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Metacommunities occupy landscapes, yet few studies of metacommunity structure consider contributions of multiple
landscape elements explicitly. Previous studies have focused on measures of focal habitat connectivity as proxies for
dispersal to distinguish among alternative metacommunity models. However, it is also clear that dispersal of species and
metacommunity structure are also shaped by landscape composition and configuration. Slow integration of explicit landscape heterogeneity into the metacommunity concept has both limited our understanding of how landscape–dispersal
interactions shape metacommunity structure and constrained the practical relevance of metacommunity theory. In this
study, we encourage integration by developing an approach that characterizes how multiple landscape elements simultaneously contribute to metacommunity structure. We demonstrate the utility of this approach by characterizing how landscape heterogeneity shapes metacommunity structure of lizards at multiple spatial scales in the Mescalero Sands. We found
diversity and spatial configuration of habitats in the surrounding landscape matrix best explained the pattern of nested
subsets with clumped species loss observed in this lizard metacommunity across scales. Although our analyses included
connectivity metrics for focal habitats, they were not shown to be important at any scale in this study. Our results were
consistent with mass effects models of metacommunity theory as interpreted through landscape contrast. By integrating
explicit landscape heterogeneity into the metacommunity framework, our approach provided a spatially explicit description of how and where landscape–dispersal interactions shaped metacommunity structure across scales and is directly applicable to many systems, especially those with indistinct boundaries. Our approach complements other analytical methods
designed to tease apart relative roles of environmental filtering and spatial structure in metacommunity data. Finally, our
approach enhances the practical relevance of metacommunity theory for future research in ecosystems subject to increasing
landscape contrast as environments continue to be fragmented, habitats become further degraded and homogenized, and
matrix habitats become more inhospitable.

The diversity of local communities is considered a function
of the species pool and the number of species the community
can contain (Ricklefs and Schluter 1993). Biogeography and
regional-scale processes like speciation and extinction determine the size, composition, and spectrum of species and
traits in species pools (Whittaker 1960, Ricklefs 1987). In
contrast, proximate factors like competition, predation, disturbances, and productivity determine local-scale limits and
possibilities on community membership (MacArthur 1958,
Tilman 1982). Between the vastly different local and regional-scale processes lies the mesoscale, where a number of spatial population processes such as mass effects, source-sink,
and colonization–extinction dynamics jointly influence local
diversity and patterns of metacommunity structure (Pulliam
1988, Holt 1993). An implicit mechanism in these spatial
population processes is an interaction between species’ dispersal ability and how dispersal is facilitated or constrained
by the landscape (Jacobson and Peres-Neto 2010). Indeed,
the relative importance of these spatial population processes
in determining patterns of diversity and distinguishing
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among metacommunity models (Holyoak et al. 2005) ultimately depends on how the dispersal of species is shaped
by the mosaic of landscapes (With 2004, Baguette and Van
Dyck 2007). Thus, while dispersal acts to spatially structure
metacommunities, their structure also depends on landscape
heterogeneity, or the spatial configuration and composition
of landscape elements or habitats (Jacobson and Peres-Neto
2010). Although the importance of this landscape–dispersal
interaction in metacommunity research has been discussed
for some time (With 2004, Mouquet et al. 2005, Resetarits
et al. 2005), few metacommunity studies consider the simultaneous contributions of multiple landscape elements explicitly (Biswas and Wagner 2012).
The slow integration of explicit landscape heterogeneity into the metacommunity concept has both limited our
understanding of how landscape–dispersal interactions shape
metacommunity structure and constrained the practical relevance of metacommunity theory. Many studies characterize
the spatial characteristics of metacommunities either implicitly, assuming an overall or average migration rate among

