red), with
habitat summarized at a 2000 and matrix using a probability varying levels of matrix

meter radius around every of occurrence cut-point of 0.5 resistance

pixel in the landscape (moving
window or neighborhood

analysis)

Figure 2. Using species distribution models (SDMs) to test for the effects of habitat loss and fragmentation at the landscape scale. (A) Data
on species distributions and demography are often collected in landscapes that exhibit considerable ambiguity in habitat delineation.
(B) Remotely-sensed data such as classified or unclassified Landsat TM data can be used in SDMs, potentially along with biotic factors
(e.g. the presence of predators or competitors) to predict species distributions and generate spatial predictions for what constitutes
‘habitat” for a given species (C). The resulting species-specific landscape structure can then be quantified using metrics such as the amount
of habitat surrounding a pixel at biologically relevant scales (D), as well as mean patch size and edge density (E). In landscapes that are less
dichotomous, variability in matrix quality can also be modeled using SDMs (F).
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Figure 3. Application of 1) the species-centered approach and 2) a more typical use of generic land-cover types (in this case oak vegetation),
in the oak savanna of the Rogue Valley, Oregon (A). Species distribution models were used to individually quantify habitat distributions at
the local scale (30 m pixel) from the perspectives of four common bird species: spotted towhee (SPTO), lesser goldfinch (LEGO), lazuli
bunting (LAZB) and hermit warbler (HEWA) (B). We then summarized the amount of habitat at landscape scales (2000 m radius)
using a moving window analysis. Habitat amount across sample points varied considerably for each species ranging from 11% (LEGO) to
49% (HEWA) in this example landscape (C). The probability of site occupancy varies strongly and consistently as a function of landscape
structure quantified using a species-centered approach, but is highly inconsistent and weak when modeling it in response to vegetation type
perceived by humans (oak) (D).
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Probability of occurrence (controlling for percent habitat at 50 m)

Figure 4. Results of a multiple logistic regression model where we tested for the effects of habitat amount using a species centered
approach (A) and oak forest at landscape scales (B), after controlling for the effects of each of these variables a the local scale (50 m radius).
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and urban or recently disturbed area (~10%). Sample
points were separated by 150-250 m and were originally
established to study bird abundance along gradients of
elevation, forest cover type, and disturbance (Shirley
et al. 2013). Data were constrained to all auditory and
visual detections occurring over a 5-min visit within
50 m of each point count location. For this example, we
extracted data on presence/absence of three common
forest-associated species in the dataset: spotted towhee
Pipilo maculatus, lesser goldfinch Spinus psaltria, and lazuli
bunting Passerina amoena that we expected to be strongly
associated with oak savannah and woodland forest types.
Each is listed as ‘highly associated” with oak forest in
the Rogue River Basin (Altman and Stephens 2012). For
comparison we selected one species, hermit warbler
Setophaga occidentalis, that we expected to be associated
with conifer forest in the northwestern USA (Pearson 1997).

Land-cover data for the Rogue River Basin were
comprised of six unclassified Landsat TM satellite imagery
bands. All the Landsat images were acquired from USGS
(<http://landsat7.usgs.gov/index.php>).  Images from
USGS had sub-pixel geolocation accuracies, and no further
geometric processing was applied. We summarized Landsat
bands at the 50-m spatial extent, to reflect the scale at
which small passerines exhibit territoriality (Bowman
2003) and the spatial scale of our avian census (50-m radius
point counts).

We then used boosted regression trees (BRT; Elith et al.
2008) to model species distributions as a function of land-
cover data (after Shirley et al. 2013). Unlike traditional
regression-based models that fit a single model using a
response variable and a set of predictors, BRT models
start with a simple classification or regression tree and
use a boosting algorithm to iteratively fit new trees to the
model in a forward, stage-wise fashion. One advantage of
BRTs is their capacity to model non-linear relationships and
interactions among predictor variables. Other regression
models may be used to generate initial SDMs (e.g. logistic
regression; Betts et al. 2007); however, for brevity we only
report the results of BRTs here. Models for all four species
performed well in 10-fold cross validation according to area
under the receiver operating curve (AUC: lesser gold-
finch = 0.81, spotted towhee = 0.84, hermit warbler = 0.82,
lazuli bunting=0.83), model sensitivity and specificity
(Supplementary material Appendix 1, Table Al), and
calibration plots (Supplementary material Appendix 1,
Fig. Al). Ten-fold cross-validation iteratively used 90% of
the data to predict a randomly held-out 10% of the data.
Although these model test sets were not spatially inde-
pendent, it is important to note that the objective is only
to accurately predict local-scale habitat distributions within
our study area — rather to extrapolate to a new region.