local communities, or through simplistic assumptions
about dispersal rates that depend only on distance between
local communities occupying focal habitats (Jacobson and
Peres-Neto 2010). Assumptions about dispersal may be
unrealistic (e.g. dispersal directionality matters; Altermatt
et al. 2011), but not so much that they hinder our
ability to observe the contribution of dispersal in community assembly and therefore distinguish among metacommunity models (Jacobson and Peres-Neto 2010, Meynard et al.
2013). Alternatively, these dispersal assumptions may actually constrain the range of metacommunity models likely
to be observed leading to incorrect conclusions about the
relative importance of species interactions, environmental
filtering, and dispersal to metacommunity assembly (Biswas
and Wagner 2012). For example, many species can disperse
from or through a variety of habitat types, while the dispersal of specialist species is restricted to particular habitat
types (Pandit et al. 2009). This variation in the landscape–
dispersal interaction among species suggests that other
forms of landscape heterogeneity such as the explicit spatial
arrangement of multiple habitat types around focal habitats
might also influence metacommunity structure (Economo
and Keitt 2010). The importance of such matrix characteristics (Krauss et al. 2003, Townsend et al. 2003, Richter-Boix
et al. 2007) and habitat connectivity (Parris 2004, Heino
and Muotka 2006, Brown and Swan 2010) in determining
metacommunity structure has been recognized, but mainly
through studies that explore the role of the matrix using
spatially implicit experimental designs where just a single
element of the matrix is manipulated (e.g. species dispersal
from a focal habitat through matrix A or B). Landscapes are
the physical template that metacommunities occupy (Biswas
and Wagner 2012). Building on this, we suggest the contributions of multiple landscape elements to metacommunity
structure should be explored simultaneously in order to
provide the spatially explicit context required to best
understand how the landscape–dispersal interaction shapes
metacommunity structure.
Characterizing how multiple landscape elements affect
the landscape–dispersal interaction, and in turn metacommunity structure, is complicated by scale (Levin 1992).
Species perceive landscape heterogeneity in unique ways
(e.g. habitat specialist vs generalist; Pandit et al. 2009) and
at distinct scales (e.g. perceptual range concept; Zollner and
Lima 1996), which means that metacommunities are comprised of species with unique functional grains (Baguette and
Van Dyck 2007). As a result, landscape heterogeneity that is
perceived at one scale by one species may be indistinguishable to another species at any scale (Wiens 1989). Thus,
while landscape heterogeneity and dispersal jointly affect
the distribution of species and metacommunity structure,
their relative strengths can change across scales and in different landscape contexts, even within the same system
(Freestone and Inouye 2006, Jacobson and Peres-Neto
2010). Traditional applications of metacommunity theory
have largely been limited to ecosystems comprised of disjunct habitats with discrete boundaries where the assumed
equivalence of species’ functional grains is easily defended
(Baguette and Van Dyck 2007). We suggest that by incorporating explicit measures of landscape heterogeneity beyond
the traditional island-biogeography, area-isolation measures

applied to more insular ecosystems (Jacobson and Peres-Neto
2010, Logue et al. 2011), metacommunity theory can be
extended to a broader range of ecosystems with indistinct
boundaries comprised of species with different functional
grains. To this end, we expand and operationalize the concept of landscape contrast put forth by Biswas and Wagner
(2012) to provide a basis for integrating landscape heterogeneity into the metacommunity framework, which we believe
will orient future research on how the landscape–dispersal
interaction shapes metacommunity structure across multiple
scales (Table 1).
Landscape contrast is conceptually defined as the average
dissimilarity in habitat quality between adjacent patches as
perceived by the study organisms (Biswas and Wagner 2012).
In a low contrast landscape, habitat quality is perceived to
be more similar between patches than in a high contrast
landscape. Along the continuum of landscape contrast, 4
models of landscape heterogeneity identified as homogeneous, binary, mosaic, and gradient, correspond with the
4 metacommunity models: neutral, patch-dynamics, species sorting, and mass effects, respectively (Table 1). Under
the neutral model, species are assumed to be similar in their
competitive ability and movement (Holyoak et al. 2005),
and therefore, they are predicted to perceive an ‘equivalent’
or homogeneous landscape. In this model, stochastic processes are assumed to be the leading determinant of community structure (Holyoak et al. 2005), which leads to the
predictions that simple Euclidean distance between sample
sites should be the principal factor explaining changes in
metacommunity structure and metrics describing variation
in landscape composition and structure should be uninformative (Table 1). Under the patch-dynamics model, species
perceive a binary landscape comprised of focal habitats in an
inhospitable matrix, and community structure is determined
by colonization and extinction (Holyoak et al. 2005). As
such, measures of focal habitat connectivity (e.g. mean proximity index) that directly influence colonization and extinction, not simple Euclidean distances among sample sites,
should best explain metacommunity structure (Table 1). In
the species sorting model, local environmental conditions filter the regional pool of species along different niche axes (e.g.
resource gradients) without dispersal limitation (Holyoak
et al. 2005). Thus, species perceive the entire landscape as a
mosaic of different quality habitats, which suggests that measures of focal habitat quality should help explain metacommunity structure and measures of focal habitat connectivity
should not (Table 1). For the mass effects model, species can
be rescued from habitats in which they are poor competitors
by immigrating from different nearby habitats where they
are good competitors (i.e. source-sink dynamics). In this scenario, species perceive a gradient landscape and can disperse
from a range of different matrix habitats of varying quality, so measures of connectivity between focal habitats and
other matrix habitat types as well as matrix habitat quality
should best explain metacommunity structure (Table 1). In
summary, by identifying the specific elements of landscape
heterogeneity that best describe metacommunity structure,
we can discriminate among competing metacommunity
models using the concept of landscape contrast. These
elements of landscape heterogeneity that help us define
landscape contrast are easily measured as geospatial data
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Table 1. The continuum of landscape contrast provides a conceptual link between landscape and metacommunity models. By operationalizing this link, contributions of competing metacommunity models can be distinguished by the specific set of landscape elements that best
describes metacommunity structure. Measures of landscape elements are defined in Supplementary material Appendix 1, Table A1.
Landscape
model

Metacommunity
model

Homogeneous

Landscape elements
Not contributing

Neutral

Focal habitat connectivity
Focal habitat quality*
Matrix habitat connectivity
Matrix habitat quality*

Patch dynamics

Focal habitat quality*
Matrix habitat connectivity
Matrix habitat quality*

Contributing

Landscape elements are not important
Distance between sample
sites

Binary
Focal habitat connectivity

Mosaic
Species sorting

Focal habitat connectivity
Matrix habitat connectivity
Matrix habitat quality*

Gradient
Mass effects

Example measures of contributing
landscape elements (FRAGSTATS)

Focal habitat quality*

Matrix habitat connectivity
Matrix habitat quality*
Focal habitat connectivity
Focal habitat quality*

Euclidean nearest neighbor distance
(ENN) between sample sites explains
metacommunity structure
Landscape elements describing focal
Shinoak duneland habitat connectivity
explain metacommunity structure:
Mean proximity index (Prox)
Landscape elements describing focal
Shinoak duneland habitat quality*
explain metacommunity structure:
Mean patch area (Area)
Mean fractal dimension (Frac)
Landscape elements describing matrix
and focal habitat connectivity and
quality* explain metacommunity
structure:
Percentage like adjacencies (PLA)
Interspersion and juxtaposition index (IJI)

* characterized in a spatial sense (e.g. size, edge to core ratio or shape).

has become more accessible (Kupfer 2012), and the tools
to describe different patches of habitat and their spatial
structure have improved (e.g. FRAGSTATS; McGarigal
et al. 2002).
Here, we demonstrate the utility of this novel, multistep approach to understanding metacommunity structure
by describing how region-wide presence/absence of species corresponds to multiple landscape elements related to
dispersal and landscape heterogeneity at multiple scales
(Table 1). First, we use the elements of metacommunity
structure (EMS) framework (Leibold and Mikkelson 2002,
Presley et al. 2010) to provide a standardized characterization
of the pattern in community structure. Second, we use highresolution spatial data to map landscape heterogeneity across
the mesoscale and create the physical template occupied by
the metacommunity. Third, we use program FRAGSTATS
(McGarigal et al. 2002) to calculate landscape metrics
reflecting measures of focal and matrix habitat connectivity,
as well as focal habitat patch and matrix heterogeneity, at
3 different spatial scales. Finally, we use regression tree analysis to identify which of these landscape elements best explains
the observed metacommunity structure at each spatial scale.
These final three steps, which represent the novel contribution in this study, characterize and identify landscape
elements that best explain the observed metacommunity
structure and allow us to infer the causes of that metacommunity structure with respect to the four metacommunity
models. This approach takes a first step toward integrating
landscape heterogeneity within the metacommunity framework, and allows us to illustrate how the landscape–dispersal
interaction shapes metacommunity structure of lizards at
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different scales and in different biogeographic contexts in
the Mescalero Sands.

Methods
Study system and survey protocols
The Mescalero Sands is a narrow duneland ecosystem in
southeastern New Mexico (Thornthwaite 1941) comprised of
sand dunes stabilized by dwarf shinnery oak Quercus havardii
and open sandy depressions called blowouts (Supplementary
material Appendix 1, Fig. A1; Smolensky and Fitzgerald 2011,
Leavitt and Fitzgerald 2013). These Shinoak dunelands, the
focal habitat in this study, are patchy and embedded within
a mosaic of arid grassland habitats with varying vegetation
associations. Specifically, the physical template of the lizard
metacommunity within the Mescalero Sands includes a constellation of Shinoak duneland (SD) habitats surrounded by
Shinoak shrubland (SS), honey mesquite shrubland (HM),
grassland (G), sand sagebrush shrubland (SA), roads (R),
and blowout (BO) habitats (Neville et al. 2005). There are
no large physical barriers (i.e. mountains, rivers) that separate these different habitat types or populations of lizards.
Surveys were conducted within Shinoak duneland habitats at 59 sites across the region in 1994–1996 to document
geographic variation in community composition of lizards.
Surveys were conducted in May and June during 08:00–
13:00 h, corresponding to peak lizard activity. Surveys
lasted 60–405 min and covered 400  400 m. There was no
significant relationship between lizard species richness at a

site and survey duration (R2  0.02, F(1, 57)  2.6, p  0.15),
so all sites were treated equally. Nine species of lizards occur
in Shinoak duneland habitats: Aspidoscelis marmorata (marbled whiptail, AM); Aspidoscelis sexlineata (six-lined racerunner, AS); Crotaphytus collaris (eastern collared lizard,
CC); Gambelia wislizenii (long-nosed leopard lizard, GW);
Holbrookia maculata (lesser earless lizard, HM); Sceloporus
arenicolus (dunes sagebrush lizard, SA); Sceloporus consobrinus (prairie lizard, SC); Phrynosoma cornutum (Texas horned
lizard, PC); and Uta stansburiana (side-blotched lizard, US).
This diverse group of lizards includes both habitat specialists with fine functional grains like the endemic S. arenicolus,
and habitat generalists with coarse functional grains such as
U. stansburiana and A. sexlineata.