We used the fitted probability of occurrence values
of these local-scale models (p) to map the spatial distribution
of ‘habitat’ for each species (Fig. 3). We then applied a
‘moving window’ analysis to sum these habitat distributions
at a scale we expected to be relevant to dispersal and
movement of these species (2-km radius; Drapeau et al.
2000). In this way we estimated the total amount of habitat
for each species at a biologically relevant scale surrounding

each point in a landscape. We did not identify patches of

habitat because this predominantly forested system is charac-
terized more by gradients than by discrete patch boundaries,
and in this simplified example, we wanted to present what is
broadly considered the most important metric — landscape-
scale habitat amount (Fahrig 2003, 2013). However,
previous studies have accomplished this by using statistical
cut-points (e.g. the value of p that minimizes false positives
and negatives) to distinguish habitat patches from non-
habitat (Betts et al. 2006; see Supplementary material
Appendix 1, Table Al for examples of such cut points).
Using a similar approach, it is also possible to quantify
‘matrix amount’; previous work has established a threshold
value in p below which a species is highly unlikely to occur
(Betts et al. 20006).

For comparison, we also calculated the total amount of
oak forest surrounding each location in the landscape;
this represents the sort of generic cover type that is frequently
used as a predictor in landscape ecological studies. In
southern Oregon, this forest type is of conservation concern
(Seavy and Alexander 2011).

As a final step, we tested whether a) ‘habitat amount’
at the landscape scale, or b) oak forest could predict the
distributions of each of the four species in a separate avian
point count dataset that was collected at different spatial
locations and in a different year (2010) from the data used to
create the habitat distribution maps. These data were
collected with identical methods within the same study
region (n = 422; Halstead 2013). These tests were conducted
using logistic regression, with presence/absence of each
species as the response variable and either habitat amount or
oak forest as predictors. Note that although we were fortu-
nate enough to have a second dataset to perform this
test, this is not strictly necessary. Local-scale SDMs are
generated in the first step of analysis. The subsequent,
landscape-scale analysis addresses the question of whether
additional variation in species occurrence can be explained
by using summed habitat at landscape scales as a predictor.

The response by the four passerine bird species to habitat
amount at landscape scales was similar and strongly statisti-
cally significant, whereas the response to amount of
the dominant vegetation type, ‘oak’, was highly variable
(Table 1, Fig. 3). To test whether this effect was driven pri-
marily by local processes (i.e. local habitat amount) we
conservatively statistically controlled for the effect of
habitat amount at the 50-m radius scale in a multiple
logistic regression. Coeflicients for habitat amount at the
landscape scale (i.e. 2000-m radius) thus can be interpreted
as being independent of local-scale habitat quality (Table I:
Bipendens Supplementary material Appendix 1). When we
controlled for local habitat amount, results were more vari-
able across species, but still substantially more consistent
than considering generic ‘oak forest at the landscape scale.

These consistent results across species suggest that a
consistent landscape-scale process (e.g. dispersal limitation,
mass effects) is driving the distribution of these species. The
species we considered represent a range of life-history traits
(e.g. migrant/non-migrant, insectivores/seed eaters, ground-
nesters/canopy nesters) but a degree of generality emerged
despite these differences.

It is important to emphasize that similar conclusions
would be extremely difficult to obtain using finer-resolution
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Table 1. Parameter estimates () from logistic regression models pre-
dicting the occurrence of four bird species as a function of both a)
species-specific habitat amount at the 2 km spatial extent (i.e. the
species-centered approach) and b) amount of oak forest at a 2 km
spatial extent (a generic vegetation variable). Independent effects
of habitat amount at 2 km scales (;,qepenqen) are results of a multiple
regression model where we statistically controlled for habitat
amount at the local scale (i.e. 50 m radius).

B (SE)S

Species Bindependent (SE)

Species-specific habitat
amount within 2 km

Hermit warbler 0.085 (0.022)*** 0.013 (0.031)
Spotted towhee 0.051 (0.012)***  0.027 (0.014)*
Lazuli bunting 0.058 (0.013)*** 0.025 (0.015)-
Lesser goldfinch 0.041 (0.009)***  0.036 (0.010)***

Oak forest within 2 km

Hermit warbler 0.030 (0.014) 0.030 (0.014)*
Spotted towhee —0.002 (0.006) 0.0004 (0.007)
Lazuli bunting 0.018 (0.006)* 0.014 (0.007):
Lesser goldfinch —0.008 (0.007) —0.011 (0.008)