juxtaposition index (IJI), which measure connectivity among
different habitat types and support mass effects and gradient models; mean patch area (Area), mean fractal dimension
(Frac), mean radius gyration (Gyr), number of patches (NP),
number of disjunct core areas (NDCA), largest patch index
(LPI), and landscape shape index (LSI), which are different
measures of focal habitat quality in a spatial sense (e.g. size,
edge to core ratio or shape) and support species sorting and
mosaic models; and mean proximity index (Prox), which
measures focal habitat connectivity beyond linear distance
and supports patch dynamics and binary models (Table 1
and Supplementary material Appendix 1, Table A1).

Quantifying landscape heterogeneity

To characterize metacommunity structure using the EMS
framework (Leibold and Mikkelson 2002), region-wide
lizard presence/absence data were incorporated into a site by
species incidence matrix. As a first step in this analysis, the
matrix was ordinated by reciprocal averaging, which allows
the identification of one or more axes of latent variation
that produce structure among communities. By comparing
this ordered matrix with random expectations generated by
statistical randomization procedures, deviations from the
idealized state of perfect species coherence were characterized and the causal processes generating such metacommunity structure inferred (Leibold and Mikkelson 2002, Presley
et al. 2010). According to Presley et al. (2010), coherence can
be characterized as non-significant under random community assembly, significantly negative when species avoid each
other (e.g. checkerboards), or significantly positive when
communities are structured along environmental gradients.
Significantly (positive) coherent matrices contained one of
twelve internal structures that were associated with either
individualistic (Gleasonian) or synchronous (Clementsian)
species turnover, or the presence of nested subsets along
the environmental gradient. These internal structures were
distinguished by assessing range turnover and boundary
clumping within the ordinated matrix (Presley et al. 2010).
Range turnover described species replacement along a gradient in the ordinated matrix, and boundary clumping measured the clustering of species’ boundary locations within the
matrix. EMS analysis was conducted with algorithms written in MATLAB, release 2009 (script and documentation:
 www.tarleton.edu/∼higgins/EMS.htm ) under default
settings (see Presley et al. 2010 for details, and references
therein).
Regression tree analyses were used to quantify associations between component scores from EMS analysis (i.e.
dependent variable; primary ordination axis) and landscape metrics calculated at 20, 100, and 1000 ha scales (i.e.
independent variables). To allow visualization of results in
coordinate space and to account for spatial proximity of sample locations, latitude and longitude were included in this
analysis (see Results). Regression tree analyses partitioned
the entire data set into successive subsets of data called nodes
based on decision rules that considered all possible binary
splits of the landscape and geographic variables and bifurcated the data set wherever the sum of squared differences
between observed and predicted responses, or deviance, was

Landscape heterogeneity across the 59 sites was characterized by mapping their locations on two digitized landcover
layers using ArcGIS software. One layer was a classification
of vegetation types for sites at a 1-m resolution derived from
Landsat Enhanced Thematic Mapper (ETM) satellite imagery acquired 27 May, 2000 (Neville et al. 2005). Although
this imagery was acquired 4–5 yr after the lizard surveys were
conducted, we do not believe this gap influences our results,
because the patterns of landscape configuration being measured in the vegetation of this ecosystem change over very
long time scales (Ryberg et al. 2015), especially at the spatial
scales being considered in our analysis. The other layer was a
classification of roads and blowouts derived from 1-m digitally rectified orthoquarterquads (DOQQ’s; acquired 1996–
1997) using ArcInfo (Environmental Systems Research
Inst.). Prior to analysis, these two landcover layers were
combined to create a map describing landscape heterogeneity across the mesoscale for the Mescalero Sands Ecosystem.
This map included the 7 different habitat types described
above and thus represented the physical template occupied
by the lizard metacommunity.
For each survey site, variables describing landscape
composition and structure were measured at three scales: 20,
100, 1000 ha using Program FRAGSTATS (McGarigal et al.
2002). The smallest scale, 20 ha, was selected to approximate
the lizard survey area, and the larger two scales were selected
to represent an approximate increase in one or two orders
of magnitude (i.e. 100 and 1000 ha, respectively). At each
scale, landscape metrics were calculated from a data frame
centered on the survey site. Pearson’s correlations were calculated for all metrics at each scale to exclude metrics that were
highly correlated, and limit the number of metrics included
in the final data analysis, yet still include multiple measures
of composition and structure for each landcover class. When
two metrics were significantly correlated, one metric was
removed from the analysis, usually the metric correlated with
additional metrics. Following this procedure, 10 landscape
variables capable of distinguishing among alternative metacommunity models were identified for the regression tree
analysis (Table 1, Pearson’s r, p  0.05): Euclidean nearest
neighbor distance (ENN), which measures distance between
sample sites and supports neutral and homogeneous models;
percentage of like adjacencies (PLA), and interspersion and
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smallest. By repeating this process recursively, a branching
tree was produced with binary splits that corresponded to
one or more explanatory variables. To prevent over-fitting
from such recursive procedures, trees were ‘pruned’ using
10-fold cross-validation. In this step, the data set was randomly partitioned into ten groups, trees were constructed
from nine of those groups, and then trees were validated
with the remaining group. For each of ten cross-validation
runs, we examined plots of tree deviance against tree size.
Regression tree analyses can be executed in many different
ways sometimes yielding very different results with the same
data using different options in a single program (Loh 2011).
In this study, regression tree analyses were conducted in the
R programming environment (R Development Core Team;
CRAN repository, tree package) under default settings to help
maintain objectivity and clarity for our conceptual focus. An
exhaustive exploration of potential regression tree possibilities for this data set is beyond the scope of this paper.