§*#%p <0.0001, **p =0.0001-0.001, *p =0.01-0.05, - p=0.05-0.01.

vegetation cover type data, even if it were available. First,
the habitat association of each species would need to show
strong concordance with these finer-resolution types.
We examined finer definitions of ‘oak forest’ in our study
region (e.g. black oak conifer forest, white oak chaparral)
and generally found a poor concordance between habitat
distributions and these categories (Table 2). Second, finer-
resolution land-cover data still require a priori assumptions
about what constitutes habitat. For most species,
detailed information about cover-type usage does not
exist. Importantly, if researchers used such qualitative a
priori information to define ‘habitac’, if no effects of
habitat amount or fragmentation effects were detected it
would be inconclusive as to whether absence of effects was
due to poor a priori definitions, or to true insensitivity of a
species to landscape structure.

Based on this preliminary example from our study
system, it seems that the approach of spatially defining
habitat separately for each species shows promise for facili-
tating generalization across species in habitat loss and frag-
mentation research. However, for the species-centered
approach to be tested more fully, similar methods must be
applied across a broader range of taxa and ecological systems.

Table 2. Correlation coefficients (r) for relationships between
species-centered habitat distributions from SDMs and human-
defined forest cover types in the Rogue River Basin, Oregon. Note
generally poor concordance between human-defined categories
and each species’ habitat. Use of human-defined cover types
to measure effects of habitat loss and fragmentation would require
more finely defined vegetation categories and strong a priori under-
standing of how each is used as habitat by all species.

All White  White oak  Black oak

oak oak and and
Species vegetation woodland chaparral  conifer forest
Hermit warbler 0.18 —0.46 —0.01 0.59
Lazuli bunting —0.04 0.44 0.21 —0.48
Lesser goldfinch ~ —0.17 0.55 0.06 —-0.68
Spotted towhee ~ —0.13 0.42 0.07 —0.52
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Given broad ranges in life-history traits — particularly those
likely to influence landscape sensitivity (e.g. dispersal
capacity, body size, longevity, reproductive output) — it is
highly unlikely that all species will respond to landscape
structure with similar trajectories, as seemed to occur in
our example. However, the variations across taxa would be
useful for generating hypotheses and testing the degree to
which various life-history and ecological traits influence sen-
sitivity to landscape structure (Vance et al. 2003, Holland
et al. 2005).

Limitations to the species-centered approach

Although the species-centered approach appears to offer
promise over traditional generic approaches to defining
habitat pattern across landscapes, efforts to date have never-
theless suffered from several important weaknesses. First,
the species-centered approach suffers from several issues that
affect species distribution modeling in general; specifically,
the apparent absence of a species at a particular site may
have little to do with site-level conditions, but could be
influenced by imperfect detection (MacKenzie et al. 2002)
or demographic stochasticity (Tyre et al. 2001). Currently,
more complex fitting algorithms used in SDMs do not
allow incorporation of imperfect detection, although,
work is underway in this area (Kery 2011). Demographic
stochasticity effects will always decrease the predictive
success of SDMs, but are more likely to cause error rather
than bias in testing for landscape effects.

Second, species-centered efforts have not explicitly
incorporated important biotic processes such as predation,
competition, and facilitation that are often critical drivers
of landscape effects (Lima and Zollner 1996). In current
SDM approaches, such interactions are implicit in distribu-
tion models; vegetation structure is considered to be a proxy
for important biotic factors such as predation, competition,
and facilitation. However, if co-occurrence data exist, it
would be relatively easy to incorporate data on known
locations of interacting species directly into SDMs (Box 1;
Ovaskainen and Soininen 2011, Zarnetske et al. 2012).
Species-centered  landscape mapping could integrate
both abiotic (e.g. climate, geology) and biotic elements
(e.g. distribution of vegetation, species interactions) and
would therefore be more likely to represent the realized niche.

Third, such efforts, including the examples above,
have tended to rely on dichotomous definitions of habitat
and non-habitat (‘matrix’) (Betts et al. 2006, Lu et al.
2012). While such cover definitions have a statistical basis,
in some contexts (particularly for less specialized species in
landscapes characterized by gradients) standard metrics
that rely on a dichotomous landscape description, such as
mean patch size, lose relevancy. ‘Habitat’ represents a
continuum in quality (reflected in reproduction and sur-
vival rates) associated with a particular location in the
landscape. Similarly, ‘matrix” affects animal movement in a
way that is not binary (e.g. barrier/non-barrier) (Fig. 2C, F).
Indeed, previous weak empirical support for patch size
and isolation effects could be due to the fact that many
habitat/matrix dichotomies are an inadequate abstraction
(Driscoll et al. 2013). However, SDM approaches do not



necessarily require such a dichotomous habitat/matrix
description of the landscape. Fitted values (i.e. predictions)
in SDMs are typically continuous, usually representing
probability of occurrence. Thus, the spatial pattern of a
landscape can be quantified without necessarily requiring
hard habitat boundaries. For instance, the rate at which
habitat quality changes across space (i.e. the slope of p)
could be quantified to depict the steepness of gradients in
habitat distributions. A variety of approaches is available
for quantifying three-dimensional surfaces, including sur-
face metrology, fractal analysis, and spectral and wavelet
analysis (McGarigal and Cushman 2005).