Results
The EMS analysis indicated that lizard community composition corresponded to an underlying (i.e. latent) structural
gradient. Specifically, this assemblage of lizards exhibited
significantly positive coherence (percent inertia  32.3,
embedded absences  73, p  0.026, mean  128, standard deviation  25), negative species turnover (number
of replacements  2503, p  0.001, mean  6896, standard deviation  672), and positive boundary clumping
(Morisita’s index  1.242, p  0.001). Taken together,
these EMS parameters were consistent with a pattern of
nested subsets with clumped species loss along the primary
axis of ordination (Presley et al. 2010). This assemblage of
lizards exhibited non-coherence along the second and third
axes in the ordination (embedded absences  62, p  0.53,
mean  54.88, standard deviation  11.35; embedded
absences  36, p  0.30, mean  30.53, standard deviation  5.75, respectively), which precluded further analysis
and suggested that much of the variation in distribution
of these lizard species was explained by a single dominant
gradient.
Regression tree analyses indicated that landscape and
geographic variables were highly correlated with site scores
of the primary ordination axis, which was consistent with a
pattern of nested subsets with clumped species loss. Residual
mean deviance was low for the 20, 100, and 1000 ha scale
trees yielding estimates of 0.2167, 0.2192, and 0.2167,
respectively. A single clearly optimal tree was resolved (i.e.
consistent minimum deviance) with 6 terminal nodes for all
three scales of analysis (Supplementary material Appendix 1,
Table A2, Fig. 1). At each scale, 4 landscape and geographic
variables were selected for tree construction, but we note
the identity of some of these variables was scale-dependent
(Fig. 1).
At the 20 ha scale, five of the six highest site scores from
the primary ordinated axis were below 32.5387° latitude
(terminal node 1, Fig. 1; sites mapped in Fig. 2). Node 1
was differentiated from all other nodes by the replacement
of G. wislizenii and P. cornutum south of 32.5387°
latitude with S. arenicolus and S. consobrinus to the north
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(Fig. 2). Above this latitude, but below 33.3101° latitude,
28 sites were split by the largest patch size index of Shinoak
duneland (LPI_SD). Smaller patches of Shinoak duneland
(LPI_SD  41.32) were found at 19 sites with moderately
high site scores where S. consobrinus was present (node 2,
Fig. 1–2), and larger patches of Shinoak duneland (LPI_
SD  41.32) were found at 9 sites with moderate site scores
where S. consobrinus was absent (node 3, Fig. 1–2). Above
33.3101° latitude, 26 sites were split by the interspersion
and juxtaposition index of Shinoak duneland (IJI_SD). The
lowest site scores were found at 10 of those sites (node 4,
Fig. 1–2) where patches of Shinoak duneland intermingled
with few other class types (IJI_SD  58.9) and C. collaris
was present. The remaining 16 sites, which intermingled with
many other vegetation classes, were further split by the mean
patch size of Shinoak shrubland intermingled with Shinoak
duneland (AreaSS  0.45). Smaller patches of Shinoak shrubland intermingled with Shinoak duneland (AreaSS  0.45)
were found at 10 sites with lower site scores where H. maculata and S. consobrinus were present but A. marmorata was
absent (node 5, Fig. 1–2). Larger patches (AreaSS  0.45)
were found at 6 sites with moderately low site scores where
A. marmorata was present but H. maculata and S. consobrinus
were absent (node 6, Fig. 1–2).
At the 100 ha scale, the same 5 sites with the highest
site scores were below 32.5387° latitude (terminal node
1, Fig. 1–2). Thus, node 1 was again differentiated from
all other nodes by the replacement of G. wislizenii and
P. cornutum south of 32.5387° latitude with S. arenicolus
and S. consobrinus to the north (Fig. 2). The remaining 54
sites were split by mean class proximity index for Shinoak
shrubland (ProxSS). The lowest site scores within this group
were from 10 sites located very far from patches of Shinoak
shrubland where C. collaris was present (ProxSS  898.31;
node 6, Fig. 1–2). The remaining 44 sites with higher site
scores and located close to patches of Shinoak shrubland
(ProxSS  898.31) were further subdivided by latitude.
Below 33.3101°, but above 32.5387° latitude, 28 sites
were split by landscape shape index of grasslands (LSI_GR).
Higher site scores were found at 11 sites (node 2, Fig. 1–2)
where patches of grasslands were more compactly shaped
across the landscape (LSI_GR  1.93) and S. consobrinus
was absent. Lower scores were found at 17 sites (node 3,
Fig. 1–2) where patches of grasslands were disaggregated
with lots of edge (LSI_GR  1.93) and S. consobrinus was
present. Above 33.3101° latitude, 16 sites were split by mean
patch radius of gyration for Shinoak duneland (GyrSD).
Lower site scores were found at 7 sites (node 4, Fig. 1–2)
with smaller, more compactly shaped patches of Shinoak
duneland (GyrSD  1.93) where A. marmorata was absent,
and higher scores were found at 9 sites (node 5, Fig. 1–2)
with larger, more irregularly shaped patches (GyrSD  1.93)
where A. marmorata was present.
At the 1000 ha scale, nodes 1 and 6 (5 and 10 sites,
respectively) were identical to those observed at the 100
ha scale (Supplementary material Appendix 1, Table A2),
although the splitting value for ProxSS was greater reflecting measurements conducted at a larger spatial scale (Fig. 1).
The remaining 44 sites located close to patches of Shinoak
shrubland (ProxSS  3727.47) were further subdivided
by mean fractal dimension index of Shinoak duneland

Figure 1. Regression trees derived from analysis of site scores generated from an elements of metacommunity structure analysis and landscape and geographic variables calculated at three spatial scales, 20, 100, and 1000 ha. Predicted values, number of cases, and residual
deviance for terminal (i.e. numbered) nodes are shown in Supplementary material Appendix 1, Table A2. Terminal node colors match
colors of site locations and boxes mapped in Fig. 2. The partition deﬁning each split is shown at the corresponding node. Each split is
represented as an inequality in the driving variable. If the inequality is true, proceed to the left branch of the node; otherwise proceed to the
right. Habitat types are coded as: Shinoak duneland (SD), Shinoak shrubland (SS), and grassland (G). Landscape elements are coded as:
mean proximity index (Prox), mean patch area (Area), mean fractal dimension (Frac), mean radius gyration (Gyr), largest patch index (LPI),
number of disjunct core areas (NDCA), landscape shape index (LSI), and interspersion and juxtaposition index (IJI).

Figure 2. The three maps integrate information on locations of lizard communities and results of the regression trees in the spatial context
of the Mescalero Sands at each scale. Inset map in left panel depicts the location and extent of the study area (shaded). Site and box colors
match terminal node colors in Fig. 1, allowing visualization of the regression tree results that defined metacommunity structure at each
scale. The legends show species groups within each delineated box that correspond to terminal nodes in Fig. 1. Species abbreviations are:
Aspidoscelis marmorata (AM); Aspidoscelis sexlineata (AS); Crotaphytus collaris (CC); Gambelia wislizenii (GW); Holbrookia maculata (HM);
Sceloporus arenicolus (SA); Sceloporus consobrinus (SC); Phrynosoma cornutum (PC); and Uta stansburiana (US). Sceloporus arenicolus,
C. collaris, G. wislizenii and P. cornutum are considered habitat specialists; all other species are habitat generalists.
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(FracSD). Higher site scores were found at 14 sites (node
5, Fig. 1–2) with irregularly shaped patches of Shinoak
duneland (FracSD  1.17) where S. consobrinus was absent,
and lower site scores were further subdivided by latitude.
Above 33.2849° latitude, 12 sites contained compactly
shaped patches of Shinoak duneland (FracSD  1.17;
node 4, Fig. 1–2) where A. marmorata was absent. Below
this latitude, the remaining 18 sites where A. marmorata
was present were split by number of disjunct core areas for
grassland (NDCA_GR). Higher site scores were found
at 5 sites (node 2, Fig. 1–2) surrounded by few patches of
grasslands (NDCA_GR  52.5) where H. maculata and
S. consobrinus were absent. Lower scores were found at 13
sites (node 3) surrounded by many patches of grasslands
(NDCA_GR  52.5) where H. maculata and S. consobrinus
were present.
In summary, clumped species loss differentiated node
1 from all other nodes at each scale, and was driven by
the replacement of G. wislizenii and P. cornutum south of
32.5387° latitude with S. arenicolus and S. consobrinus to
the north (Fig. 2, red box). North of this latitude, spatial
patterns of nestedness involving C. collaris, H. maculata,
S. consobrinus, and A. marmorata were associated with different landscape variables at each scale. Largest patch index and
interspersion and juxtaposition index of Shinoak duneland,
as well as patch area of Shinoak shrubland around Shinoak
duneland, defined the pattern of nestedness at the 20 ha
scale. At the 100 ha scale, proximity of Shinoak duneland
to Shinoak shrubland, landscape shape index of grasslands
surrounding Shinoak duneland, and mean radius of gyration
of Shinoak duneland explained the pattern of nestedness.
Proximity of Shinoak duneland to Shinoak shrubland was
informative again at the 1000 ha scale, along with the fractal dimension of Shinoak duneland and number of disjunct
core areas of grasslands around Shinoak duneland.