Reflecting biologically-meaningful gradients in species-
centered landscape metrics is likely to be a fruitful avenue
for future research. There is also strong precedence for
quantifying matrix resistance from a species-centered per-
spective; both animal movement (Compton et al. 2007), and
genetic data (Epps et al. 2007) have been used to parameter-
ize models of functional connectivity for a variety of organ-
isms. The combined use of SDMs defining ‘habitat’ at
landscape scales and quantitative estimates of functional
resistance (and isolation) therefore shows promise for testing
for congruency between theory and empirical data, even
(or especially) in landscapes containing fuzzy boundaries.

A fourth weakness of existing species-centered
approaches is that most efforts have not adequately
addressed the issue of scale. The most realistic imple-
mentation of a species-centered approach requires the
recognition that different species perceive landscape
pattern across vastly different spatial grains and extents
(Wiens 1989). This is because living organisms differ in
traits, but also because they vary enormously in size
(107°~100 m; Chave 2013). In this respect, the absence of
generalizations about fragmentation effects on populations
could be at least partially attributable to mismatches
between the scales considered in investigations and the
scales perceived and responded to by species of interest.

It may initially seem counterintuitive that generality is
most likely to be achieved via measuring habitat patchi-
ness and spatial scale for many individual species.
However, without doing this, the immense variety of
scales and spatial distributions that exist across taxa is
likely to obscure any fundamental ecological signals that
actually exist. A key question still to be addressed in land-
scape ecology is therefore: once we have adjusted for
different spatial scales of perception, and differing physi-
cal distributions of habitat, will generalities start to
emerge? Although finding similarities in response to land-
scape structure between beetles and elephants may be far-
fetched (Wiens et al. 1997), without a species-centered
approach, this hypothesis will remain untested. An
alternative possibility is that even after adjusting for dif-
ferences in habitat distributions and scales, substantial
differences will remain in species’ responses to habitat loss
and fragmentation. This outcome would be no less inter-
esting, however; new hypotheses can be addressed such as
whether species’ responses are phylogenetically conserved,
determined by life-history traits such as longevity and
reproductive output, or whether they depend on biotic
elements of the landscape such as predator and/or conspe-
cific abundance.

Conclusion

Species-centered approaches are not the only legitimate
means for measuring landscapes. Different simplifications
will be suitable for various purposes, and often a combina-
tion of approaches can be particularly useful. While it is
important to acknowledge the risk of missing key habitat
loss and fragmentation effects by adopting human-defined
conceptions of landscapes (Cushman et al. 2008, Fig. 2),
human-defined cover types are most frequently used as
conservation and policy objectives. Using such cover types as
measures of landscape composition and configuration may
often be more readily integrated into policy; after all, it is
primarily human-defined land-cover categories (e.g. old
growth, native prairie, mangrove forest) that are used in
management. The ecology of anthropogenically modified
landscapes can perhaps best be understood by simul-
taneously considering species-centered approaches and
approaches focusing on changes in landscape pattern that
are directly relevant to humans. The degree to which
species-specific habitat distributions correspond to human-
defined cover types or anthropogenic disturbances can
also be calculated post-hoc to facilitate interpretation of
species-centered results by managers (e.g. Table 2).

Nevertheless, we hypothesize that cross-species generali-
ties in responses to habitat loss and fragmentation are
essentially untestable unless landscape mosaics are defined
using models that reflect differing species-specific habitat
relations. The emergence of generalities will not only enhance
scientific understanding of biotic processes driving frag-
mentation effects, but will also allow managers and policy
makers to better predict species’ sensitivities to landscape
change based on knowledge about the spatial distribution of
patches and species’ life-history traits.

As the field of landscape ecology continues to grow,
there is some risk that it will dissolve into different sub-
disciplines that continue to collect regionally specific facts
that are not connected by underlying theory or consistent
definitions. We hope that broader application of species-
centered approaches will provide an initial step toward unit-
ing the field in search of greater generality.
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