Discussion
We identified a pattern of nested subsets with clumped
species loss in this lizard metacommunity that was best
explained by the spatial configuration of matrix habitats surrounding focal Shinoak duneland habitats at multiple scales.
The quality of focal Shinoak duneland habitat, measured by
LPI, was important in explaining metacommunity structure
only at the 20 ha scale between 32.5387° and 33.3101° latitude. Although our analyses included connectivity metrics
for the focal Shinoak duneland habitat, they were not shown
to be important at any scale in this study. Recent metacommunity studies have used landscape connectivity of focal
habitats as a proxy for dispersal to distinguish among alternative metacommunity models, but they have yet to incorporate other measures of landscape heterogeneity describing
connectivity between matrix and focal habitats that might
also influence species dispersal (Logue et al. 2011, Meynard
et al. 2013). Under this traditional focal habitat perspective of metacommunity theory, the results above might have
led to the conclusion that dispersal is unimportant relative
to the process of environmental filtering and that a species
sorting model of community assembly should apply. Such
a conclusion would, however, have missed the much larger
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contributions of landscape composition and the spatial configuration of matrix habitats relative to focal habitats that
shaped metacommunity structure through a landscape–
dispersal interaction. Indeed, these results were most consistent with the mass effects model of metacommunity theory
as interpreted by landscape contrast, which predicts that
species perceive a gradient landscape and can persist in a
range of low-quality matrix habitats, despite reduced ﬁtness
from environmental filters or species interactions, provided
that nearby supplemental or high-quality focal habitats act
as a continuous source (Table 1; Pulliam 1988, Biswas and
Wagner 2012). Our study is the first to illustrate how this
landscape–dispersal interaction can be observed through the
lens of landscape contrast and used to distinguish among
alternative metacommunity models of species assembly at
different scales and in different biogeographic contexts.
The apparent importance of mass effects observed here
also supported the role of distinct niche requirements
among species in determining metacommunity structure,
as the species pool of lizards in this ecosystem consisted
of a mix of habitat specialists and generalists (Pandit et al.
2009). In the Mescalero Sands, some generalists such as U.
stansburiana and A. sexlineata were ubiquitous, reflecting their extreme tolerance for a tremendous number of
different dry habitats and ability to disperse among them.
Other generalists like A. marmorata, H. maculata, and S.
consobrinus were nearly ubiquitous; their distributions
each seemingly determined by a unique range of matrix
habitat types surrounding focal Shinoak duneland habitats. Alternatively, the localized presence of specialist species, such as the dune-dwelling, endemic S. arenicolus, the
saxicolous C. collaris, and species using open flatlands, G.
wislizenii and P. cornutum, was likely constrained by the
locations of their specific habitats relative to their dispersal ability, or functional grain, across the metacommunity
(Hibbitts et al. 2013, Leavitt and Fitzgerald 2013, Ryberg
et al. 2013). These distributional differences among species
highlighted the importance of a landscape–dispersal perspective, where landscape composition and structure, together
with varying niche requirements of species, set the stage for
how species have dispersed and the extent to which their
populations were rescued via dispersal, in accordance with
the mass effects model of metacommunity structure as interpreted by landscape contrast. In ecosystems with relatively
large species pools compared to ours, a correspondingly
broader range of variation in other species attributes such
as body size may also contribute to variation in species’
functional grain (McCann et al. 2005) and thus cause
different patterns of metacommunity structure to manifest
at different scales.
These results also addressed a call for empirical advancements in metacommunity research focused on ecosystems
with indistinct boundaries, or quasi-metacommunities,
comprised of species with different functional grains (Logue
et al. 2011). As we demonstrated here, extending metacommunity theory to a broader range of ecosystems required
incorporation of explicit spatial relationships between many
elements of landscape heterogeneity beyond the focal habitat
connectivity measures that have worked well for relatively
insular systems (Jacobson and Peres-Neto 2010). The concept of landscape contrast put forth by Biswas and Wagner

(2012) provided a theoretical basis for integrating discreteto-continuous forms of landscape heterogeneity into the
metacommunity framework and helped guide our approach
to understanding the landscape–dispersal interaction in
this system. Additionally, by bringing together EMS and
regression tree analysis to identify landscape metrics that
best explained patterns of metacommunity structure, our
approach provided a spatially explicit description of how
and where the landscape–dispersal interaction shaped metacommunity structure across scales allowing us to distinguish
among different metacommunity models in different biogeographic contexts and at different scales.
The best evidence supporting the potential importance of
different metacommunity models in different biogeographic
contexts was observed at the 20 ha scale. At that scale, the
quality of focal Shinoak duneland habitat was found to be
important in explaining metacommunity structure between
32.5387° and 33.3101° latitude (orange box, Fig. 2),
whereas the number and size of different habitat types surrounding Shinoak duneland best explained metacommunity
structure above 33.3101° latitude (brown and blue boxes,
Fig. 2). These observations suggested that lizards perceived a
mosaic landscape and assembled according to a species sorting model between 32.5387° and 33.3101° latitude, but
then perceived a gradient landscape and assembled according to a mass effects model north of 33.3101° latitude. While
such context-dependent metacommunity models were not
observed at the 100 and 1000 ha scales, clear shifts in the
landscape metrics that best explained patterns of metacommunity structure were consistently observed across scales
at 32.5387° and 33.3101° latitude (Fig. 2). These analyses
at larger geographic scales indicated more regional factors
(e.g. spatial configuration of matrix habitats surrounding
Shinoak duneland) influenced metacommunity structure,
and consequently supported a mass effects model of community assembly over a species sorting model in that particular biogeographic context (Jenkins and Ricklefs 2011).
These observations clearly illustrate how different metacommunity models can be relevant in different biogeographic
contexts and at different spatial scales, even within the same
system (Freestone and Inouye 2006, Jacobson and PeresNeto 2010). Rather than identify a single metacommunity
model that best explains the processes important to structuring metacommunities, an important feature of our analytical
approach is the ability to identify where and at what scale
different metacommunity models are likely to best describe
metacommunity structure in real landscapes.
Debates on the role that scale plays in identifying mechanisms of metacommunity assembly have received increasing
attention (Chase 2014, Garzon-Lopez et al. 2014). Such
discussions of scale are inevitable in community ecology
(Levin 1992), and many of those discussions have been
critical to progress in analyzing metacommunity data sets
(Logue et al. 2011, Meynard et al. 2013). We believe our
approach complements these other metacommunity analyses, such as variance partitioning methodologies designed to
tease apart the relative roles of environmental ﬁltering and
spatial structure (i.e. dispersal limitation) in metacommunity data, by providing a biogeographic context or landscape
template for such interactions. Indeed, local species groupings within particular biogeographic contexts across the

landscape may result from a variety of traditionally recognized mechanisms, such as hierarchical filters (Anderson
et al. 2011), stochastic species loss (Pimm et al. 1988),
and other types of biotic interactions (e.g. productivity,
Chase and Ryberg 2004; predation, Ryberg et al. 2012).
Our approach does not negate the role of these processes.
Rather, it frames those processes across the mesoscale (i.e.
at different scales) by accounting for the contributions of
multiple landscape elements that determine the spatially
explicit context of metacommunity structure and the
physical template that metacommunities occupy. Only by
combining these different analytical approaches will we be
able to elucidate how structure of natural communities is
determined by congruence in the shared set of ecological,
historical, and geographic processes shaping populations
of all the species in the metacommunity across scales.
In conclusion, our study demonstrated how the diversity,
area, and configuration of multiple habitat types together has
driven metacommunity structure of lizards at different scales
and in different biogeographic contexts in the Mescalero
Sands. In our system, landscape composition and structure
outweighed the importance of focal habitat connectivity presumably because of the mix of generalists and specialists in
the regional species pool. As such, our results illustrated how
landscape composition and structure, together with varying
niche requirements of species, set the stage for how species
dispersed and the extent to which their populations were
rescued via dispersal, in accordance with the mass effects
model of metacommunity structure as interpreted by landscape contrast. Traditionally, metacommunity analyses have
not explicitly incorporated landscape determinants of metacommunity structure, and thus have not disentangled the
landscape–dispersal interaction. By integrating explicit landscape heterogeneity into the metacommunity framework,
our approach provided a spatially explicit description of how
and where the landscape–dispersal interaction shaped metacommunity structure across scales and is directly applicable
to many systems, especially those with indistinct boundaries.
Additionally, by operationalizing the link between landscape
contrast and metacommunity theory, our approach complements other analytical methods designed to tease apart the
relative roles of environmental filtering and spatial structure
in metacommunity data. Finally, our approach enhances
the practical relevance and predictive power of metacommunity theory for future research in ecosystems like the
Mescalero Sands, which is currently subject to increasing
landscape contrast as the Shinoak dunelands become fragmented, degraded, and homogenized, and matrix habitats
become more inhospitable. This conversion to a more binary
landscape in certain parts of the Mescalero Sands has already
shifted the population dynamics of one species, S. arenicolus,
from source-sink to colonization–extinction (Leavitt and
Fitzgerald 2013, Ryberg et al. 2013, 2015). Thus, our expectation for the Mescalero Sands and other ecosystems experiencing fragmentation, is that metacommunity structure
will increasingly be determined by colonization–extinction
dynamics of species occupying more binary landscapes.
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